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Abstract

Wetlands are amongst the most valuable natural resources thatqvide many ad-
vantages to the ecosystem and humans. Therefore, their mapgiand monitoring is
crucial. In today's dynamic world, where vast areas require obsation with increas-
ing frequency, remote sensing is an accessible, cost e ective wdyeovironmental
monitoring.

This thesis proposes novel remote sensing methods for mappingl anonitoring
wetlands and other complicated land covers and facilitates this by @posing alter-
native pre-processing or post-processing techniques. In Chap®, a comprehensive
literature review was conducted that elaborates on di erent aspts of wetland stud-
ies. Various methods for wetland classi cation, along with the benés and limita-
tions of each, were provided, and areas which could be improved werighlighted.
In Chapter 3, an innovative Iter was proposed for reducing spetk in Synthetic
Aperture RADAR (SAR) images, which is considered an important prprocessing
step for land cover classi cation using SAR data. The proposed Ilteapplies window
sizes to each pixel based on the size of the object in which the pixeplaced. The
Iter was applied to two simulated and two real SAR images in both singlehannel
and full-polarimetric cases, and the lter results were comparableotseveral state-of-
the-art Iters. In Chapter 4, wetlands in four pilot sites within Newfoundland and
Labrador were classi ed using multi-temporal RADARSAT-2 imageryby applying
the proposed method for segmentation of SAR images. The covawia matrix was
found to be a valuable feature, although textural and ratio feates slightly increased

the overall accuracy of wetland mapping. Furthermore, Augustas determined to be



the best month for wetland classi cation. In Chapter 5, an innovate dynamic clas-
si cation scheme was proposed for mapping complicated land covels this method,
objects are not assigned labels simultaneously, but di erent classare mapped us-
ing a separate feature selection and classi cation. The proposectthod was applied
to wetlands in NL and increased the wetland accuracy by up to 25% ropared to
the classic mapping scheme. Finally, in Chapter 6, a change detectischeme was
presented using full-polarimetric SAR data by considering neighbduwod informa-
tion, which proved e ective in detecting changes in land covers antherefore, can be
applied to various environments including wetlands.

Overall, the methods proposed herein o er novel and accuratedeniques for the
classi cation of complex land cover types, such as wetlands in NL, 6ada that may

be applied in other areas of the world in future studies.
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Chapter 1

Introduction

1.1 Background

\Wetland is a land transitional between terrestrial and aquatic syems, where
the water table is usually at or near the surface or the land is coveteoy shallow
water" [1]. Wetlands provide numerous advantages to the envirorent and humans,
such as puri cation of water, protection from natural hazards,and conservation of
soil and water [2{4]. Although wetlands cover about 7 million square kitoetres
of the earth, they are degrading quickly [5] as a result of extensiground water
extraction, irrigation, and drainage [6]. Therefore, mapping and nmitoring wetlands
is important for their conservation.

Many wetland inventories have been developed since the value of amrtls and
the potential of Remote Sensing (RS) for wetland mapping have beeealized. A
prerequisite for producing wetland inventories is developing classaton methods

that can be widely applied to eld-based and RS methods. RS, as a t@sective and



timely option, has been popular among researchers considering tieed for frequent
maps with large coverages [7].

Although RS methods have advanced considerably, wetland classiton using
RS remains a challenging task [8,9]. There are several reasons fos,tamong which
are the high spectral similarity of wetlands with each other and with an-wetland
classes and the high spatial and temporal variability of wetlands [108]. However,
RS techniques are still preferred and, therefore, the developmeof innovative and
e ective RS methods for the purpose of wetland mapping with minimaheed ofin

situ measurements is necessary.

1.2 Research Motivations and Objectives

With the above introduction, there are several motivations behindhis research.
For example, although a number of review papers have been publidhen wet-
lands [7,11,14], there is a need for a comprehensive literature revi@hich considers
various aspects of wetland studies, including di erent classi catiormethods along
with bene ts and limitations of each.

Moreover, considering that Newfoundland and Labrador (NL) is th only province
in Atlantic Canada that lacks a provincial wetland map [15] and appraxnately 14%
of Canada is covered by wetlands [16] many of which are located in i@ locales,n
situ monitoring of wetlands is almost impossible due to issues of time and emage
limitation, laboriousness, and cost. Therefore, RS is a valuable tofolr practical and
operational mapping and monitoring of wetlands. However, due tdé high number

of similarities among di erent wetland classes, wetland classi cation ia challenging



task from a RS perspective. Therefore, few robust RS methodave been proposed
that speci cally t wetland characteristics. Moreover, freely avalable satellite images
have not been adequately used for this purpose.

At the same time, monitoring land covers including wetlands demandgpropriate
change detection techniques. However, there are few SAR chanigtection techniques
for land cover monitoring which yield noiseless, connected change@as, which are
necessary in order to make correct managerial decisions.

Based on the above discussion, the objectives of this research ar:

1. Conduct a comprehensive literature review of wetland classi dan using satel-

lite imagery that considers various aspects of wetland studies.

2. Propose a speckle reduction method as a preprocessing stepvetland classi-

cation that Iters each pixel based on the size of the object in whik the pixel

is located.

3. Evaluate the potential of multi-temporal Polarimetric SAR (PolSAR) data for
wetland mapping and determine the optimal feature and time for wkind clas-

si cation using SAR data.

4. Propose a novel dynamic classi cation scheme for mapping spediy similar
classes, including those of wetlands, using a combination of SynticeAperture
Radar (SAR), optical, and other types of RS data. This method alsevaluates

the potential of freely available satellite data.

5. Detect changes in land covers by utilizing neighbourhood informah using the

ratio of total power (span) of the images before and after the ent.

3



1.3 Research Methodology

In order to achieve the objectives described above, a number dfidies with
methodologies speci c to each were conducted. First, a literatuneview was per-
formed to gain a deeper understanding of wetland characteristias terms of RS.
Second, an innovative method was introduced for speckle reduction SAR images
as a preprocessing step for wetland classi cation using SAR imageryhird, the
potential of multi-temporal PoISAR data for wetland mapping was ealuated. This
determined the most appropriate feature and month for conduicty wetland studies.
Fourth, a dynamic classi cation scheme was proposed for mappingextrally sim-
ilar classes, including those of wetlands. The proposed method is gpy useful
for wetland classi cation and also utilizes freely available satellite dataFinally, a
change detection approach was suggested using neighbourhoddrimation to mon-
itor changes in various land covers including wetlands. A summary ch@& segment

of the research is provided below.

1.3.1 Literature Review
1.3.1.1 Overview and Problem Statement

There are a number of literature review papers dealing with wetlandassi ca-
tion. Nevertheless, there is a need for a comprehensive review indhg wetland
importance, the requirement of wetland mapping and monitoring, aha complete
description of the methods for wetland classi cation. The aim of thigart of the
research was to familiarize readers with di erent aspects of wetldrstudies. Initially,

the importance, characteristics, and challenges of wetlands wergroduced. Then,
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a thorough discussion of various RS approaches for wetland clasation along with

the drawbacks and bene ts of each were provided.

1.3.1.2 Contribution(s) to the Body of Knowledge

This review provides novel insights on wetland classi cation througlthe use of
di erent techniques, such as optical, SAR, UAV, and hyperspectt imagery. The
existing research on wetland classi cation is either outdated or ceiders only a single

aspect of wetland classi cation.

1.3.1.3 Overall Progress

This task has been completed and a review paper, resulting from thieork, has

been published in theGlScience & Remote Sensingpurnal.

1.3.2 Speckle Filtering of SAR Images using Filters with
Object-size Adapted Windows
1.3.2.1 Overview and Problem Statement

Speckle negatively a ects the radiometric quality of a SAR image. Mopreviously
proposed lters for reducing speckle in SAR image have used a xets window for
Itering the entire image. This, however, might not be e ective for land covers with
di erent sizes, such as wetlands. Therefore, in this part of reseh, a novel lter
was proposed by which the pixels within the image are Itered with a winolv size

proportional to the size of the object within which the pixel is locatd.



1.3.2.2 Methodology

In the proposed method, the optimal window size was determined $&d on the
minimum standard deviation associated with the in-phase and the qdeature com-
ponents of the SAR images. Afterwards, the obtained window sizerfeach pixel
was applied to lter that pixel in the intensity image. The proposed méod was
presented for both single-channel and polarimetric SAR images, cathe results of

several common lters were modi ed and presented.

1.3.2.3 Contribution(s) to the Body of Knowledge

The majority of previously proposed speckle Iters use a xed winde size (see
Section 1.3.2.1 for details). Using the proposed method, howevell, @bjects within

the image are ltered with a window size proportional to their area.

1.3.2.4 Overall Progress

This task is completed, and the resulting paper has been published inetinter-

national Journal of Digital Earth.

1.3.3 Object-based Wetland Mapping in NL Using Multi-
Temporal PoISAR Data
1.3.3.1 Overview and Problem Statement

A considerable part of NL is covered by wetlands, but this province ¢is a provin-
cial wetland inventory. In this study, multi-temporal SAR data were analyzed for

wetland classi cation at four pilot sites across NL using an alternate segmentation



method, since the current segmentation methods of SAR imagesrev@ot as e ective

as those proposed for optical images.

1.3.3.2 Methodology

In this study, object-based classi cation using the proposed segntation method
was compared to pixel-based classi cation. Next, the multi-tempai wetland classi-
cation was compared to the conventional single-date classi catioin each pilot site.

Finally, an evaluation of the ratio and textural features was also péormed.

1.3.3.3 Contribution(s) to the Body of Knowledge

As mentioned before, NL is the only province in Atlantic Canada which tks a
comprehensive wetland inventory. In this part of the work, four fot sites within
NL were classi ed, which is the initial step for classifying the entire mvince. Addi-
tionally, an alternative segmentation method of SAR images was proped based on
optical images. Moreover, the potential of ratio and textural fatures was evaluated

in this work, which is not common in previous studies of wetland classiation.

1.3.3.4 Overall Progress

This task is completed, and the resulting paper has been published hretCanadian

Journal of Remote Sensing



1.3.4 A Novel Dynamic Classi cation Scheme for Mapping
Spectrally Similar Classes
1.3.4.1 Overview and Problem Statement

Feature selection is necessary for classi cation of complicated landvers when
numerous features are available. Although high overall accuraciean be obtained
when selected features are used for mapping spectrally similar csssuch as wet-
lands, some poor individual class accuracies may also exist. One oeasight be that
a single feature subset may not be useful for the discrimination of pairs of classes.
Moreover, overall accuracy can be inuenced by the accuracy affew classes that
are spectrally distinct. In this part of the research, a novel methd for classi cation
of complicated land covers was proposed that maps each class indraillly using a

separate feature selection and classi cation.

1.3.4.2 Methodology

In this study, the classes were not mapped simultaneously, but veeclassi ed
individually with a di erent feature selection associated with each. Fodetermining
the order of the classes and the merging scheme introduced in thappr, spectral
analysis was utilized. The proposed method was applied to wetland dasation

using data from ve pilot sites throughout NL, Canada.

1.3.4.3 Contribution(s) to the Body of Knowledge

Determining a classi cation order, a merging scheme, and, in genéranapping

various classes separately are unprecedented in the RS commuyratyd proved very



useful for wetland classi cation.

1.3.4.4 Overall Progress

This task is completed, and the yielded paper has been submitted,dhis currently

under review

1.3.5 A Synthetic Aperture Radar change detection method

based on neighbourhood information
1.3.5.1 Overview and Problem Statement

Change detection using SAR images is valuable because of their all-teg day
and night acquisition capabilities. As a result of the presence of sjég considering
neighbourhood information in SAR images is recommended for morecarate change
detection. Based on this fact, a polarimetric change detection indevas proposed
which uses the ratio of span (total power) values to detect chaag between two

full-polarimetric SAR images.

1.3.5.2 Methodology

In this study, a single-channel index based on neighbourhood infoation was
extended to full polarimetric SAR data. In the proposed index, theatio of span
(total power) was considered for both the central pixel and itsgighbourhood, and a
weight parameter was used to adjust the e ect of central versusurrounding pixels.
Since a long-term dataset of SAR images from NL was not available dtet time of

conducting this research, the proposed index was applied to ddatehanges caused



by a ooding event in Dongting lake, Hunan, China.

1.3.5.3 Contribution(s) to the Body of Knowledge

While there are very few studies that consider neighbourhood infoation for SAR
change detection, this study proposed a full polarimetric SAR chge detection index
based on neighbourhood information that produces less noisy andm connected

changed areas compared to other measures.

1.3.5.4 Overall Progress

This task has been completed, and the resulting paper has been suted, and

is currently under review

1.4 Achievements

The overall ndings of this study have been presented in a numbef éormats in-
cluding a book chapter, peer-reviewed journal papers, confece papers and presen-
tations, a software package, and a website. The details can beridun the following

sections.

1.4.1 Book Chapter

Salehi, B., Mahdianpari, M., Amani, M., Mohammadimanesh, F., Granged].,
Mahdavi, S. , Brisco, B., 2018, \A collection of novel algorithms for wetland

classi cation with SAR and optical data", under review InTech Open
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1.4.2 Journal Papers

Mahdavi, S. , Salehi, B., Granger, J., Amani, M., Brisco, B., Huang, W.,
\Remote sensing for wetland classi cation: a comprehensive reviev2017, Gl-

Science & Remote Sensingb, 5, 623-658.

Mahdavi, S. , Salehi, B., Moloney, C., Huang, W., and Brisco, B. \Speckle |-
tering of Synthetic Aperture Radar images using Iters with objectsize-adapted

windows", 2017,International Journal of Digital Earth, 11, 7, 703-729.

Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang., W., Han-
son, A., \Object-based classi cation of wetlands in Newfoundlandral Labrador
using multi-temporal PoISAR data", 2017,Canadian Journal of Remote Sens-

ing, 43, 5, 432-450.

Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang, W.,
\A novel dynamic classi cation scheme for mapping spectrally similarlasses:

application to wetland classi cation”, 2018,under review

Mahdavi, S. , Salehi, B., Amani, M., Brisco, B., Huang, W., \A polarimetric
Synthetic Aperture RADAR index based on neighbourhood informain”, 2018,

under review

Amani, M., Salehi, B., Mahdavi, S. , Brisco, B., Shehata, M., \A Multiple
Classi er System to improve mapping complex land covers: a case dyuof
wetland classi cation using SAR data in Newfoundland, Canada”, 2@l Inter-

national Journal of Remote Sensingln press
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Mahdianpari, M., Salehi, B., Mohammadimanesh, F., Brisco, B.Mahdavi,
S., Amani, M., Granger, J. E., \A novel approach for object-based atland
classi cation of PoISAR data using Fisher-based Random Forest algim®”,

2018,Remote Sensing of Environment206, 300-317.

Amani, M., Salehi, B., Mahdavi, S. , Granger, J., Brisco, B., \Wetland clas-
si cation in Newfoundland and Labrador using multi-source SAR and tical

data integration"”, 2017, GIScience and Remote Sensing4, 6, 779-796.

Amani, M., Salehi, B.,Mahdavi, S. , Granger, J., Brisco, B., \Wetland Classi-
cation Using Multi-Source and Multi-Temporal Optical Remote Sensg Data
in Newfoundland and Labrador, Canada", 2017Canadian Journal of Remote

Sensing 43, 4, 360-373.

Amani, M., Salehi, B., Mahdavi, S. , Brisco, B., \Spectral analysis of wet-
lands using multi-source optical satellite imagery”, 2018|SPRS Journal of

Photogrammetry and Remote Sensind44, 119-136.

Amani, M., Salehi, B., Mahdavi, S., Brisco, B., Separability Analysis of Wet

lands Using Multi-source SAR data, 2018nder review

1.4.3 Conference Papers

Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang., W., \A
dynamic hierarchical feature selection method for object-basethssi cation of
wetlands", 2017, inInternational Geoscience and Remote Sensing Symposium

(IGARSS) 2017 proceedings, Fort Worth, Texas, USA.
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Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang, W., \A
novel method for classi cation of complicated land covers using Rete Sens-
ing techniques”, 2017, inNewfoundland Electrical and Computer Engineering
Conference (NECEC) proceedings, St. John's, Newfoundland and Labrador,

Canada.

Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang, W.,
\An investigation into the capability of various Synthetic Aperture RADAR

(SAR) sensors for wetland classi cation in Newfoundland and Labder”, 2017,
in IGTF 2017, ASPRS Annual Conferenceproceedings, Baltimore, Maryland,

USA.

Mahdavi, S. , Salehi, B., Moloney, C., Huang, W., and Brisco, B., \A new
method for speckle reduction in Synthetic Aperture RADAR (SAR) inages
using optimal window size", 2017, i®th Symposium of the International Society

for Digital Earth (ISDE) proceedings, 2015, Halifax, Nova Scotia, Canada.

Amani, M., Salehi, B., Mahdavi, S. , Granger, J., \Spectral analysis of wet-
lands in Newfoundland using Sentinel 2A and Landsat 8 imagery”, 2D1in
IGTF 2017, ASPRS Annual Conferenceproceedings, Baltimore, Maryland,

USA.

Amani, M., Salehi, B., Mahdavi, S. , Granger, J., Brisco, B. \Evaluation
of multi-temporal Landsat 8 data for wetland classi cation in Newfoindland,
Canada”, 2017, inInternational Geoscience and Remote Sensing Symposium

(IGARSS) 2017 proceedings, Fort Worth, Texas, USA.
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Amani, M., Salehi, B., Mahdavi, S. , Granger, J., \An Operational Wetland
Classi cation Model in Newfoundland and Labrador using Advanced &note
Sensing Methods", 2017, iNewfoundland Electrical and Computer Engineering
Conference (NECEC) proceedings, St. John's, Newfoundland and Labrador,

Canada.

1.4.4 Conference Presentations

Mahdavi, S. , Salehi, B., Amani, M., Brisco, B., Huang, W., \An operational
method for wetland classi cation in Newfoundland and Labrador usm pub-
licly available satellite data", 2017,Geomatics Atlantic Conference St. John's,

Newfoundland and Labrador, Canada.

Mahdavi, S. , Salehi, B., Amani, M., Granger, J., Brisco, B., Huang., W.,
2016, \Object-based, multi-Temporal SAR analysis for wetland csi cation in
Newfoundland and Labrador",37th Canadian Symposium on Remote Sensing

(CSRS), Winnipeg, Manitoba, Canada.

Mahdavi, S. , Salehi, B., Brisco, B., Huang., W., 2015, \Object-Based clas-
si cation of wetlands using optical and SAR data with a compound kerel in
Support Vector Machine", American Geophysical Union (AGU) Fall Meeting

San Francisco, California, USA

Mahdavi, S. , Maghsoudi, Y., Salehi, B., \A Speckle ltering approach of SAR
data based on a coherent decomposition”, 201%/th Canadian Symposium for
Remote Sensing Conference (CSRS$t. Johns, Newfoundland and Labrador,

Canada.
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1.4.5 A Software Package

The candidate contributed to developing a software package in CGRE named
Advanced Remote Sensing Lab (ARSeL) which includes various RS aitjums for

wetland classi cation.

1.4.6 A Website

The candidate contributed to developing a website (http://nlwetlards.ca/) which
includes the nal maps of pilot sites as well as other information abouvetlands
in Newfoundland and Labrador. In fact, the maps illustrated on thewvebsite were
obtained during this research by using the novel dynamic classi dah scheme intro-

duced in Chapter 5.

1.5 Organization of the Thesis

This thesis is organized as follows. Chapter 2 provides a compreheaditerature
review of wetland classi cation using various RS methods. In Chapt@, the speckle
reduction lter is elaborated upon. Wetland classi cation using multitemporal Pol-
SAR data and the novel dynamic classi cation scheme are explained @hapters 4
and 5, respectively. Change detection for land cover monitoringing neighbourhood
information is discussed in Chapter 6, before the concluding remarlare presented

in Chapter 7.
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Chapter 2

Literature Review

2.1 Preface

In this chapter, a complete literature review was conducted on vaus aspects
of wetland studies, and di erent algorithms for wetland classi catim using satellite
imagery. The paper resulted from this chapter has been published tine GlScience

& Remote SensingJournal.

2.2 Abstract

Wetlands are valuable natural resources which provide many berig to the envi-
ronment. Therefore, mapping wetlands is crucially important. Seval review papers
on Remote Sensing (RS) of wetlands have been published thus faoweéver, there is
no recent review paper that contains an inclusive description of thmportance of wet-
lands, the urgent need for wetland classi cation, along with a thonagh explanation of

the existing methods for wetland mapping using RS methods. This &te attempts
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to provide readers with an exhaustive review regarding di erent g®cts of wetland
studies. First, the readers are acquainted with the characteriss, importance, and
challenges of wetlands. Then, various RS approaches for wetlandssi cation are
discussed along with their advantages and disadvantages. Thegpm@aches include
wetland classi cation using aerial, multispectral, Synthetic Apertue Radar (SAR),
and several other datasets. Dierent pixel-based and objectaled algorithms for
wetland classi cation are also explored in this study. The most impoant conclu-
sions drawn from the literature are that the red edge and near irdred bands are the
best optical bands for wetland delineation. In terms of SAR imagerjarge incidence
angles, short wavelengths, and HV (horizontal transmission ancestical reception)
polarization are best for detecting herbaceous wetlands, while simacidence angles,
long wavelengths, and HH (horizontal transmission and receptiorpolarization are

appropriate for mapping forested wetlands.

2.3 Introduction

\Wetland is a land transitional between terrestrial and aquatic syems, where
the water table is usually at or near the surface or the land is coveteoy shallow
water" [1], and provide vital habitats for several unique species obra and fauna.
Some of the bene ts associated with wetlands are water puri catig protection from
natural hazards, conservation of soil and water, as well as reational values [2{4].
According to [5], wetlands cover at least 7 million square kilometers ohe earth.
Unfortunately, however, wetlands are prone to an acceleratecgradation [6] due to

extensive irrigation practices, extraction of ground water, andrdinage [7]. Further-
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more, many wetlands have been changed to urban or agriculturahids. In fact, thus
far up to 57% of the worlds wetlands have been converted or lost [8]. Therefore,
mapping and monitoring wetlands is of crucial importance.

Many stakeholders have realized the value of wetlands as well as thigh po-
tential of Remote Sensing (RS) for mapping these valuable natura¢sources, and
consequently have developed di erent wetland inventories for thigurpose. Wetland
inventories can be de ned as maps illustrating the area and the digiution of wet-
lands over geographical regions, and are useful tools for evalagtthe e ectiveness
of wetland polices. Producing wetland inventories, however, dends) developing
classi cation schemes to describe the type of wetland classes torhapped. Conse-
guently, for implementation of classi cation schemes numerous ckation methods
were generated, which can be widely divided to eld-based and RS rhetls. Unlike
eld-based methods, RS is a cost-e ective tool which is capable ofguiring frequent
measurements from inaccessible places and providing timely inforneat. Given the
current need for up-to-date information, as well as the wide spad coverage of wetland
maps, satellite RS has been demonstrated to be the most e cient dncost-e ective
method for this purpose [9].

Despite many advances in RS technology, wetland classi cation is stél chal-
lenging task from the RS perspective [10,11]. A major reason forighdi culty is
that although each of the wetland classes have several distinctiglaracteristics, they
share some ecological similarities with each other [12], and with otheomwetland
classes [13]. For example, the vegetation within bog and fen are veiynilar to each
other. However, bog's only source of water is precipitation, whilerfenas other water

sources as well. This fact sometimes make their shape di erent. Tie¢ore, di erent
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wetlands exhibit similar spectral and/or backscattering informatio in RS imagery.
In addition, wetlands vary signi cantly in space and time [14, 15]. Desfe these
di culties, RS approaches are preferential, especially since eld wkris the poten-
tial alternative, which is a laborious, comparatively costly, and timesonsuming task.
Therefore, many studies have attempted to develop innovative dre ective RS meth-
ods for the purpose of wetland mapping with minimal need of in situ mearements.

There are several review papers published on wetland classi cati@amd various
challenges associated with this task. For instance, [9] conducted imclusive review
on various sensors used for wetland mapping and monitoring, in whi&AR sensors
were covered in a small section. Di erent methods for the classi tan of wetlands,
including aerial photo interpretation, and unsupervised and supeised classi cation
methods, were also investigated in this review paper. [13] also prasel a comprehen-
sive review on wetland detection using Synthetic Aperture Radar fR) sensors. This
review provides the readers with considerable insights on the beteand limitations
of SAR sensors for wetland detection. Besides, it advises the sen choosing the ap-
propriate sensor con guration. In another paper, [16] reviewedetland classi cation
using multispectral and hyperspectral RS sensors, and explorsgectral characteris-
tics of various vegetation within wetlands. Similarly, [17] did a thorouig and useful
literature review on object-based wetland classi cation and expled object-oriented
mapping of wetlands in terms of its pros and cons, and the element$ich a ect its
accuracy. Additionally, [14] explained RS methods brie y for wetlanctlassi cation
and investigated the challenges of mapping wetlands. Finally, [18] irsteyated the
SAR RS methods for mapping and monitoring surface water and wetlds.

Each of the mentioned reviews has explored wetland classi catiorofn a specic
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point of view. Therefore, there is a need for a more inclusive literatei review, which
contains an introduction to wetland importance and the reason fahe need on wet-
land mapping and monitoring, as well as a diverse description of then@us methods
for classifying and monitoring wetlands using RS. In this review, theima is not to

simply report the method and results of each study, but rather,a recapitulate the
research on a variety of subjects and present the bene ts and lit@tions associated
with each. This review is especially useful for the users who intendlb@come familiar
with characteristics and importance of wetlands, and also need angeal knowledge on
the classi cation of wetlands to decide what approach conforms tbeir requirements
in the best way.

This paper is organized as follows. First, various de nitions of wetlals are pro-
vided. Then, the bene ts and extent of wetlands, and the threaning rate of wetland
loss are reviewed. Wetland inventories and classi cation schemeg aiscussed in the
next section.

Wetland classi cation methods and their features are then prestsd on an indi-
vidual basis. Readers are also referred to several studies, whidve utilized each
method of wetland classi cation. In addition, the bene ts of objetbased compared
to pixel-based classi cation are presented in this section. Furthgvarious classi ers
for wetland mapping are explored and reviewed. Finally, the summaimnd conclu-

sions, along with some recommendations for the future, are proeil
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2.4 Wetland De nition

Although wetlands share many similar characteristics, they are hijhvariable in
terms of size, location and hydrology [19], they often constitute ansitional zones on
the edge of explicit terrestrial and aquatic regions [19]. This fact eates di culty
in de ning these natural resources, and is the reason for the etéace of various
de nitions of wetland in the literature [19, 20].

One of the most commonly used de nitions of wetland is provided by thRamsar
Convention [21]: \areas of marsh, fen, peatland or water, whetheatural or arti cial,
permanent or temporary, with water that is static or owing, fresh, brackish or salt,
including areas of marine water the depth of which at low tide does neixceed 6m".

Although this de nition su ces for the majority of international pu rposes, most
nations have their own de nition of wetland developed for various gnti ¢, man-
agerial, and governmental purposes. The United States Fish andildlife Service
(USFWS), for example, de nes wetland as follows [1]: \Wetland is a lantransi-
tional between terrestrial and aquatic systems, where the watéable is usually at
or near the surface or the land is covered by shallow water. For tipeirposes of this
classi cation, wetlands must have one or more of the following thre&ttributes: (i)
at least periodically, the land supports predominantly hydrophytes(ii) the substrate
is predominantly undrained hydric soil; and (iii) the substrate is nonil and is satu-
rated with water or covered by shallow water at some times during ghgrowing season
of each year". Another well-known de nition applied in Canada is de ed by the Na-
tional Wetland Working Group [22]. The group describes a wetland asian area

that is saturated with water long enough to promote wetland or acatic processes as
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indicated by poorly drained soils, hydrophytic vegetation and variaaikinds of biolog-
ical activities that are adapted to a wet environment". To summarie, wetlands can
be described as occupying zones where terrestrial and aquatigioms meet [23], and
share some characteristics of both ecosystems. Notably, wetlancontain water for
some parts of a year [23]. [20] provided a simple de nition of wetlandy imtroducing
three main features by which wetlands can be described: the prese of (i) water;
(ii) hydric solil; and (iii) speci c vegetation adapted to a wet environmet. It is worth
noting that arti cial water bodies are not usually considered as wédands by many

classi cation systems [24].

2.5 Wetland Importance

Since the realization of the potential of RS for various applicationgnany re-
searchers have exploited RS for wetland classi cation/monitoringWetland classi -
cation has attracted much attention amongst RS experts for sekal reasons, including
the numerous advantages associated with wetlands, the consalade global coverage
of wetlands which can be estimated using RS tools, and vulnerability ofetlands to
loss and degradation which can be similarly estimated by application ofSRmethods.
Therefore, in this section, each of those reasons are describedi®t the readers are

acquainted with the signi cance of wetland classi cation at the curent time.

2.5.1 Wetland Advantages

Wetlands are one of the most important natural resources whichrgvide many

advantages to the environment and humans. Puri cation of watemreduction of ood
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risk, protection of shorelines, conservation of soil and water, dation of sediment,
removal of pollution, as well as aesthetic and recreational valueszaonly some of the
bene ts associated with wetlands [2{4]. Wetlands are also a greatigat for hundreds
of plants and animals, including one-third of all species at risk [9,2%R Due to their
vital biological services, wetlands have been called the kidneys otura [27], and are
important indicators of environmental health [28]. Other than the ountless natural
bene ts of wetlands, the local economy is dependent on wetlandsr f sheries and
grazing [29]. Therefore, monitoring wetlands is of vital signi cancegnd the rst step

in monitoring is mapping.

2.5.2 Wetland Geographical Extent

Currently, there are only a few studies which have estimated the ddal coverage
of wetlands. Referenced global estimates are often compiled fraomerous localized
wetland inventories or are predicted using models that apply variougpes of data
inputs. Table 2.1 introduces these studies and illustrates a summaoy their obtained
results. There are, however, disagreements in total estimateflsgbobal wetland extent
among various studies. These disagreements are due, at least int,g@ the di cul-
ties in obtaining accurate and cohesive wetland distribution estimatis from around
the world [30]. Most of the predicted global wetland extents may beoosidered as
minimum estimates, as several countries have not yet completedeen initiated the
collection of wetland inventories [31]. More accurate and improved gial wetland
estimates could be theoretically obtained through the creation anisnplementation

of a global standardization for conducting wetland inventories [30]This is an ideal
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case, however, and the creation of such standardization is a si#gial challenge
that requires the availability of data sets, methods, and funding inlacountries on

the earth.

Table 2.1: Various estimates of the global wetland extent

Estimated Wetland Main Wetland
Study
Extent (million km 2) Locations
7-9 N/A [1]
6.8 Asia and North America  [32]
8-10 Asia and North America  [33]
7.1-26.9 N/A [5]

2.5.3 Wetland Loss

Despite the numerous services provided by wetlands, they wereduently drained
to be replaced with other types of human land use, such as urbanase and agri-
culture, since they had excellent soil for farming [4, 6, 27, 34{37]. tir than land
use, climate change also a ects the integrity of wetlands [4,12, 3&urthermore, wet-
lands have been and continue to be seriously a ected by exhaustiland irrigation,
groundwater extraction, and draining [7]. Drought, salinization, ewophication, and
pollution also negatively a ect wetlands [39{41].

While the statistics regarding destruction of wetlands worldwide areoncerning,
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they are challenging to estimate. This is, in part, due to the lack of higrical doc-
umentation, in addition to the multitude of wetland de nitions and the temporal
variability of these ecosystems [35]. However, there are some old¢dments used by
the USFWS to report on wetland loss between the 1780s to the 183@tating that
approximately 53% of wetlands were lost in the lower 48 states withirDQ years [42].
Documentation of wetland destruction in Canada dates back as éams the 1600s,
during which time at least 85% of salt marsh habitats in the Bay of Fung (between
Nova Scotia and New Brunswick) were drained and dyked by settlercAdians [43].
Other than the few described studies, most research estimatedtiand loss during
the last century, when aerial photographs, satellite imagery, andetailed documen-
tation were extensively available [44{47]. In an assessment of 18Dfished scienti c
studies and reports covering various time periods and geographigj reported that as
much as 54 to 57% of the world wetlands have been converted or lost and was most
accelerated during the 20th and early 21st centuries. Other stig$ have occasionally
reported various amounts of wetland loss. For example, more thdralf of the total
mangrove area in the world was destroyed in recent decades [6]. By tsame token,
more than 60% of the wetlands in Europe and North America have hedrained and

transformed for agricultural use [6].

2.5.4 Wetland Inventories

Since the value of wetlands along with the great potential of RS foretland
mapping/monitoring have been well realized, the concept of wetlanidventory was

developed. Assessing the e ectiveness of wetland policies requaesunderstanding
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of the extent of current wetland resources as well as a basis foertd analysis of
wetland distribution and extent change. A way that this can be donas through
the creation and maintenance of wetland inventories [48,49]. A wetld inventory
is a map that displays the extent and distribution of wetlands over a epgraphical
area. Inventories around the world have been carried out, all witliaried purposes,
methods, and geographical coverages ranging from local to natiwide [49{51].

One example of a nation-wide inventory is the National Wetland Inveary (NWI).
The NWI was established in 1975 by the USFWS and was mainly condudtgia the
manual interpretation of aerial images [52] along with the inclusion afther data
types, such as soil data and topographic maps [53,54]. Since its inmpdatation, the
NWI has mapped wetlands throughout the United States. Anotheexample is the
Canadian Wetland Inventory (CWI). Although Canada had severalprior attempts
for provincial-based inventories, the lack of a national inventory &s not addressed
by Canada until 2002 upon the establishment of the CWI partnersh between Ducks
Unlimited Canada, the Canadian Space Agency, the North American &lands Con-
servation Council, as well as various other institutions [50].

The initiation of wetland inventories was followed by the developmentfowet-
land classi cation systems. Examples of classi cation systems ramdrom the early
peatland classi cations of Europe and North America [27,55] to thglobally ap-
plied and conservation-based Ramsar Wetland Classi cation Systefb6]. Several
classi cation systems address only a speci ¢ wetland type, and adesigned for ap-
plication in speci ¢ situations, and localized geographic contexts, Wk others are
developed for country-wide use [22,57,58]. A major purpose behihe development

of these country-wide classi cation systems is the creation of nahal inventories of
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wetlands. For example, country-wide classi cation systems applieith the context
of North American wetland inventories include the Cowardin Classi cion System
(CCS, Figure 2.1) and Canadian Wetland Classi cation System (CWCSsigure 2.2).

CCS and CWCS are applicable to the United States NWI and the CWI, spectively.

Table 2.2: Classi cation system of wetlands and deep water habitats the United

States (see [57] for more details).

System Description

Open ocean and associated coastline which are: exposed to waveslaurrents,

Marine
in uenced by tides and winds, and have high salinities.
Tidal deep water and wetland habitats open partially to the ocean ard
Estuarine in uenced by some freshwater runo . Salinity levels can vary deperding on
the circumstances.
Wetlands and deep water habitats contained within a channel, a chanel being
Riverine
an open conduit which contains periodically or continually moving water.
Wetlands and deep water habitats found in topographic depressios or dammed
Lacustrine
river channels which occur in sizes greater than 8 hectare.
Non-tidal wetlands dominated by trees, shrubs, and persistent mergent
Palustrine

vegetation.

The classi cation of wetlands and deep water habitats of the Unite&tates (CCS)
was developed in 1979 for use in a nationwide inventory, and was deg for resource

managers. Like many other national classi cation systems, the (&is structured
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WETLANDS AND DEEPWATER HABITATS
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Figure 2.1: Cowardin Classi cation System (CCS, [57])
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hierarchically, beginning with a broadly de ned system level, and mova towards
more speci city at the subsystem and class levels. The classes canforther divided
into subclasses and dominance types. Brief descriptions of eaclkteyn level in the

CCS are provided in Table 2.2.

Table 2.3: Wetland classes de ned by the Canadian Wetland Classi cain System

(see [22] for more details).

Class Description

Bog Ombrotrophic peatland dominated by sphagnum moss species.

Fen Minerotrophic peatland dominated by graminoid species and brow mosses.
Swamp Peatland or mineral wetland dominated by woody vegetation.

Minerotrophic wetland with periodic standing water or slow-moving water,
Marsh
dominated by graminoids, shrubs, forbs, and emergent plants.

Minerotrophic wetland where water is up to 2m deep for most of the yar and,
Shallow Water
where there is less than 25% of emergent plants or woody plants.

Wetlands
Mineral wetlands Organic wetlands (peatlands)
Shallow open water Marshes Swamps Swamps Marshes Bogs Fens

Figure 2.2: Canadian Wetland Classi cation System (CWCS, [59])

33



In a similar vein, though developed some time later, the CWCS was pulsisd
in 1987 by Environment Canada and was last updated in 1997. This $gm was
speci cally designed for practical use by both specialists and nopecialists, as well
as for use in both local and regional contexts [22]. Due to its ovecaing geographical
application, CWCS was selected as the o cial classi cation system ahe CWI [60].
The CWCS de nes a 3 level hierarchy of class, form, and type. Caferies within the
class level are de ned on the basis of broad descriptions of soil, @&gion, hydrology,
and chemistry. Variations in these characteristics designate a etd as being bog,
fen, swamp, marsh, and shallow water wetland classes (Figure 2.8)¢ specics of

which are summarized in Table 2.3.

2.6 Wetland Classi cation Methods

Wetland classi cation grew out of a managerial need [27] to descriltieese highly
diverse ecosystems in a systematic manner, as well as to creatsdiiae references
for the exchange of wetland information across space, time andaines [61]. The
process of wetland classi cation is carried out by grouping wetlandcesystems into
categories on the basis of sharing several common ecological abristics [62] which
are usually described by a classi cation system, as explained in theeprous section.
During the past few decades, diverse approaches have been agpiee mapping and
monitoring wetlands, in which they can be generally divided into traditioal (i.e. in

situ) and RS methods.
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Figure 2.3: Wetlands located in Newfoundland, Canada classi ed follavg the Cana-
dian Wetlands Classi cation System (a) Bog (b) Fen (c) Swamp (d) Mesh (e) Shallow

Water.
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2.6.1 Traditional Wetland Classi cation

Wetland identi cation and classi cation in the eld may variably involve t he ap-
plication of previously established wetland classi cation systems [ZX], wetland eld
guides [63, 64], delineation manuals, and the use of tools and samplingtimedolo-
gies [52]. In situ methodologies have long been used to delineate anaitoo ecosys-
tem structure, function, and condition [65,66]. Many wetlands cabe identi ed by
their characteristic vegetation. This serves as a major basis for-iald wetland iden-
ti cation and classi cation [52]. Both the CWCS and CCS apply vegetaibn-based
descriptions of wetlands. However, vegetation alone cannot alvgaiglentify and clas-
sify a wetland, and assessments of hydrology and hydric soils is alsaessary for this
purpose [52].

Although in situ methodologies are important and necessary for ective wetland
management, at large managerial scales [60], the techniques havenyndisadvan-
tages for wetland mapping. In situ methods are infeasible given thest and time
requirements, as well as the di culties of accessing many wetlandsA large num-
ber of wetlands are located in remote areas, where topographyggetation cover,
and hydrology make eld visitation challenging and costly [17,67{70]. ferefore, re-
liance on eld methodologies alone would mean disregarding many largedadiverse
wetland areas [17]. Moreover, given the temporal variability of wettals over time,
repeated in- eld visitation is necessary [13, 14]. Additionally, classiation using in
situ information often requires cover percentage to be estimatedsually, or needs
other sources of data [14,16]. Consequently, in situ method can feasibly practiced

only in a small geographical context [14{16], despite the current eds of wetland
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information at wider ranges, such as at watershed, continental global scales [14].
On the other hand, RS methods resolve these issues of cost, tirmegessibility, and

repeatability e ectively.

2.6.2 RS-based Wetland Classi cation

In the context of this paper, RS includes using any Earth Observiain (EO) data
such as aerial photos, satellite imagery, and so on. RS provides rerous advan-
tages over the previously described traditional approach. RS is arnparatively cost-
e ective and timely method for the collection of data over a wide areat the same
time. It also allows for repeated measurements in short time interig[9, 17, 71].
Likewise, RS is capable of acquiring images from inaccessible placeser@tmany
wetlands are located. Additionally, RS can provide information on théandscapes
surrounding wetlands and their variation over time and, thereforecan give the users
information about wetland loss [9]. Another bene t of RS for monitoing wetlands is
that RS products can be conveniently imported into Geographicahformation Sys-
tem (GIS) to be combined with other types of information [9]. Additiorlly, many
researchers have mentioned that since wetlands appear in vari@iges, their map-
ping should also be performed at several spatial scales, which candasily carried
out using RS tools [3,4,17]. As a result of these advantages, mamgearchers have
reported that RS is e ective in terms of the operational classi cabn and monitoring
of wetlands [72{75].

However, although RS methods reduce the need for detailed orediiased methods

considerably compared to the ground-based methods, they dotrm@mmpletely elimi-
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nate this requirement. In terms of wetland classi cation and inverdry, in situ data
are needed to train and validate the RS methods. For instance, tteeis a need for
a su cient number of eld-validated measurements to conduct acgracy assessments
on classi ed RS images [76]. Thus, most wetlands classi cation schesmmequire the

application of both RS and in situ data [77].

2.6.2.1 Limitations in RS-based Wetland Classi cation Met hods

Though RS provides e cient tools for wetland mapping and monitoring there are
various technical limitations in wetland classi cation using RS data. Tkse limitations

are brie y outlined and discussed below.

Wetland morphology is a considerable di culty of wetland mapping usingRS
data [14, 20]. Wetlands of one type, which lay in one class according st
classi cation systems, can be forested, shrubby, or herbaced@0,71]. This fact
causes a single wetland class to demonstrate di erent spectraldidar backscat-
tering signature in RS data [14, 78]. On the other hand, some specieetland
types, which should be classi ed separately according to the mappgirsystems,
share some ecological characteristics. For example, swamp anég$bare similar
to each other from RS perspective, but swamp's substrate incluglevater. This
fact causes these classes to have similar spectral and/or backsering behavior
in optical and SAR data. Consequently, high confusions are obsed/when clas-
sifying these wetland types [13]. In summary, wetlands have high iatclass,

and low inter-class variability, which makes their mapping challenging.

Although the presence of water is a common feature of all wetlangipes and
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is expected to alleviate distinguishing them, it does not make the deti@on of
wetlands easier. The reason is that the water in wetlands can oftée under
the earth s surface, where the plant roots are located [14]. To further com-
plicate matters, the water level in wetlands can change seasonalbgmetimes
rapidly resulting from snowmelt or precipitation, or gradually as a radt of

anthropogenic activities [1,14,15,57,79].

Wetlands normally lack a de ned boundary and their border is almost lvays
fuzzy, since they gradually transit from wetland to other land coweclasses,
such as upland or open water, or even other types of wetlands [1If].addition,

the ecotones in and around wetland areas are sometimes very woary which
makes their detection di cult [14]. The ecotones might also have someharac-
teristics of each biological community between which the ecotoneigtx which

makes their identi cation even more di cult. Therefore, the quality of image
interpretation and feature extraction methodologies in wetland maping, and

generally in all types of land cover classi cation, should also be consred [17].

Wetlands, in both boreal and arctic regions, are located in areas wh are less
accessible for collecting eld samples. Furthermore, even with hagnGlobal
Positioning System (GPS) points determining a few points on wetlandreas,
delineating exact wetland boundaries surrounding the point using @ spatial
resolution imagery is challenging, and there are always chances oértapping
with other wetland types. This fact sometimes results in having insucient

training samples for a speci ¢ wetland type.

RS images are also restricted to a speci ¢ spatial resolution, whichight limit
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detection of small wetlands [4,9]. For example, if we consider a clustef
three-by-three pixels as the minimum detectable size of wetlands im amage,
Landsat TM would only be able to delineate wetlands which are larger &m

approximately 0.01 kn¥.

To recapitulate, it is quite challenging to reach a high overall accurgdor wetland
mapping using only RS techniques (Dronova 2015), and the ecolodicharacteris-
tics of wetlands cause many di culties in wetland classi cation using RSmethods

(Cordeiro and Rossetti 2015; Gallant 2015).

2.6.2.2 Wetland Classi cation Using Aerial Imagery

One common method for the delineation of wetlands is the interpreian of aerial
images, which was the rst RS method for mapping wetlands [52,8Q8 Aerial im-
ages usually have a higher spatial resolution compared to that otshbite imagery and,
consequently, allow for the recognition of small or narrow wetland8]. Furthermore,
aerial images can be useful when detailed mapping of wetlands is regeg [9, 14].

However, applying aerial images for wetland monitoring can be exmve and more
time-consuming when compared to the application of space-borneagery. Satellite
RS is more appropriate when the budget is limited and the area is rathenknown
in terms of wetland and non-wetland areas [9]. In addition, most aetianages have
limitations in spectral and temporal resolutions [16,83], which hindsrdi erentiation
between the spectrally similar wetland classes, as well as the ability feequently
update the maps.

Despite the above-mentioned di culties, several researchersilsprefer to interpret

aerial images rather than applying optical or SAR satellite images [88{]. Moreover,
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there are a number of aerial sensors which are rich in terms of sppatbands, including
Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), and Compact Airborne
Spectrographic Imager (CASI). Several programs, such as thmited States Natural
Agriculture Imagery Program, also support more frequent ightsover some areas in
the recent years [14]. Nevertheless, using satellite images along wagrial photos
will probably provide more useful information than either image typealone [9], for

example in a sampling strategy such as regression estimators.

2.6.2.3 Wetland Classi cation Using Multispectral Optica | Imagery

Generally, multispectral sensors are especially useful in analyziniget spectral
characteristics of wetlands, since they acquire information in vats spectral bands,
including the visible and near infrared, shortwave infrared, and thenal infrared parts
of the electromagnetic spectrum (Figure 2.4) [14, 39,83, 88, 89]lthlough optical im-
agery sometimes need atmospheric correction, most optical ddtave already been
geometrically and radiometrically corrected, and is ready to be used the classi -
cation. Therefore, pre-processing optical satellite data is easigian most other RS
data, including SAR, Light Detection and Ranging (LiDAR), and Unmamed Aerial
Vehicle (UAV). Several prepared products of optical data are aldreely downloadable
for users (e.g. various products of MODIS and Landsat 8).

However, optical sensors provide poor information regarding thvegetations phys-
ical characteristics, such as morphology and height [14], and are tiamed by the
inability to penetrate through clouds [91{93]. As a result, some of #information
that would otherwise be obtainable using satellite optical imagery is lbsvhen the

weather is cloudy. This is a common problem when monitoring wetlandand is a
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drawback in the applicability of optical imagery given the operationaheed for con-
tinuous monitoring [94]. This problem can be partially addressed thragh the use of
optical imagery with higher temporal resolution providing the usersvith the ability
to select cloud-free images [14]. It should also be noted that the gération depth of
optical sensors is so low that detection of the water beneath t®dense vegetation
is not possible [14,72]. As a result of the mentioned disadvantagesoptical data,
several studies have reported that the sole use of optical serssis not su cient for
accurate classi cation of wetlands [9, 20].

Nevertheless, there are many studies that have attempted to mavetlands with
the sole use of optical images. [34] evaluated both supervised ams$upervised clas-
si cation methods (i.e Linear Discriminant Analysis and ISODATA, resgctively) for
wetland classi cation using multi-temporal IKONOS-2 imagery. The Mrmalized Dif-
ference Vegetation Index (NDVI) and several texture featusewere used to identify
22 di erent vegetation classes, as well as shallow water, deep watand road in the
study. Comparing the obtained accuracies in di erent seasons, éthighest accuracy
(Overall Accuracy=96%) was obtained using the fused IKONOS imagy captured
in May and July, plus the texture information. Moreover, [95] used niti-temporal
satellite images obtained by di erent Landsat satellites (Landsat 23, 4, 5, and 7)
for long-term change detection of wetlands in Ontario, Canada. Tavdi erent meth-
ods, including post classi cation comparison and multi-temporal dat clustering were
evaluated to detect the changes in the Long Point wetlands over & $ear period. [96]
also used SPOT-4 images for wetland classi cation in the context ofegnhouse gases
emissions. In their study, the multiscale object-based method keson the CWCS was

used to estimate a regional carbon budget. They also reportedathSPOT-4 images
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with ner spatial resolution compared to those of Landsat and RABRSAT-1 data
were more suitable for identifying various wetland classes. As anethexample, [3]
used SPOT images in a decision tree algorithm to classify wetlands béiga two dif-
ferent classi cation schemes (i.e. CWI and DU) in ve di erent scales Incorporating
texture information into the classi cation also improved the results Finally, [4] inves-
tigated wetlands in di erent scales using SPOT imagery. First a genal maximum
likelihood classi cation was applied on the images to detect large wetldrareas, and
then, a knowledge-based classi cation was used to ne-tune theedti ed regions.
The authors reported that the knowledge-based classi cation rtteod improved the
results.

Currently, there are many operating optical sensors which couldebapplied for
wetland classi cation. The most important di erence between thes sensors is the
spectral resolution (the range and number of spectral bands)hveh the sensors em-
ploy. As mentioned before, the optical bands include: red, greehlue, red edge,
near infrared, shortwave infrared, and thermal infrared. Theale of visible bands in
classi cation is not central, which is not surprising, because wetlassdare di cult to
distinguish visually. The red edge band is located between the red andar infrared
bands, where the re ectance value of green vegetation signi déynrises from the red
band to the near infrared band. The red edge band, although novailable in all sen-
sors, provides additional information for the studies that investigte vegetation and
quality of inland water bodies with relatively high phytoplankton content [97,98]. The
re ectance value in this band is related to vegetation biochemical pameters (e.g.
chlorophyll content), biophysical parameters (e.g. leaf area inklg and water de cit

in vegetation biomass [99{101]. Consequently, the red edge band iaseful spectral
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band for wetland classi cation [16,101{103]. Many studies have repged that veg-
etation in di erent wetland classes show the greatest variation in th red edge and
near infrared bands. Therefore, these two bands are the mostaiul optical bands for
the detection of wetlands [16,78,102,104{107]. The shortwavdrared bands are sen-
sitive to soil moisture and vegetation moisture. Thus, they are imptant bands for
obtaining moisture characteristics of both soil and vegetation in vlands [108{111].
Thermal infrared bands collect the energy emitted by land surfaseand, there-
fore, are useful for obtaining Land Surface Temperature (LSTipformation. Several
studies have illustrated that there is a correlation between the wat temperature
acquired by thermal sensors and di erent types of vegetation witn water [71,112].
Thermal bands are useful in discriminating water areas from densegetation, as well
as inundated regions of wetlands [113]. A problem associated with theal bands,
however, is the coarse spatial resolution of these bands. Bothible, and infrared
(near, shortwave) bands usually have ner spatial resolution thathermal bands and,

therefore provide more detailed information about wetlands.

2.6.2.4 Wetland Classi cation Using SAR Imagery

SAR images are capable of penetrating through the clouds and cdretefore pro-
vide imagery in any weather conditions [103,114]. SAR data with varistsensor con-
gurations and all-weather capability are useful in operational momoring when the
information about the extent, location, and conditions of wetlandss necessary [13].
At the same time, SAR sensors are able to acquire valuable informaticegarding the
ground conditions under vegetation canopies [72,103]. Severaldsés have reported

signi cant improvements in accuracy of wetland classi cation, espéally for swamps,
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when utilizing SAR imagery [13].

Water bodies, if calm, can also be easily detected by SAR sensors.islts due
to the fact that backscattering energy from the calm water is maly specular as the
water surface is at and, consequently, the backscattered emy is very small [74].
Many studies have also reported that SAR images are successfuthia delineation of
ooded areas, as a result of the double-bounce scattering beewethe ooded surface
and tree trunks and tall vegetation [13,15,103,115,116]. Likewjsthe coe cient of
variation has been reported useful for distinguishing between savp and upland [117].
An important feature to be used for discriminating between various/etland types is
the dominant scattering type phasd s, which has been introduced by [118] and [28].
This parameter is especially useful for distinguishing between bogdafen at C-band.
The reason is that this parameter is able to detect water beneatihé vegetation at
various depths, as explained in [117]. By the same token, the dominatattering
type phase is able to di erentiate conifer-dominated treed bog fro deciduous forest
in leafy conditions [117]. As reported by [117], none of the other poiieuetric features,
including entropy or phase di erence have such a capability. Howeavet should be
considered that both the dominant scattering type phase and magude are needed
for the unambiguous characterization of wetlands [28].

Despite the advantages of SAR data for wetland classi cation, it sluld be noted
that pre-processing of SAR data is more time-consuming than opséitimages, and
sometimes requires knowledge in this eld. Equally important, during f@-processing
performed by an operator, various uncertainties might be involvenh the generation
of the nal image. For instance, one of the most obvious problemssociated with

SAR data is the presence of speckle. Speckle degrades the radidmguality of the
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image and, therefore, hinders image segmentation and classi catifl19]. Another
issue that results from the presence of speckle on a SAR image istttie training
samples must be several times larger than that required for the tigal data [13].
The rst attempt to classify wetlands using SAR images began in the ta 1960s
and early 1970s [13]. Subsequently, a host of studies have utilizedRSAata for
wetland mapping and monitoring. In [120], JERS L-band SAR imagery vgaapplied
for the generation of a wetlands thematic map. [28] investigated ¢hpotential of full-
polarimetric C-band images for wetland mapping using Convair-580 t#a Several
polarimetric parameters extracted from the Touzi decompositiofiL18], illustrated a
high potential for distinguishing bog and fen. Similarly, [121] evaluateseveral po-
larimetric decompositions, including Freeman-Durden [122] and CloedPottier [123]
decompositions, for wetland mapping using Convai-580 data. Afteeparability anal-
yses, the authors concluded that full-polarimetric data are more fiormative than the
other data sources for wetland mapping using a maximum likelihood cta®r. Ad-
ditionally, a study that was conducted by [124], applied RADARSAT-2 image time
series to investigate the sensitivity of di erent polarimetric parameers to the change
in water level in saturated wetlands. They found that the ShannorfEntropy is the
most useful parameter for the detection of saturated wetlandreas. Likewise, a com-
prehensive study was carried out by [89], who investigated the potel of several
polarimetric features, such as the Touzi decomposition, for wetld mapping using
a decision tree classi er. Finally, [125] investigated the capability of RDARSAT-2
full polarimetric images for wetland classi cation in the Canadian promce of NL.
The SAR system con guration plays a pivotal role in the capability of aSAR

system for wetland classi cation [73,88,89,121,126,127]. An appriate SAR con g-
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uration should be adopted such that there is maximum distinction bateen wetlands
and uplands, as well as between di erent types of wetlands [20]. Tiedore, the e ects

of each sensor speci cation are reviewed in the following subsecson
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Figure 2.5: Radar bands [128].

Wavelength  SAR sensors operate in various bands. These bands, among other
SAR bands, include P-, L-, S-, C-, and X-bands with wavelengths afpproximately
100cm, 25cm, 11cm, 6cm, and 3cm, respectively (Figure 2.5). LAdawas the most
used band in early studies for wetland mapping, and was frequentlyted as the
best wavelength for wetland mapping [13,15]. Several studies halso reported that
longer wavelengths are more appropriate for the separation ofésted or densely veg-
etated wetlands (e.g. swamp) from non- ooded ones [13,72,1030,129,130]. The
reason is that the penetration depth of P- and L-band signals is higfr2]. Conse-
guently, these signals can pass through the woody vegetation opy and detect the
water beneath the ooded trees and/or dense vegetation. On ¢hother hand, several
studies have mentioned the potential of short-wavelength SAR irgas for charac-

terizing herbaceous wetlands (e.g. bog, fen, and marsh), as wedl getecting water
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beneath the short vegetation [13,17,72,103]. Short wavelengtare also able to dis-
tinguish between emergent wetlands and agricultural elds/herb@eous uplands [20].
However, it is worth mentioning that there is still a considerable conkion between
di erent short vegetated wetlands, such as bogs and fens in watlh classi cation

using SAR imagery [72,131].

Polarization = SAR sensors can be single-, dual-, or quad (full)- polarized. Each
polarization channel is represented in the form of PQ, where P is theansmitting,
and Q is the receiving polarization. Both P and Q can either be horizoat (H) or
vertical (V) (Figure 2.6).

Single-polarization SAR data are not very e ective for wetland classation, be-
cause the received energy in a SAR image consists of several dn¢fdgackscattering
types, which cannot be distinguished using a single channel [15,28]]L Single-
polarized data, however, have been reported to be e ective foné detection of calm
open water bodies [15].

Generally, HH polarization is the most useful for wetland delineation (. More-
over, L-HH and C-HH are especially e ective in the detection of oodd forest, and
are more sensitive to inundation than vertical polarization [13,153P,133]. In addi-
tion, the correlation between C-band backscatter and inundatiois stronger in leaf-o
season [133]. For vertically oriented vegetation, the HH-polarizedawe has more pen-
etration into the canopy relative to the VV-polarized wave and, ths, is more sensitive
to soil conditions [94]. HV polarization is also e ective in the discriminatio between
woody and herbaceous wetlands as a result of its sensitivity to biosg[20]. Although

less than the HH-polarized wave, VV polarization is also sensitive toisonoisture
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and ood conditions [20, 134]. When interacting with vertically oriente vegetation,
the VV-polarized wave has the most response, and therefore thenetration into the
vegetation is reduced [94].

Co-polarized waves (HH and VV) are more e ective in the detectionooded from
non- ooded wetlands and generate higher contrast between dfgrest and ooded
swamp compared to cross-polarized waves. The reason for thishattthe signal re-
sponse from like-polarized waves is enhanced in ood conditions [13}o§s-polarized
waves, however, are more appropriate for distinguishing swampifin marsh [13]. Dual
co-polarized data are also successful in the characterization obded vegetation map-
ping.

Polarization ratios, which include HH backscatter, are also usefubrf distinguish-
ing ooded versus non ooded vegetation [121]. In addition, the r&b of L-HV and
L-HH bands have proved promising for the discrimination of non-fested wetland
types [20].

Phase di erence between HH and VV channels also helps in the discriration
of swamp and upland, or ooded from non- ooded vegetation [1315,117]. Further-
more, this phase di erence was recognized as the most useful graeter for natural

target characterization [117].

Incidence Angle  To detect water bodies under vegetation, steep incidence angles
(smaller than 35 degree) are the most appropriate [20, 136], as loweidence angles
have more penetration depth. Several studies have reportedathshort wavelengths
with low incidence angles can be applied for the delineation of forestegtlands in

leaf-o conditions [13]. However, some studies have shown no speccorrelation
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V Vertical

Figure 2.6: Polarization types [135].

between incidence angle and the vegetation type/structure [131%, 137]. According
to [13], moderate incidence angles do not seem to provide much uké&fformation
for wetland detection, especially if the image has ne resolution. Fthver, ne beam
modes of RADARSAT-2, because of having a high incidence angle, am# suggested
for the discrimination and classi cation of wetlands, but are appropate in terms of
spatial details [136] also investigated various RADARSAT-2 beam med (incidence
angles) for the discrimination of di erent wetland types. The main dierence was the
dynamic range of backscatter for wetland sites, which was the lasgf in S5 mode and
the smallest in F1 mode (refer to [138] for more information about RBPARSAT-2
beam modes). However, it should be considered that the range inishence angle
is small in the Fine mode of RADARSAT-2. Another result of [131] washat a
signi cant di erence was not observed between the backscatt&f bog and fen in any
of the incidence angles. Finally, [131] reported that low incidence dag can penetrate

into both shrubby and herbaceous wetlands, while high incidence deg are only able
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to pass through low-density vegetation.

Orbit  SAR sensors are capable of acquiring images in both ascending anstdad-
ing modes. The ascending mode for SAR imagery is recommended fetland map-
ping, since at the time when the descending image is acquired, dew egetation can
decrease the contrast between wetlands and non-wetlands [2].

According to the studies described above, the e ects of SAR caguration are

summarized in Table 2.4.

2.6.2.5 Wetland Classi cation Using Other Resources

Digital Elevation Model (DEM) Data The Digital Elevation Model (DEM)

has proved useful for distinguishing wetland classes. At the samme, many studies
have reported that the topographic features extracted from BM, were also e ective
for nding the distribution and location of wetlands [17,51,51,72,21,139{142]. For
example, the Topographic Position Index (TPI, [143]), Compound Twographic Index
(CTI, [144]), slope, and orientation of the DEM have been used in senal studies for
wetland classi cation [51,68,139,145,146]. DEMs can also be incldde the wetland
mapping procedure to correct the areas of misclassi cation as astdt of layover and
shadowing [120, 141]. However, it should be noted that the applied BMEshould
have a resolution high enough for deriving precise topographic infioation. DEMs
obtained from EO images and LIiDAR data can yield spatial resolutionsputo 1 m

and 15 to 30 cm, respectively.
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Table 2.4: Description of various SAR con gurations for wetland magng.

Short Best for characterizing herbaceous wetlands
Wavelength
Long Most appropriate for detection of frosted or
densely vegetated wetlands
Co-polarization HH: useful for detection of ooded forest and
Polarization

inundation - more e ective for wetland

classi cation than VV

Cross-polarization

HV: useful for discrimination between herbacas
and woody vegetation- e.g. discrimination of

swamp from marsh

Small useful for detection of water body under
Incidence Angle
vegetation
Large useful for detection of shrubby and herbaceous
wetlands
Ascending recommended for wetland mapping
Orbit
Descending not recommended for wetland classi cation

because of presence of dew at the time of image

acquisition
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LIiDAR Data LiDAR can be e ectively used for the extraction of topographic
information and structural indices [17]. Since topographic informain is capable of
predicting the location and distribution of wetlands, LIDAR has also ben applied in
wetland mapping in many studies [142,147{151]. In general, informan derived from
LiDAR are applied as ancillary information in addition to the spectral anl textural

data [17]. For instance, [147] applied DEMs derived from LIDAR insteaaf the typical

DEMs, and observed 8% improvement in the accuracy of wetland m@pg. [148]
combined IKONOS imagery with LIDAR data to classify wetlands in Wiscosin, and
achieved an accuracy of 75%, which was superior to the accura¢yh® existing map
for that region. Furthermore, [149] observed a considerable ingwement in wetland

detection when using LIiDAR for mapping streams.

Hyperspectral Data Hyperspectral data have high spectral resolution, which is
particularly useful for the detection of detailed variations betwee various wetland
vegetation species [16]. The data, containing hundreds of bandswvd many advan-
tages in assessing the biochemical and biophysical properties oflaveds (e.g. leaf
water content, Leaf Area Index, as well as chlorophyll and biomagoncentrations).
However, it should be noted that the nhumber of bands should be neced using sta-
tistical methods, such as Principal Components Analysis (PCA) or Mimum Noise
Fraction (MNF), to omit the redundant information. Furthermore, hyperspectral
images are rather expensive, and tedious to process, which hirgddreir application
in wetland studies [16]. Nevertheless, there are several studiesttihave used hy-
perspectral imagery for wetland monitoring and classi cation [67 2, 152{154]. For

example, [152] mapped wetlands in the San Francisco Bay using botbeStral Mix-
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ture Analysis (SMA) and Multiple Endmember Spectral Mixture Analyss (MESMA)
and AVIRIS images, and concluded that both methods can be appliddr investigat-
ing the structure of wetlands. Moreover, [153] did a laboratorydsed study to see if
mangrove species are distinguishable, using numerous spectrarstels between 350
nm and 2500 nm. They introduced four bands of 720 nm, 1277 nm,154nm, and

1644 nm as bands which guarantee 80% of overall accuracy.

UAV Data  UAV has only recently been applied in natural landscapes, including
wetlands [19]. Images acquired by UAVs contain great advantagegeo the typical
aerial images given that UAV is capable of acquiring images below the wibcover
[155]. In addition, UAV images provide a great level of detail as a rdsiof their
ne spatial resolution [19, 155]. Consequently, there are severstudies which have
explored the possibility of using this technology for wetland mapping $1155{157].
For example, [156] processed UAV images using both automatic andmaal methods
to map wetlands in the Honghe National Nature Reserve, and foundAV images
useful for this purpose. In a similar study, [157] combined UAV datavith a new
classi cation algorithm to map wetlands in Utah with an accuracy of 9%. However,
it is worth noting that many UAVs are limited to acquiring images in the visble and
near infrared domain, and only a few UAVs can provide rich spectrahformation
[155]. Moreover, images taken by UAV are prone to many radiometramd geometric
errors [155,158]. Geometric errors, however, can be correctesing ground control

points.
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2.6.2.6 Multi-source Wetland Classi cation

Combining several types of RS data is very common in classi cation geedures,
and has also proved useful in wetland classi cation [2,7,13,1031]1.3By combining
various types of imagery, it is possible to take advantages of eagpé of data and
improve wetland classi cation. However, a problem with multi-sourcelassi cation
is the large volume of various datasets, many containing di erent spial resolutions
[140]. By the same token, there is an inconsistency regarding whiobntination of
data sources vyields the best results [13].

[159] combined GIS and RS data to map wetlands in Florida. [51] also dsa
combination of PALSAR data, aerial imagery, and DEM data in an attenpt to update
the NWI. The authors also applied other data, such as the soil wateegime and the
percentage of hydric soil for wetland classi cation. Similarly, [140]pplied ASTER,
ALOS, and DEM data for the object-based mapping of wetlands in Nith Brazilian
Amazonia. Finally, [142] conducted a study in northern Canada usingADARSAT-
2, Landsat-8, and geomorphometric information extracted fronhiDAR data. In
general, the accuracy which was obtained using multi-source dataasvsuperior to
using SAR or optical data individually.

Fusion of optical and SAR data is one of the most common, yet mostigpicious
types of data combination for wetland mapping and monitoring [2,73,103,160{162].
For example, [2] used a combination of RADARSAT-1 and Landsat datfor mapping
wetlands at several scales. This was performed by applying varicgsale parameters
in the segmentation process. The classi cation began at a coarsgdkeusing mem-

bership functions. Then, the identi ed areas were masked, and ¢hremaining areas
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were segmented and classi ed with a ner scale. This process conted until all

the desired areas were detected. Additionally, [163] combined Gldolzoreal Forest
Mapping (GBFM) JERS-1 SAR data with MEdium Resolution Imaging Spettome-

ter (MERIS) optical data for wetland mapping on a continental sck. In their study,

an object-based classi cation was applied to the images. Furtheore, [20] combined
SAR and optical data to map wetlands in several regions in Alberta, @ada. [103]
also combined RapidEye images and various SAR decompositions estea from

TerraSAR-X images for classi cation of wetlands in Florida Finally, [L6Rmapped
wetlands over ve pilot sites across the Canadian province of Newifodland and

Labrador, using a combination of optical and SAR imagery, achievintpe accuracy
of up to 96%.

Another common type of multi-source combination for wetland classation is
the use of multiple SAR sensor con gurations (e.g. multiple wavelengs or multiple
incidence angles). For instance, [13] reported that using multiple welengths is use-
ful for the detection of both forested and herbaceous wetland#\ccording to their
results, multi-frequency data are as good as or better than muftemporal data for
wetland detection. Multi-incidence angle data, however, are not pected to improve
the classi cation accuracy considerably. [103] reported that ugina combination of
polarimetric SAR con gurations holds great promise for distinguishig wetland veg-
etation types. Other studies that have used di erent con guraions of SAR sensors

for mapping wetlands are: [131], [136], and [164].
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2.6.2.7 Multi-temporal Versus Single Date Wetland Classi cation

A characteristic feature of wetlands is their dynamicity, which is a mult of inter-
actions and feedback between climate, weather, geomorphologita, and hydrology
and anthropomorphic e ects [22,27]. The dynamic nature of thesscosystems causes
wetland features, such as water, vegetation, and chemical chateristics to change
over time. Consequently, a wetland may look di erent over years, amths, or even
days [22,165]. For example, seasonality in uences the availability ofer, a ecting
the growth and lushness of vegetation, resulting in wetland vegeian looking di er-
ent from summer to winter [166,167]. In the short term, rain can ecse ooding and
brie y Il depressions, which can change the appearance of wetlda within days. On
the other hand, in the long term, wetlands can change from one tgpto another, as
demonstrated by the climate-driven fen-bog transitions of the Hocene [168].

As a result of the ever-changing nature of wetlands, the use of hiwiemporal
images has been found to improve wetland classi cation accuracy 19, 20, 34,72, 89,
94,95,125,169,170]. It should be noted that the selection of #yepropriate acquisition
date for images applied for wetland mapping is crucially important, ememore-so
than the number of images. This is because wetland morphology andter level
vary considerably throughout a year [13,20]. However, an optimunange of image
acquisition has not been yet determined [13]. [13] reported that aithdy images from
multiple dates can increase the accuracy only to a certain extent.his is because once
a certain accuracy is reached, the accuracy does not changen@some cases may even
decrease. Typically, summer images are the best for wetland classition [125, 171].

The images acquired in spring or fall can be also helpful, but the comhiion of the
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high water level/leaf o an low water level/leaf on images hold the greast promise.

2.6.2.8 General Algorithms for Image Classi cation

Object-based Versus Pixel-based Wetland Classi cation Pixel-based clas-
si cation methods analyze the value of each pixel in an image withoutoosidering
the spatial or contextual information of the surrounding pixels. @nerally, classifying
ne spatial resolution imagery using pixel-based methods results insalt and pepper
e ect and, consequently, the accuracy of classi cation is redudd172{174].

On the other hand, Object Based Image Analysis (OBIA) is the prass of seg-
menting an image into spectrally and spatially homogeneous object&nd then in-
corporating the spectral, geometric, and other features of tBe objects into a clas-
si cation process [3,141,175{177]. OBIA has several advantagsome of which are

reviewed below:

By applying OBIA, it is possible to include many object-based featusg such as
textural, geometrical, and morphological features into classi cain in addition

to the spectral features [17,21,159].

The result of object-based classi cation has a more ecologically nmiagful in-

terpretation compared to that of pixel-based classi cation [142 59].

OBIA can facilitate the processing of a large volume of multi-sourceath [140],
and can be e ciently combined with supplementary datasets withoua compli-

cated data fusion process [17].

OBIA minimizes the e ect of unusual pixels, such as shadows or isotat ele-

ments [17,159].
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By applying OBIA it is possible to work with images on several scales, wh

can be nested in each other.

Because of the mentioned advantages, OBIA has been widely used Wetland
classi cation compared to pixel-based methods [2, 3, 20,96, 14021178].

However, choosing the optimum scale for segmentation in an objdidsed clas-
si cation is di cult [17]. Besides, mismatching image layers and errors irtheir co-
registration might in uence OBIA [17]. Another diculty associated with object-
based classi cation is that there are many object-based featiweand an expert needs
to know what features result in the best accuracy [140]. It shouldebconsidered that
spectral features in classi cation are much more important thantber object-based
features [17]. Geometric objects are also less commonly used in wetty as wetlands
rarely exhibit a regular or consistent shapes and sizes [17]. The mostnmonly used
contextual variables for the identi cation of wetland classes arelso distance, prox-

imity, adjacency, and relative border to speci c classes, such aster bodies [17].

Di erent Algorithms for Wetland Classi cation

Supervised Classi cation There are many classi cation algorithms, most com-
monly used of which are K Nearest Neighbours (KNN, [179]), Maximumikelihood
(ML, [180]), Support Vector Machine (SVM, [181]) , Decision Tree (DJT[116]), and
Random Forest (RF, [116]). In each of the classiers there are ftacs which can
greatly a ect the classi cation accuracy. The image segmentatiophase, selection of
training samples, feature selection, and the setting of tuning pameeters are amongst

the most important factors [182]. It is important to bear in mind that classi cation
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accuracy is not the only thing to be considered about the classi eif the classi er
can be used for operational monitoring purposes is also importan]9 In summary,
there is no single classi cation method considered to be optimal fotl @pplications
and, thus, the desired algorithm should be selected based on thgeaitives and study

area [16]. The most famous classi cation algorithms are explained balo

K Nearest Neighbours (KNN) The KNN classi er is based on the distance
of unknown pixels/objects from training samples in a feature spac&he K nearest
training sample(s) determine the class of an unknown pixel with a majity vote [179].
Because of several limitations of the KNN algorithm, only a few studsehave utilized

this classi er for wetland mapping [103, 178].

Maximum Likelihood (ML) The ML algorithm is based on Bayesian statis-
tics, and assumes that feature vectors of each class are normallgtributed [178].
Based on the normal distribution, a discriminant function is de ned ér each class,
and the unknown pixel is assigned to the class with the highest valué the dis-
criminant function for that pixel [183]. An advantage of the ML algoithm is that
it adopts a tangible and clear statistical approach for classi cationand does not
contain a black box as in RF or SVM [15]. The algorithm was the most widelysed
classi er selected for wetland classi cation in the early years of th2000s [9]. As a
result of the advantages of the ML algorithm, there are many stues that have used

the classi er for wetland classi cation [83,88,89,121].

Support Vector Machine (SVM) The SVM classi cation method is a non-

parametric algorithm. The algorithm de nes a hyperplane, which maizes the
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distance between the training samples of two classes, and then,sslees the other
pixels/objects based on this hyperplane [178]. SVM is also less sensitie the amount
of training samples, and can result in a higher classi cation accuragyven a relatively
small number of samples compared to other classi cation algorithnj$78]. However,
it should be noted that SVM needs a kernel function, de ning which isme-consuming
and subjective [178,184]. Several studies, including [182], [178], §b85] have eval-

uated the accuracy of the SVM classi er for wetland classi cation.

Decision Tree (DT) The DT classi er, belonging to the category of classi-
cation and regression trees (CART), includes several nodes, hyhich the input
data are divided into mutually exclusive groups based on their attribies, such that
each group has the most homogeneous objects. The division reoegly continues
into increasingly homogeneous subsets until each node represeme of the desired
classes [72,140,186]. DT is a fast, simple, and exible classi cation tined, which is
more e ective in the prediction of class labels when the boundary be¢en classes is
not linear. The DT algorithm does not need any assumption regardintpe distribu-
tion of the classes [3,16,72,140,176]. A problem associated with, Ddwever, is that
it cannot be adapted to regional or national scales, because thgaithm over ts the
training samples [2]. There are several recent studies which haveopted the DT

algorithm for wetland classi cation [3,89,178, 187].

Random Forest (RF) The RF algorithm, also belonging to in the category
of classi cation and regression trees (CART), is actually an exteren of DT. RF

consists of an ensemble of decision trees, in which each tree is qoiet¢d using a
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subset of training samples with replacements. Only a subset of faets is used for
nding the best split at each node, which is a constant number overllanodes and
all trees. After training, the input feature vector is ingested intoevery single tree.
and then, is assigned a class label to each pixel/object at the terminnode based
on the majority of votes [116]. Like the SVM and DT algorithms, RF is ats a non-
parametric classi er. Non-parametric methods do not require angssumptions for
the distribution of the data sets and, therefore, have severaldeantages compared
to the parametric algorithms, such as the ML classi er. It is also wdh mentioning

that the RF algorithm has recently gained increasing attention in wéand monitoring

[101,120,141, 142, 188].

2.7 Recommendations

In this section, several recommendations are provided which caontribute to the

improvement of wetlands management:

The creation of more specialized classi cation systems which are quattible
with the nation-wide classi cation system [61] would be an asset. Thisould
create a common baseline and facilitate the exchange of informatiaoross dif-
ferent wetland classi cations. An example of such a system is the ks Unlim-
ited Enhanced Wetland Classi cation System [189]. This classi cationystem
was developed for the purpose of inventorying and addressing tiversity of

wetlands [189, 190].

Applying advanced automatic or semi-automatic methods, speci wmtwetlands,
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for the purpose of wetland mapping is valuable. For example, for theetland
classes which are very similar to each other, fuzzy classi cation cae applied.
In the fuzzy method, the object/pixel is not strictly classi ed into one of the
wetland classes, but a certain probability is assigned to the membkeis of the

object/pixel to each wetland class.

The method and the applied dataset for wetland mapping should be iy
selected according to the target classes and the required acaya Usually,

multi-source, and multi-temporal data yield the best accuracy.

The need for eld data collection should be reduced with advanced R8ch-

niques which give reasonable accuracy with a small amount of trainisgmples.

Instead of concentrating over a small area over a short periodtohe for wetland
classi cation, the proposed methods should be operational overdg geograph-
ical regions. Moreover, researchers should make the most of freely available
satellite images, because these images provide the possibility of prodg maps
over large regions with frequently updating it. In the case of wetlahmapping,
the operationality and the cost of the method is often as importanas the

accuracy of the nal map.

The potential of quad-polarimetric or compact-polarimetric imageshould be

fully exploited in wetland mapping.
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2.8 Summary and Conclusion

This review is an attempt to acquaint readers with wetland de nition, bene ts,
extent, and loss. Wetland inventory and classi cation schemes asdso de ned and
examples are provided. Furthermore, various RS methods for Wastd classi cation
along with their values and limitations were reviewed. There are alsoct®ns de-
scribing object-based classi cations and the characteristics oanous classi ers.

Although some studies have estimated the global wetland coveragemore up-to-
date and precise estimation is required, because for the most pattie current esti-
mation for the global wetland coverage is not accurate. The reastor the inaccurate
global wetland estimation might partly lay in the fact that several wéland inven-
tories are usually incomplete, out-of-date, or imprecise. The Cowtin and CWCS
classi cation systems are designed to be general enough so thhae tclassi cations
are relevant across geographically large areas and, thus, ecolaltycclimatologically,
and geologically diverse areas. As a result, these country-wide slasation systems
often do not contain enough information for addressing more specwetland-related
guestions [61].

Considering the advantages of the satellite RS methods, including dest-e ciency,
timeliness, and potential to be applied with regular frequency at thglobal level, it
is the best method for generating and updating wetland inventoriesBased on the
literature it can be concluded that the red edge and near infraredands are the most
useful bands in optical imagery for wetland classi cation. In term®f SAR imagery,
generally steep incidence angles and long wavelengths are suitabtetfe detection of

shrubby or forested wetlands, while large incidence angles and sheavelengths are
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proper for the detection of herbaceous wetlands. Full polarimetrimages are ideal
for wetland mapping, but HH polarization is the best amongst other @arizations
for this purpose. Additionally, multi-source and multi-temporal clasi cations are
promising for the delineation of wetlands. At the same time, Randomdfest (RF)
classi er has proved most promising for wetland mapping, since vaus types of data
with di erent sources can be utilized in RF and reasonable accuraciean be achieved
without the problem of over tting to the training samples. It is hoped that the cur-
rent review helps researchers to adopt a method, which providdsetopportunity for

accurate mapping of wetlands, as well as continuously monitoringem.
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Chapter 3

Speckle Filtering of Synthetic
Aperture Radar Images using
Filters with Object-size Adapted

Windows

3.1 Preface

In this chapter, a pre-processing method which is important for lahcover clas-
si cation using SAR imagery, namely a speckle reduction approacha® presented.
The paper resulted from this chapter has been published in theternational Journal

of Digital Earth.
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3.2 Abstract

Speckle degrades the radiometric quality of a Synthetic Aperturedfar (SAR)
image. Previous methods for speckle reduction have used a xedeswindow for
Itering the entire image. This, however, may not be e ective for tre entire image,
as land covers of di erent sizes require di erent ltering windows. h this paper, a
novel method is proposed by which each pixel in the image is ltered viita window
appropriate for the size of object within it. The real in-phase andhe imaginary
guadrature components of the SAR images determine the best wowl size and the
pixels in the intensity image are ltered using their own optimal windows The
proposed method is presented for both single- and multi-polarized\B images, and
the results of several common Iters that were modi ed are preséed. This approach
is applied to two RADARSAT-2 images: one over San Francisco, Califoa, USA
and the other over St. Johrs, Newfoundland and Labrador, Canada, producing
results that were similar to, or outperformed, comparable lters \ile retaining details
and suppressing speckle e ectively. While the method was succesd$br single-look

intensity data, it o ers great potential for multi-look and amplitude data as well.

3.3 Introduction

Synthetic Aperture Radar (SAR) images are valuable assets forneus applica-
tions because of their all-weather and day and night acquisition calpidity. However,
these valuable resources are blemished with the presence of sleeclAn intrinsic

feature of SAR images, speckle originates from the coherently oeded pulses return-
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ing from the earth surface. Speckle degrades the radiometric djaof the image,
thus hindering image interpretation and reducing the accuracy of iage segmenta-
tion and classi cation [1]. Consequently, since the advent of SAR imag, there has
been a host of studies addressing the issue of speckle reductiomrljEon, starting
from a study by Lee [2], it was understood that the typical techniges applied for
image noise suppression are not e ective for SAR images. lseeesearch proposed
Iters that exploit local statistics of the image, namely adaptive lters. He suggested
that speckle acts as multiplicative noise and, based on that, he proged a Iter by
minimizing the Mean Square Error. the Iter was known as the MMSE lter [2, 3]
and became the basis of many other algorithms. The MMSE lIter, hosver, fails to
suppress speckle e ectively close to edges [2], and hence Lee r@ indy using edge-
aligned, non-square windows [3]. He also proposed the sigma Iter [#based on the
sigma probability of a Gaussian distribution. As sigma lter was insu cient in main-
taining strong targets and produced biased estimation, an improgleversion of that
was proposed in [6]. Besides Lee Iters, other similar techniques were proposed for
speckle reduction in single-band SAR images while preserving imagerphass. Frost
et al. [7,8] calculated the impulse response of the Iter by solving tHdMSE problem
using a di erent error measure. [9] also dealt with the MMSE problemral reached
the same general form as [2], but with a di erent weight function fobalancing the
role of pixel re ectance and that of the local statistics.

In subsequent years, single-band SAR Iters were further impred. [10] noted
that there are di erent regions in a SAR image, namely homogenequseterogeneous
and point targets. He stated that speckle should not be reduceg the same amount

in the three di erent regions, and suggested measures for distimghing between the
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three di erent areas. He modi ed the commonly used lters basedrmohis idea. A few
years later, in 1993, [11] also proposed a Iter which was known astlisamma lter,
in which homogeneous regions, edges, lines, and point targets aggedted using more
robust measures. There have also been a few other innovativedias. In [12], for
example, a method was proposed for Itering which exploited localatistics to change
the Itering window in a range. A growing regional method based on atatistical
measure was applied for selection of window sizes in an approach ssted in [13].
Other ltering algorithms that have been proposed include [14], [15],nal [16]. A
more comprehensive review can be found in [17], [18], and [19].

With the advancement of SAR sensors, Polarimetric SAR (PolSAR) intges be-
came available, and this development was followed by the need for ttefor POISAR
images. [20] pioneered in this eld by developing the Polarimetric Whiteng Filter
(PWF). In the PWF all elements of the scattering matrix are combind optimally
to form a single, speckle-reduced image. In [21], the MMSE Iter wastended to
the diagonal elements of the covariance matrix, but the o -diagad elements were
ignored. While speckle for the diagonal terms can be modelled as mulitative noise,
a multiplicative noise model is not e ective for o -diagonal terms. Casequently, o -
diagonal terms should be modelled by a combination of multiplicative anddditive
noise [1]. [22] continued Les work by MMSE ltering of all terms in the covariance
matrix. [22] developed another Iter for POISAR data focusing on imge texture. [23]
suggested a lIter useful for interferometric applications in forésd areas. [24] also ex-
tended the improved single-band sigma lter to PoISAR data. In the pposed lter,
the authors attempted to maintain the strong point targets and o preserve the scat-

tering mechanisms. However, preliminary attempts for speckle Iténg in PoISAR
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images fail to preserve polarimetric features i.e. they introduce ags-talk between
channels and/or alter the cross-correlation between bands, atthgh they can be use-
ful in some applications such as target detection [1]. Therefore, lpametric Iters
such as those used in [25] and [26] were proposed to maintain polarme informa-
tion. In polarimetric Iters, all elements of the covariance matrix ae Itered by the
same amount and in the same way, and the lItering is performed indepdently on
each term to avoid cross-talk, i.e. altering correlation between chaels.

In recent years, some other valuable works have been also pragmb®n speckle
reduction. For example, in [27], a three-step Iter was proposedifgpeckle reduction
in SAR images. First, the authors developed a line and edge detecgtbased on which
they de ned a homogeneity measure. Subsequently, they explat¢he homogeneity
measure to adjust the shape and size of Itering, and obtained prosing results.
Moreover, in [28], a speckle ltering approach was proposed that@wits the nonlocal
means and stochastic distances to reduce speckle. [29], [30], and §Bso proposed
non-local approaches for speckle reduction. Non-local lIters de the weights based
on the distance between the reference patch and similar neighbimgr patches [32].

Although the speckle reduction methods described in the publicatisrreviewed
above perform reasonably well both in single-band and multi-polarideases, selection
of window size is almost always a challenging task. In fact, choosing @ed window
size for Itering the entire image has a proper outcome only if all theargets in
the image are of the same size, which is not a valid assumption for mosal world
images. Thus as the weights of the Itering window for each pixel aradaptive, the
window size should also be adaptive. The main objective of this papetdsintroduce

a method for automatically selecting the Itering window size for eaclpixel. This
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approach is presented in both single-band and multi-polarized verem Common
Itering methods such as the box-car and MMSE lters have been gdsted using our

proposed adaptive window size approach and the results are prase.

3.4 Method

When working with SAR images, it is the real value of the backscattaroe cient
that is of interest. For distributed targets, this value is altered bythe e ect of
interference [33]. The aim of speckle lItering is therefore to averagthe returned
values from all the scatterers which contribute to the same distrilied target in order
to achieve a more accurate estimation of the backscattering coeent. For this task,
a xed-sized rectangular window is not e ective, for several reass. First, the actual
shape of a target might not be rectangular. Thus a rectangular witow includes
either fewer or more scatterers than the correct number whiclaases the estimated
backscattering coe cient to be inaccurate. The defect can be @erved by noting the
smeared boundaries of the target near its edges. Second, notladl distributed targets
in an image are of the same size. Hence a window size which can be gmpate for
one part of the image might not be applicable for the targets in anoér part.

The rst problem has been addressed extensively in the literaturend much of it
was mentioned in Section 1. Di erent adaptive lters have been intrduced to exploit
the local statistics in an attempt to include only the scatterers frm the same target
in the ltering process over that target. The second issue, howek, has not been
investigated as much as the rst one. The main objective of this pag is to address

this issue.
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3.4.1 Average Filtering of Single-band SAR Data with Adap-

tive Window Size

Speckle can be regarded as the uctuation of pixel values aroundreean which is
the desired backscattering coe cient of the target [33]. Naturallythe best possible
estimation of the true mean is achieved when all the scatterers fnothe target are
involved in the averaging process, and no scatterer from anotheeighbouring object
is included in Itering. This is the de nition which can specify the best Itering
window for each pixel within the target as will be presented below.

Although in practice there is correlation between the neighbouringixels of a
SAR image [1], in principle each sample (resolution cell) in a target, hereferred
to as A, can be considered as an independent observation for estiing the true
backscattering coe cient of target A. Thus, a rectangular windav which lies entirely

within the target includes n independent observations:

n=( My Mg My) (3.1)

In Equation 3.1, is an arbitrary parameter, which can be considerd the real
backscattering coe cient of the target in this context. , is the parameter to be
estimated fromn observations, which is the backscattering coe cient estimated &m
n resolution cells.M; is the iy, observation made for estimating which is assumed
to be the pixel value of a SAR image. SAR images are provided in di ereformats:
real and imaginary (in-phase and quadrature, respectively), arfifude and phase, and
intensity images [33]. We assume that observations are in real and imaginary format

indicating that the pixel value consists of in-phase and quadratureomponents, i.e.:
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M; = X; + jYi (32)

wherej = p—1. It has been shown that the real and imaginary components in
SAR images, when considered individually, tend to have a normal digiution [33].
For normally distributed data, the mean is an e cient estimator [34]. This means

that if  is the average of the real or imaginary part of the observations, i.e

1 X
nreal — — Xi
' n._,
1|_ (3.3)
nimaginary — n Yi

Then, considering , as a random variablen pixels result in a smaller standard
deviation than n 1 pixels, and a greater standard deviation tham + 1 pixels [35].
This means that if the window containing the observations to be avaged grows
larger, the standard deviation will tend to decrease until the winde also begins to
contain outliers, i.e. observations from other targets. Therefer the window which
yields the minimum value for standard deviation will include a maximum nuimer
of observations from target A, but a minimum of observations froomeighbouring
objects. It should be noted, however, that while , is used to assign the optimal
window size for each pixel, it cannot be applied for speckle reductiasince averaging
real or imaginary data individually does not convey any useful inforation for SAR
data analysis. In fact, averaging them is a coherent vector sumti@n and has no
e ect on speckle reduction [1] while for speckle reduction an incoleett summation
is needed. Consequently, while the real and imaginary data are exptd for the

determination of the best window size for each pixel, it is the intensitymage that is

103



to be used for averaging the samples using that optimal window size.

Targetc / Target B
Target A
m\
ednl il | vdylody | sd, sy
sy -._\x - /
sy '“"-1"/ sds
-\“ & fl
’_/ Target D

Figure 3.1: The variation of the standard deviation with the change irthe window

size

Figure 3.1 schematically shows the standard deviation of pixels (eithom the
real or the imaginary part of the image) with di erent window sizes. The smallest
window contains limited pixels from target A which have standard devi#gon sd;.
With the explanation above, it is expected that as the number of saphes for com-
putation of the average increases, the value of standard deviatiovill decrease. This
reduction continues until the window begins to overlap pixels of adjant objects.
Once the window contains pixels from two di erent objects, the stadard deviation
will tend to increase. Thus, the optimum window size is the one which wesponds to
the minimum standard deviation, computed using the real or imagingrcomponents
of the samples in the window. Then, this window size is used in the intetysimage
to reduce speckle of the pixel at the center of the window. Basegan the above

discussion, the Itering process can be outlined as follows:

1. Arange of window sizes is selected by investigating the SAR imagehig range

104



must contain appropriate Itering sizes for all the objects of the imge, from
the smallest target to the largest. An appropriate range of windowizes can be

3 to 21.

. Both the real and imaginary parts of the image are averaged septely using
the windows covering the entire range of sizes, thus computing tls¢andard

deviation corresponding to each window in the size range for all pixels

. The appropriate lter size for each pixel is selected as the one igh corresponds
to the minimum standard deviation for that pixel over the whole rang of stan-
dard deviations (i.e. window sizes). If the optimal size obtained froriine real
and imaginary parts is di erent for any pixel, their average is consided as the
optimal window size. When the standard deviation monotonically inceses,
this means that there is likely a point target in the image with a high amout
of backscatter, and likely the best window size for lItering is the smkest. A
monotonic decrease in standard deviation indicates that the arealikely com-
pletely homogeneous, and the largest window size is the best. In theents
of two minimums, it is probable that the rst minimum has occurred whe all
the samples from the rst target have been taken into account ahthe second
minimum has likely occurred when all the samples from the rst target and
the other neighbouring (and similar) target(s) have been consideat. Therefore,

the rst minimum standard deviation is the best choice.

. Using a common method, a speckle-reduced intensity image is doegi by Iter-
ing each pixel with its corresponding optimal window. The simplest mbod is

obviously averaging, which is the topic of this section. Other commanethods,
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however, can also be used and will be elaborated.

These steps are schematically illustrated in Figure 3.2.

5x5
3x3 Averaging
with
D different
window
sizes on the
pixel
—
For each pixel
Real and
imaginary %
Images
Sdl,real Sdz,real Sdn,real

Sdl,imag Sdz,imag Sdn,imag

l

5 reaqr=Min{sdy reql, -, Sn,reat}
i

5djimag= Ly {Sd 1,imagr-+» Sdn,imag}

l

Select Wi reqr and W) imag corresponding tosd; reqr and sdjimag as the best window

sizes in real and imaginary images, respectively, for this pixel

Wireat + Wj,imag}
2
Filter intensity image using one of the common filtering methods (e.g. average,
MMSE, etc.) with adaptive window size W for each pixel

|

| Speckle Reduced Image ‘

W = integer {

Figure 3.2: Flowchart of the proposed algorithm
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3.4.2 MMSE Filtering of Single-band SAR Data with Adap-

tive Window Size

Figure 3.1 shows the ideal case, i.e. when the pixel to be ltered is alstan
the center of the target. Apart from that, especially for the pixés near the edge of
the target (see Figure 3.3), Average Filter with Adaptive Window Sizemight not
perform best, a common problem of a simple averaging Iter. The pposed method,

therefore, can be combined with the MMSE lter [2] in order to solvehis problem.

Target C Target B

/ Target A

Target D

Figure 3.3: The issue near the edges of a target.

The MMSE lter, proposed by [2], has the following form:

R=W(xy) 1xy)+(@ WY) 1(xy) (3.4

In Equation 3.4, R(X;y) is the estimated intensity of the pixel &;y), | (x;y) is the
observed intensity for the pixel &;y) and | (x;y) is the average intensity in a local
window. W (x;y) is a weight parameter which is computed by the following formula

(obtained by the concept of MMSE):
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2 .
W(x;y) = ?((;(;I)) (3.5)

where 2 is the variance of the intensity in the local window and

7('1 " S)U (3.6)

2=
2 is a characteristic of speckle which is the ratio of the standard detian to the
mean in a homogeneous area; its value for single-look SAR data is 1 [36].

The weight parameterW (x;y) in Equation 3.5 will tend to be small in homoge-
neous regions and large in heterogeneous regions. Thereforepating to Equation
3.4, when using square-shaped windows the role of the local mean isan when
Itering the pixels near edges, while it is signi cant when the central pel is located
around the middle of the target. The local statistics in the Lee Iterof Equation 3.4
are traditionally computed in a window of xed size. However] (x;y) in Equation
3.4 can be replaced with the optimal mean value computed over thetwpal window
for each pixel as described in the previous section. Moreovef(x;y) in 3.5 can be

replaced by the variance of the values included in the optimal windowBy making

these two changes, the MMSE Iter with Adaptive Window Size is obtaiad.

3.4.3 Average Filtering of Polarimetric SAR Data with Adap-

tive Window Size

A full-polarimetric radar sensor records a scattering matrix of e&ctarget which

is de ned as below:
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2 3

Sy Sh
s=9™™ "L (3.7)
Svh va

where for each ternS,,, p and g represent transmitted and received polarizations,
respectively. Using a well-known result in [37], for monostatic SAR,,, = S,, and
hence the target can be characterized entirely by the 3-D Lexia@ghic feature vector:
T
K=" S P 2Sw  Sw (3.8)
where superscriptT denotes matrix transpose. Then the polarimetric covariance
matrix and its span (total power) can be obtained using the targetector with Equa-
tions (9) and (10), respectively; i.e.

2 ) 3
jShnj? 2SS, ShhSw
C=kkT=gP 2SwSi  2iSwi? P 25w S,, (3.9)

p_ L
SwSh 2S5, S, 1Sw] 2

span= k "k = jSunj® + 2jShj* + jSwi® (3.10)

where the superscript * represents the complex conjugate. A dr must have
the following characteristics to preserve polarimetric features dnbe known as a

polarimetric lter [25]:

1. All terms of the covariance matrix must be Itered in the same wayand by the

same amount;

2. Each term of the covariance matrix must be Itered independeht to avoid

cross-talk between polarization channels;
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3. The ltering should be adaptive so that scattering characterists are main-

tained.

The simplest way for Itering polarimetric images is to average the nefgpouring
covariance matrices in a window of speci c size. Although this Iter is at adaptive,
it preserves polarimetric features and the correlation between ahnels, and can be
adequate for some applications [1].

The idea proposed for using adaptive window sizes is extendable teethverage
Itering of covariance matrices. The feature vector in Equation 3.&ontains three
real and three imaginary components from the three polarimetrichannels. For the
polarimetric case, all six components can be used to select the optim window size
for each pixel following the same procedure as described in Sectiof.B since the
de nition of target is the same in all bands, even if they might appeavisually di erent
in each band. If the optimal window sizes obtained from six images drdrom each
other, their average is used as the best window size. Then, the @agance matrices in
the window selected for each pixel are averaged to form the spleekeduced matrix

for that pixel.

3.4.4 Polarimetric Filtering of SAR Data with Adaptive Win-
dow Size

[25] extended his re ned lter [38] to PolSAR data. LetZ be the covariance
matrix of the pixel to be Itered. Then, the ltered covariance matrix, Z can be

estimated by the following expression [25]:
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Z=W zZ+@1 W) Z (3.11)

In Equation 3.11, Z is the average of the covariance matrices in a non-square,
edge-aligned window chosen using the span image (see [25] for metail$), and W
is the same weight parameter in Equation 3.4.

In this paper, six real and imaginary images for all three channelseused for
computing the optimal window as described in Section 3.4.1, and the tained size
per pixel from each image is averaged to achieve the nal optimal sizThen, W is
computed from the span image in the optimal window. After that, Eqation 3.11 is

applied to estimate the speckle-reduced polarimetric covariance tna for each pixel.

3.5 Dataset and Study Areas

For testing the performance of our algorithm, two separate dasets were selected.
The rst one is a RADARSAT-2 full-polarimetric image over San Franciso, Califor-
nia, USA located at approximately 3745N and 12226°"W. This image was acquired
in FQ9 beam mode and Single Look Complex (SLC) format in 2008. Thisea con-
tains divergent land covers such as vegetation, ocean and built-apeas, and has long
been used for testing the performance of di erent SAR speckledécing lIters. The
selected subset in the entire image is illustrated in Figure 3.4, a.

For the purpose of illustrating the robustness of the algorithm, ta proposed |-
ters were also applied to another image. This RADARSAT-2 full-polarietric image
was acquired in 2015 over the Avalon Peninsula near St. JoepnNewfoundland and

Labrador, Canada, at approximately 4733N and 5232, in FQ4 beam mode and
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(a) San Francisco (b) St. John s

Figure 3.4: The selected subsets for applying the suggested Iters
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SLC format. This image also covers natural, urban (including an inteational air-
port), and ocean areas. The study area speci ed in the whole imagedisplayed in
Figure 3.4, b.

For a more precise visual inspection, a Google Eafth image from San Francisco,
and a 2008 Very High Resolution (VHR) image from Avalon Peninsula hawalso been
used. For the purpose of emphasizing the details, in this paper thesults of the lters
have been shown on selected sub-images. All odd numbers betwaed including 3
and 21 were considered as the range of window sizes to be applied loa ithages.

This range was selected by visual inspection of both images.

3.6 Results

3.6.1 Single-band Case

For single-band case, the proposed method was applied on both diaed and
real SAR images. The obtained results along with their validation arerpsented in

the following sections.

3.6.1.1 Simulated SAR Image

In order to evaluate the performance of the proposed methodpmilated images
with and without speckle were applied. Here, the simulated, withoutpeckle images
are referred to as the ground-truth images. The simulation prodare of the speckled
images is illustrated in Figure 3.5. As mentioned before, the real and aginary

parts of a SAR image have normal distribution with mean of zero andcaviance of72.
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Then, the intensity images were generated by combining the compmnis to simulate
a one-look SAR image (Figure 3.5).

Figure 3.6 shows the result of simulation. The left simulated SAR imag&aws a
region containing two di erent classes, and the right simulated SAR iage illustrates
two objects within a clutter [33]. Dierent lters, including the propo sed ones, were
applied to these two images and the performance of those lters wavaluated using

with-reference metrics. The details are presented below.

Real Component (X) \

Simulating samples using a
Gaussian distribution with mean

. [
of zero and variance of?

N ——

Creation of the
Intensity Image

_____________ _ y2 2
= Imaginary Component (Y) \ I'=X"FY

Creation of the
Ground-truth Image

Gaussian distribution with mean

/

I § ; :

| Simulating samples using a

I 2
. o

| of zero and variance of —-

I 2

N o - -

Figure 3.5: The block diagram of the simulation method.

Evaluation of the performance of dierent Iters can also be done sing with-
reference metrics. One of the most well-known ones is Mean Squireor (MSE),

which is de ned as below:

h i
MSE = E (f° f)>? (3.12)

wheref" and f are despeckled and ground-truth images, respectively. The ideal

value for this metric is zero. Another useful measure is peak signahloise ratio
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@ 0 (k) O

Figure 3.6: Simulated SAR images: (a-b) The ground-truth images;{d) The original
intensity images, (e-f) The 5-by-5 average Itered images, (g-hjhe 5-by-5 MMSE
Itered images, (i-j) Average Itered images with Adaptive Window Siz, (k-I) MMSE

Itered images with Adaptive Window Size.
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(PPSNR) which is shown in Equation 3.13:

hy arff ]

PSNR =10:log MSE

(3.13)

wheref is the ground-truth image. the ideal value for PSNR is 1.
As MSE and PSNR are for evaluation of the general performance aflter [32],
Structural Similarity Index Measurement (SSIM) [39] can be usedf estimating the

amount of feature preservation in the image. This metric is de nedsa

N2E[fLEI]+ C.  2Codf,f}]+ Cs |
E[f21+ E[fg]+ Ci Varlf] + E[fZ] + C,

SSIM =10:log (3.14)

whereC; and C, are suitable constants which were chosen as 0.01 and 0.03 in this
work. Moreover,f, and f"p are the ground-truth and despeckled images, respectively.

The three above-mentioned metrics were computed for images teel by the 5-
by-5 average and MMSE [2] lters (for the sake of comparison) anttheir adaptive
window size counterparts and the results are shown in Table 3.1. MS& smaller
for the xed-size Average and MMSE lIters than their adaptive-siz counterparts
which in turn causes PSNR to be larger for them. This means that theed-size
Iters introduced less bias to the image compared to the proposeaes. SSIM is also
relatively larger for the xed size Iters, which means that they aremore suitable in
retaining the structures.

It should be noted that the result of Itering on the synthetically speckled SAR
images is not enough for drawing conclusions about performance ltgrs on real
SAR images [32], because the selected ground-truth image and tkalrground-truth

re ectivity can dier signi cantly [32]. Moreover, a simulated SAR image cannot
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Table 3.1: Various metrics for evaluation of the proposed speckle éis on the simu-

lated SAR images

Filter MSE PSNR SSIM

15t Image 29 Image 2! Image 29 Image B! Image 2 Image

Average Filter 0.0537 0.0556 -1.2773 -3.3865 0.7086 0.6503
MMSE Filter 0.0565 0.0567 -1.5007 -3.4727 0.6905 0.6408
Average Filter 0.0815 0.0686 -3.0921 -4.2946 0.6519 0.6208
with Adaptive
Window Size
MMSE Filter 0.0813 0.0685 -3.0775 -4.2894 0.6429 0.6151
with Adaptive

Window Size
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be consistent with a real SAR image in terms of image formation and qasition

process [32]. Therefore, the experiment should be done on reaRSithages as well.

3.6.1.2 Real SAR Image

For the implementation of the single-band version of the method, ¢hHH channel
was selected from both full-polarimetric images introduced in Sectich For com-
parison, the average, MMSE [2], enhanced Lee lter [10], and Gamméer [11] with
a xed window size (5 5 window), and a non-local Iter, the Probabilistic Patch-
Based Iter (PPB, [40]), were also applied to the image. The PPB lter las various
user-de ned parameters, namely half sizes of the search windowdtl, half sizes of
the window width, and number of iterations, and the value of each isedcribed in
the gure caption corresponding to both study areas. Figure 3.7 ilsirates the re-
sults for a sub-image of the San Francisco area. The original on@#oHH intensity
image is blemished with the e ect of speckle. Although the 5 5 average Iter has
improved the images visually in homogeneous regions, boundaries andtle objects
are smeared. The MMSE lIter outperformed the average lIter in reaining the edges
and details; a fair amount of speckle, however, is still present in themage and occa-
sional isolated pixels with higher intensity can be viewed in homogenemegions. The
enhanced Lee Iter preserved even more details. However, in sopaats, for example
the urban area in the bottom right of the image, the objects seenather noisy and
have not been evenly ltered. Moreover, isolated points, i.e. the s brighter than
their surrounding parts, are still present in the image. The Gammalter had almost
the same performance as the enhanced Lee lter, with isolated ptarbeing present

sporadically. In addition, the objects in urban areas are also not opletely clear in
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the Itered image. It should be noted that in practice, usually largerwindow sizes
are used for ltering, which causes more blurring. The PPB lter e ectively reduced
speckle although the urban area was slightly blurred. The proposédierage Filter
with Adaptive Window Size shows a signi cant improvement, both by sppressing
speckle in homogeneous areas and maintaining the object boundsri€ome details,
however, are blurred as a result of over Itering. This downside is mabserved in
the proposed MMSE Iter with Adaptive Window Size. The result using aaptive
window size shows that details were well preserved as seen in Figurg & and F,
while speckle was successfully suppressed in homogenous regions.

Similar results were obtained for the St. Johs image as depicted in Figure 3.8.
The e ect of speckle can be discerned in the original image and as egfed, the
average lter indiscriminately Itered all parts of the image by the sane amount.
The MMSE Iter maintained the details but isolated points can be clearlynoted. A
similar outcome can be observed in the enhanced Lee ltered imagetsome features
were better preserved, such as the urban part near the bottonght of the image. The
Gamma lIter has also retained the details, but still there are many idated bright
points throughout the image and some parts not being Itered cometely. The PPB
Iter e ectively reduced speckle, but some subtle structures reain obscured. The
proposed Average Filter with Adaptive Window Size, on the other hat Itered the
homogeneous areas reasonably well, while it has maintained the detailsolated
points cannot be observed anymore. Even better results havedneachieved using
the MMSE Iter with Adaptive Window Size, where the smaller objects & preserved
better.

Figure 3.9 demonstrates the variation of standard deviation with tb change of
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(d) (e) (f)

) (h)

Figure 3.7: San Francisco: a) Original one-look HH intensity image. €hrectangle
on the top and the bottom of the image show the regions used formaputation of
ENL and Coe cient of Variation, respectively, b) The 5 5 average Itered image, c)
The 5 5 MMSE lItered image, d) The 5 5 enhanced Lee lItered image, e) The 55
Gamma Itered image, f) PPB Itered image with hw=20, hd=5, and 1 iteration,
g) Average ltered image with Adaptive Window Size, h) MMSE Itered image with

Adaptive Window Size.
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(c) (d)

) (h)

Figure 3.8: St. Johns: a) Original one-look HH intensity image. The rectangle on the
top and the bottom of the image show the regions used for comptitan of Coe cient

of Variation and ENL, respectively, b) The 5 5 average lItered image, c) The 55
MMSE ltered image, d) The 5 5 enhanced Lee ltered image, e) The 55 Gamma
Itered image, f) PPB Itered image with hw=10, hd=3, and 4 iteration s, g) Average
Itered image with Adaptive Window Size, h) MMSE ltered image with Adaptive

Window Size. 121



Itering window size for a pixel located in a homogeneous and a hetgeneous area
from the San Francisco image, respectively. The homogeneousioagwas selected
from the ocean on the top right of Figure 3.7 and the heterogeneoarea was cho-
sen from the urban area on the bottom right of Figure 3.7. Theor®ally, as proven
in Section 3.4.1, a large window size is needed in a large, homogeneoaa.af his
is the case in the represented homogeneous region in which the mimmstandard
deviation corresponds to the largest possible window size. On thehet hand, in a
heterogeneous area a small window size su ces. This fact was reatizin the repre-
sentative heterogeneous area in which the minimum standard deviat corresponds
to the smallest possible window size. It should be noted that theseaamwples are just

two extreme instances amongst many other possible cases.

Assessment of the Results  An ideal speckle Iter should reduce the amount
of speckle in homogeneous regions while it preserving the details oé ttmage in
heterogeneous areas. Moreover, it should not introduce any biago the image
after Itering. To evaluate the performance of the image from thezarious mentioned
aspects, therefore, computation of some metrics is necessary.

For the assessment of the performance of the lter in homogeneoregions, the
common measure for estimation of speckle level in the image, namelguivalent
Number of Looks (ENL) was selected. Number of looks is an appragte measure for
estimating the amount of speckle in the image, which is proportionabtthe speckle
standard deviation to mean ratio [1]. For an intensity image, the ENL isle ned as

below [1]:

122



0.085

0.08 -

0075

0.07 -

0.065 -

standard deviation

0.06 -

0.055F

0.05

10 12 14 16 18 20
window size

2 4 6 8 22

(@)

=]
3

=]
o

o
o

=]

standard deviation
w

1
IS

=]
N

=]

=)

10 12 14 16 18 20
window size

(b)

22

Figure 3.9: The variation of standard deviation with the change of t Itering window

size. a) A homogeneous pixel, and b) A heterogeneous pixel.
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Table 3.2: Various metrics for evaluation and comparison of the permance of the
proposed speckle lters on real SAR imagesefrg and frg show the mean and

standard deviation of the ratio image, respectively.

Image San Francisco St. John's

ENL Ci(Cp) Efrg frg ENL Ci(Cp) Efrg frg

Original Image  0.9233  2.6284 1 1 0.8919  0.8908 1 1

Average Filter 11.2384 1.7112 0.9663 0.9564 10.4493 0.7718.9653 0.9563

MMSE Filter ~ 7.2548 2.8251 0.9100 0.7612 7.0836 0.9611 0.8080.7637

Enhanced Lee 6.0499 3.7046 0.9360 0.7528 5.7243 1.0963 0.9317 0.7572

Filter

Gamma Iter 6.8299 4.0011 1.0051 0.8108 5.7897 1.1009 1.2060.8079
PPB lter 6.9235 2.4647 0.6149 0.5231 5.7930 0.7014 0.7760.5383

Average Filter 10.4822 1.003 1.1394 1.5280 10.2089 0.7065 1.1356 1.4085

with Adaptive

Window Size

MMSE Filter 9.3041 2.7543 1.0037 0.9078 9.3788 0.8479 1.0152 0.8793

with Adaptive

Window Size
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_ (mean)?

ENL .
variance

(3.15)

calculated over a large, homogenous area. A high value for ENL slsativat speckle
was suppressed e ectively. It should be noted that the value of BN estimated by
Equation 3.15 is usually less than the actual number of looks as a risof spatial
correlation [1].

For the images available for this paper, ENL was calculated over the@an in the
top right of the San Francisco image (Figure 3.7) and over the largekia in the St.
Johns image (Figure 3.8). The results are shown in Table 3.2. As can be viewe
in Table 3.2, the value of estimated ENL for both original images is lestan but
close to 1, as expected. The average ltered images have the higtfhealue of ENL
over all Itered images which shows the relatively e ective suppregm of speckle. The
MMSE, enhanced Lee, Gamma, and PPB Iters have a lower ENL whichdicates the
presence of speckle remaining in homogeneous parts of the imad®s.comparison,
the Average Filter with Adaptive Window Size reduced speckle almostsanuch as
the average lter; and the MMSE Iter with Adaptive Window Size has a slightly
smaller ENL, while this value is still higher than the corresponding valgefor the
MMSE, enhanced Lee and Gamma lters.

For estimating the level of texture preservation in heterogenesiareas, a compar-
ison can be made between the coe cient of variation computed oveéhe despeckled
image, namelyC,, with its corresponding theoretical valueCs , as mentioned in [19].
It can be concluded that loss of radiometric information leads t&€; < C, while

injection of impairments can yieldC; > C» [32]. C; and C are de ned as:
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1+ C2 '
c, = varf] (3.17)

" e

where C, and C, are the coe cient of variation of the noisy image and speckle
noise, respectively, and’ is the de-speckled image [19]C; for the original image
and C, for all Itered images have been computed over a heterogeneousea in
both San Francisco (Figure 3.7) and St. Johs (Figure 3.8) images and the results
are depicted in Table 3.2. As can be observed, average lter poorlygserved the
textural information in the images from both areas. MMSE, Enhared Lee and
Gamma lters have larger coe cients of variation in comparison with te original
image which suggests that these Iters introduced some impairmemd the original
image. The PPB lter yielded a slightly lower coe cient of variation with r espect to
the original image, which signi es a slight blurring in texture. AverageFilter with
Adaptive Window Size resulted in a signi cantly lower coe cient of variation, which
implies that this lter performs poorly in maintaining textural patter ns. MMSE Iter
with Adaptive Window Size, however, has the closest coe cient of vaation to the
original image in both areas, which shows that this lter had the besperformance
in texture preservation amongst all examined speckle lters.

Another useful measure for evaluating the overall performanad a speckle lIter

is the ratio image which is de ned as:

r(n)= —= (3.18)



where g(n) is the noisy andf’\(n) is the despeckled image [33]. An ideal speckle
Iter yields a purely random ratio image while a poor speckle Iter cause some
patterns to be visible in the image [32]. The mean and standard deviati@f the ratio
image should be as close as possible to the theoretical values of ldpestatistics [32].
Both of these values are 1 for a single-look image [41].

Ratio images resulting from all Itered images for both the San Fransco and St.
Johns areas are illustrated in Figure 3.10 and 3.11, respectively. Over hatreas,
some structures are visible in the enhanced Lee, Gamma and PPB i while the
ratio images resulting from the Average Iter with Adaptive Window Siz and the
MMSE Iter with Adaptive Window Size have an almost random pattern. For a more
accurate comparison, however, some numerical metrics are rsseey.

The statistics were computed for the ratio image of all Itered image over both
areas and the results are illustrated in Table 3.2. The mean and staard deviation
of the ratio image resulted from the average lIter is close to 1 which ilgirates an
unbiased performance. The value of the ratio imagemean for MMSE, Enhanced Lee
and Gamma lters is close to 1. However, standard deviation of theatio image of
these lIters di ers signi cantly from the expected theoretical vdue. This is also true
for the mean and standard deviation of the ratio image resulting fro the PPB lter.
The mean and standard deviation of the ratio image resulted from éAverage Filter
with Adaptive window size have a considerable di erence with 1 which ggests that
the ltering process introduces some bias into the image. The statiss computed
from the ratio image of MMSE Iter with Adaptive Window Size, however have
almost the closest values to 1, which shows that this Iter introducga small amount

of bias to the image after Itering.
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Figure 3.10: San Francisco: Ratio images resulted from: a) The % average ltered
image, b) The 5 5 MMSE ltered image, c) The 5 5 enhanced Lee lItered image,
d) The 5 5 Gamma ltered image, e) PPB ltered image with hw=20, hd=5, and
1 iteration, f) Average Itered image with Adaptive Window Size, g) MMSE lItered

image with Adaptive Window Size from the San Francisco image
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Figure 3.11: St. John's: Ratio images resulted from: a) The 55 average ltered
image, b) The 5 5 MMSE ltered image, c) The 5 5 enhanced Lee ltered image,
d) The 5 5 Gamma lItered image, e) PPB lItered image with hw=20, hd=5, and
1 iteration, f) Average Itered image with>8daptive Window Size, g) MMSE Itered

image with Adaptive Window Size from the San Francisco image



Also, for estimating the degree of details preserved visually, a smalibset from
the urban area of both images is selected to be investigated moreselly. These
subsets are represented in Figure 3.12 and Figure 3.13.

The original San Francisco small sub-image illustrated in Figure 3.12 iseated
by speckle and the buildings in the urban area seem disconnected.eTéwerage Iter
almost reduced speckle but the small objects are severely blurrethe MMSE Iter
balanced reducing speckle and retaining the details. However, theundaries in the
built-up area are smeared. If a window size larger than 5 5 was used, this e ect
would be more serious. The Enhanced Lee lIter blurred the building lhimdaries in
some parts, and disconnected them in other parts. The Gamma ltdhas Itered the
image unevenly and the di erent parts of the urban area are eithdalurred or speckled.
The PPB lter reduced speckle with slight over Itering in urban areas The Average
Filter with Adaptive Window Size successfully maintained the shape ohe buildings
and reduced speckle, except for some objects which have beesrlgvitered. Finally,
the MMSE Iter with Adaptive Window Size has the best performance preserving
the shapes in Figure 12 as well and reducing speckle e ectively.

The small sub-image from St. Johrs shows similar results. The urban area is
severely a ected by speckle in the original image in such a way that ighpart can
hardly be discerned visually; the average Iter destroyed the deila. The urban
area can be better distinguished from other parts in the images Ited by MMSE,
enhanced Lee and Gamma lters, but speckle and isolated points aséll present.
The PPB lter successfully preserved the details, but a few subtles&tures are lost.
Although the Average Filter with Adaptive Window Size caused slight bltring, it

yielded a clear image for the urban area and reduced speckle evetigotighout this
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Figure 3.12: A small subset of the San Francisco image: a) Originaleslook HH
intensity image, b) The 5 5 average ltered image, c) The 5 5 MMSE Itered

image, d) The 5 5 enhanced Lee ltered image, e€) The 55 Gamma ltered image,
f) PPB ltered image with hw=20, hd=5, and 1 iteration, g) Average Itered image
with Adaptive Window Size, and h) MMSE Itered image with Adaptive Window
Size highlighting urban areas from the San Francisco image.
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region. Finally, the MMSE Iter with adaptive window size compensatedfor the
overly ltered parts in the Average ltered image with Adaptive Window Size, o0 ering

an e ciently speckle reduced image.

3.6.2 Polarimetric Case
3.6.2.1 Simulated PolSAR image

In order to test the performance of the proposed method for fimetric SAR
data, two PoISAR images without and with speckle (Figure 3.14, a and) bwere
simulated using the Monte Carlo simulation explained in [1]. First, for a e@ariance

matrix, Cz was generated such that:

cz(Cz)T=C (3.19)

where T denotes the conjugate transpose. Then, a complex vectuy,js simulated
which has a normal distribution with zero mean and an identity covariace matrix.

Then, the single-look vectomu can be obtained using the following equation:

N

u= Czy (3.20)

Figure 3.14 illustrates the result of applying the proposed polarimetr Iters to
two simulated PoISAR images. For the sake of comparison, the resulbf applying
the average polarimetric lter and the Lee PolSAR lter [25] on both inages are
also shown in Figure 3.14 , ¢ and d, respectively. As can be observedt: average
polarimetric Iter blurred the boundaries. Moreover, the Lee PolSR lter failed

to completely remove speckle, and left some bright point in the imageThe two
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Figure 3.13: A small subset of the St. John's image: a) Original onesloHH intensity
image, b) The 5 5 average ltered image, c) The 5 5 MMSE lItered image, d) The
5 5enhanced Lee ltered image, e€) The 55 Gamma Itered image, f) PPB lItered
image with hw=20, hd=5, and 1 iteration, g) Average Itered image with Adaptive
Window Size, h) MMSE ltered image with Adaptive Window Size highlightingurban

areas from the San Francisco image. 133



proposed methods, however, suppressed speckle more e etfjvend maintained the

boundaries successfully.

(@) (b) (© (d)

() (f) (9) (h)

@ 0 (k) 0

Figure 3.14: Polarimetric simulated SAR images: (a-b) The grounddth images,
(c-d) The original polarimetric images, (e-f) The 5 5 average ltered images, (g-h)
Images Itered with 5 5 re ned PolSAR lter, (i-}) Average lItered images with

Adaptive Window Size, and (k-I) POISAR Itered images with Adaptive Window Size.
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3.6.2.2 Real PolSAR image

The proposed ltering algorithms for multi-polarized images, namely\aerage |-
tering and Polarimetric Itering with Adaptive Window Size, were implemented on
both full-polarimetric RADARSAT-2 images. For comparison, typicalaverage |-
tering and the Lee PoISAR lter [25], as well as more advanced methsdnamely
Lopez [42] and Intensity Driven Adaptive Neighbourhood (IDAN) [2P lters, were
applied on the image. The results for the San Francisco image are mégd in Figure
3.15. A Google EarthM snapshot for the San Francisco region was included in Figure
3.15 for a closer visual investigation. The original SAR image is repegged in false
color composite, havingSphj? as the red,jSj? as the green andS,,j? as the blue
channel which is clearly a ected by speckle. The average lter, alttugh reducing
speckle, caused severe blurring in the image. The re ned PolSAR tahows signif-
icant improvement, but small details, for example in the urban area ithe bottom
right of the image, are smeared. The Lopez lIter e ciently ltered the image, but
some occasional brighter points are visible in the image and the urbarea is slightly
blurred. The IDAN lter has e ectively reduced speckle while maintainng the de-
tails, which shows the value of the adaptive neighbourhood. The Awage Filter with
Adaptive Window Size also retained the details, suppressing speckleatively with
minimal over- ltering of some parts, although these parts cannobe easily distin-
guished. Finally, PoISAR Iter with Adaptive Window Size performed vey well, by
both reducing speckle and preserving the details.

Analogous results were achieved for the St. Jolnfull-polarimetric image, as

represented in Figure 3.16. Aerial images have also been used fgistance in visual
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Figure 3.15: San Francisco: a) Original polarimetric image, b) Snapsthof the study
area from Google EarthM, c) The 5 5 average lItered image, d) Image ltered
with 5 5 rened PolSAR lter, e) The 5 5 Lopez ltered image, f) IDAN Itered

image with window size row of 50, g) Average lItering with Adaptive Winaw Size,

h) PoISAR Itering with Adaptive Window Size.
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inspection. The polarimetric average lIter blurred the details. The e ned PoISAR
and Lopez Iters made a considerable improvement, but the detailsakie been slightly
over- Itered, and an amount of speckle is still remaining. A non-spmkled, clear image
indicates that IDAN Iter performed e ectively. The polarimetric av erage Iter with
Adaptive Window Size o ered a smooth part in terms of homogeneousgions, and
maintained the details of subtle points. The PolSAR Iter with Adaptive Window
Size outputted almost the same image, preserving slightly more daésain the urban

part.

3.7 Discussion

It was observed in previous sections that the proposed adaptivendow approach
works well with single-band and multi-polarized SAR data. This methodlso can be
applied to partially-polarized data, using available real and imaginaryhannels for
estimating the best window size, and then applying the result to the iansity image.

A disadvantage of the proposed method is its computational compity. In a
typical ltering process the ltering size is manually selected which cases the Iter to
have a low computational complexity, but at the expense of either$ing some detail,
or leaving speckle in the image. The proposed method looks for thesb&indow
size for each pixel, and then applies the Iter on it. For improving the amputational
complexity of the method, narrowing the range of window sizes foitering each pixel
based on a heterogeneity measure is suggested.

Some practical considerations are necessary when implementing ttroposed al-

gorithm. In the range of window sizes which are selected for Iterinthe real and
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Figure 3.16: St. Johns: a) Original polarimetric image, b) Snapshot of the study
area from Google EarthM, c) The 5 5 average ltered image, d) Image ltered
with 5 5 rened PolSAR lter, e) The 5 5 Lopez Itered image, f) IDAN Itered

image with window size row of 50, g) Average lItering with Adaptive Winaw Size,

h) PolSAR Itering with Adaptive Window Size.
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imaginary images, the minimum window size is more important than the mxanum
one. If the minimum window size is too large, some details in the image midhe
blurred. Thus care must be taken in selecting the minimal window sizéhe most
conservative choice for that is 3 3.

Computing the optimal window size using both real and imaginary imagehelps
to estimate the best window size more accurately, but using one diegm su ces.
This is also true for the polarimetric lter, where all real and imaginay images are
used for estimating the most appropriate ltering size. Although tke three channels
have di erent features, the de nition of object is the same in all othem, although
they might appear diversely in each band. Accordingly, optimal windwe size for each

pixel must be the same for all channels.

3.8 Conclusion

Using a single xed size rectangular window is not e ective for speckl#ering of
SAR images, owing to the fact that objects with di erent sizes needi erent ltering
windows. To address this issue, the paper presents a novel teicue for Itering with
Adaptive Window Size. The method applies windows with changing sizesroughout
the image based on local information (i.e. Standard Deviation) comped from neigh-
bouring pixels. To nd an optimal window size for each pixel, windows wit various
sizes are applied to real and imaginary SAR images separately, ane twindow with
minimum Standard Deviation is chosen as the optimum window size for dring. It
was demonstrated that the window which yields the minimal standardeviation for

each pixel over the whole range of sizes has the optimal size for ritey that pixel.
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The method was applied to single-look intensity data but it can be applieto mul-
tilook and amplitude images as well. The lter has been proposed in singband
and polarimetric versions, and average and MMSE Itering methods ith Adaptive
Window Size have been provided in both cases. The proposed methaditperform
their xed-size counterparts both in single-band and polarimetric @rsions. This ap-
proach can preserve the details of the image while suppressing &pee ectively.
The computational complexity of the proposed lters is greater thn their xed-size
counterparts because the suggested algorithms look for the appriate window size
for each pixel, while in the typical lters the window size is xed. The conputational
complexity, however, may be reduced. Finally, adjusting other Ites so that they

may be applied with adaptive window size is a valuable area of future sty
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Chapter 4

Object-based Classi cation of
Wetlands in Newfoundland and
Labrador Using Multi-Temporal

PoISAR Data

4.1 Preface

In this chapter, a multi-temporal object-based classi cation of wtlands using
PoISAR data was presented in which an alternative approach for segntation of
SAR images was introduced. The paper resulted from this chapteasibeen published

in the Canadian Journal of Remote Sensing
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4.2 Abstract

Despite the fact that vast portions of Newfoundland and Labrado(NL) are cov-
ered by wetlands, to date there is no provincial inventory of wetlais in the province.
In this study, we analyzed multi-temporal SAR data for wetland clas cation at four
pilot sites across NL. Object Based Image Analysis (OBIA) using a gmentation
method based on optical data (RapidEye image in this study), and Weadjusted to
SAR images, was rst compared to pixel-based classi cation. Nexmulti-date object-
based wetland maps using the random forest classi er were comedrto single-date
classi cation. Finally, ratio and textural features were evaluatedor wetland classi-
cation. The results showed that the OBIA method demonstratedsuperior results,
and the multi-date classi cation performed better than single-dag classi cation with
accuracies ranging from 75 to 95 percent. The multi-date resulth@ved that the
images acquired in August are the most appropriate for classifyingetlands, while
the October images are of less value. Also, covariance matrix is a \able feature set
for wetland mapping. Besides, ratio and textural features slightlyncrease the over-
all accuracy when the initial overall accuracy is relatively low. It carbe concluded
that multi-date SAR classi cation, with the proposed segmentationmethod, shows
great potential as a method for mapping wetlands and can be applidtroughout the

province.
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4.3 Introduction

Wetlands have been de ned as land that is saturated with water longnough
to promote wetland or aquatic processes as indicated by poorly dnad soils, hy-
drophytic vegetation and various kinds of biological activity which a& adapted to
a wet environment [1]. Wetlands are valuable natural resources amdovide many
ecosystem services such as collecting and reserving runo watemtecting soil from
erosion, purifying water and providing natural habitats for many aimals and plants
[2]. Currently, wetlands cover approximately 14 percent of Canadg8]. However,
the development of agriculture, urbanization, industry, and re@&ation has resulted in
alteration of wetlands to other land uses [2]. For example, only abo®0% of wet-
lands in southern Ontario and 25% of wetlands in Manitoba remain in exence [3].
Wetland destruction results in several environmental issues. Famstance, it causes
the natural habitat of many animals and plants to be destroyed, dhices water sup-
ply and water storage within a wetland, and causes soil erosion [4]. drefore, it is
crucially important to monitor the existence and health of wetlands.

Newfoundland and Labrador (NL) is no exception in this regard. Weédnds in
NL are important habitat for waterfowl, Canada geese, Americanlack ducks and
green-winged teal [5]. Unfortunately, however, upwards of 85 ngent of wetlands in
the coastal zones of Atlantic Canada have been altered or dested [6,7]. Currently,
NL is the only province in Atlantic that lacks a provincial wetland map [89]. Also,
the maps for New Brunswick and Nova Scotia are not accurate [1@]1 Although
some data has been collected through Environmental Impact Saahents (EIS), they

are often out of date or not publicly available and hence many resehers have noted
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the need for a detailed, up-to-date provincial wetland inventoryystem [12].

Synthetic Aperture RADAR (SAR) images have been successfully e for wet-
land mapping [13{15]. SAR images have several features which makern ideal for
wetland mapping. They can be acquired independent of weather abtions, and thus
are not a ected by cloud coverage, a particularly important featte in a place like NL,
where cloud cover is frequent. Unlike optical images, SAR images aro penetrate
through vegetation. This is especially useful for wetland classi catn as wetlands are
characterized by ooded vegetation. Moreover, textural infanation in SAR data is
an asset for classi cation purposes.

[13] evaluated the potential of RADARSAT-1 texture information br wetland
classi cation. In that study, texture information improved the classi cation accu-
racy slightly. [16], after observing the high potential of RADARSAT2 images for
forest type discrimination, investigated the capability of RADARSAT-2 images for
wetland mapping. They used Convair-580 full-polarimetric C-band SA data, ac-
quired in 1995, for this purpose. The authors noted the parameter in Cloude and
Pottier decomposition [17] was not su cient for wetland discrimination, and thus
the Touzi decomposition [18] parameters were developed instedthese parameters
showed high potential for wetland mapping and even proved usefolr distinguishing
bogs from fens, both peatlands which, though di erent, share mg similar ecological
charcteristics [7]. In fact, the vegetation within bog and fen are v similar to each
other. However, bog's only source of water is precipitation, whilerfenas other water
sources as well. In [14], separability analysis and maximum likelihood cliasstion
were exploited for wetland classi cation using Convair-580 images. sfexpected, it

was concluded that polarimetric data are more informative than ddaor single po-
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larization data for wetland mapping, and that polarization ratios areadequate for
discrimination between ooded and non- ooded areas. A more comghensive study
was carried out by [15], who evaluated the capability of Touzi decoropition for
wetland mapping. Nine RADARSAT-2 images were used from which polaretric
features were extracted and evaluated for wetland mapping. Thea decision tree
was adopted for the classi cation. Desirable results were obtainexhd the authors
concluded that SAR data hold great promise for wetland mapping.

As wetlands demonstrate a high level of temporal variability, multi-dte sampling
is required to study them. For example, a study by [19], investigatefdill-polarimetric
RADARSAT-2 time series to detect and locate the seasonal changkesaturated areas
in wetlands. The authors investigated the sensitivity of di erent péarimetric decom-
position parameters towards the variation of the water-table in m&h- ooded areas.
Shannon Entropy showed the strongest sensitivity to the change Then, this pa-
rameter was exploited for detection of marsh- ooded areas usiaghreshold method.
In [20], statistical methods and a decision tree classi er were usea detect areas with
a high degree of saturation using a time series of ENVISAT ASAR datan [21], the
time series of TerraSAR-X dual-polarized data was also used for ddging wetlands
in Lac Bam of Africa. The authors pointed out that the accuracy otlassi cation
was signi cantly higher when multi-temporal data was used, espediyabecause of the
fact that the study area undergoes great uctuations in water feels annually.

Object-based classi cation has proven useful for wetland mapmr22{26]. Object-
Based Image Analysis (OBIA) is a classi cation method which is not basl on individ-
ual pixels, but which considers neighbourhood information to formbgects. Objects

or segments are a group of homogeneous pixels whose homogeiwityased on mul-
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tiple measures, e.g. spectral, texture and shape. As wetlands @ various sizes
and shapes, object-based classi cation is valuable for wetland n@pg. [24] analyzed
aerial imagery to delineate wetlands by applying OBIA and reportedraoverall ac-
curacy of 89 percent. [23], analyzed RADARSAT-1 and Landsat imag for mapping
wetlands using di erent levels of segmentation. SAR and Optical im&g were seg-
mented in various scales from large to ne and classi ed using memiséip function,
and in each level, only a part of the image which needed a ner classitian was
segmented in a smaller scale. In [25], the authors used Advanced &leorne Ther-
mal Emission and Re ection Radiometer (ASTER) images along with o#r types of
datasets, including SAR images and Digital Elevation Model (DEM), talassify the
wetlands of northern Brazilian Amazonia in an object-based mannerAn accuracy
of 88 percent was reported. Additionally, in [22] the authors combéd RADAR im-
ages with medium resolution optical data to obtain wetland maps ovex large area.
Segmentation was applied to the images and the derived images wdessi ed using
an object oriented fuzzy method. Furthermore, the capability oRADAR texture in-
formation for improving the result of classi cation was examined. [J@lso applied a
decomposition to TerraSAR-X data. Then, the decomposition laysrwere segmented
using the multiresolution algorithm. The authors achieved an accuecg higher than
85 percent for wetland classi cation.

The segmentation of imagery is the rst step in object-based classation. So
far, many segmentation methods have been proposed some of Whace speci cally
applicable to SAR images. For example, [27] presented an algorithnt Begmenta-
tion of SAR images based on nonlocal contour active model. Promisirgsults were

obtained for various SAR images. [28] attempted to segment SAR iges in a two
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phases by applying curvelet coe cient energy (KCE) and an unsupeised spectral
regression (USR) method. [29] modi ed simple linear iterative clusterg (SLIC) to
segment SAR images. On the other hand, there are some segmgotamethods
which are most e ective is applied on the optical images. The most canon one is
the multi-resolution algorithm which is a popular segmentation apprazn rst pro-
posed by [30]. In this method, pixels or existing image objects are secutively
merged until a homogeneity criterion, determined by the user asé¢hscale parameter,
is satis ed. This homogeneity criterion is a combination of spectraldmogeneity and
shape homogeneity, the contribution of each is determined by theser [31]. Higher
values for scale parameters yield larger image objects [31]. Since SARges are
blemished with speckle, when applying segmentation methods speaily proposed
for SAR imagery, sophisticated algorithm have to be applied. Also, weh utilizing
segmentation methods designed mainly for the optical imagery, masdten results are
not as accurate as desired. For that reason, in this paper, an aitative method is
introduced to segment SAR images in which optical images are used $egmentation
of SAR data. The details of this method are provided in the Method s&on.

In recent years, Random Forest (RF) [32] has supplanted contemal classi ers
such as Maximum Likelihood (ML). RF classi er is an ensemble of regigen trees
each of which is generated using a random vector, which is sampledeapédndently
from the input vector. Each regression tree votes for a class fargiven pixel/object,
and nally the most popular class is assigned to that pixel/object [32].Features
from various sources with di erent ranges can be incorporated iotRF. Moreover,
the RF classi er has the least sensitivity to the size of training sampéeand is the

least susceptible to noise [33]. Thus, RF is especially useful when insient training
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data is available. Many researchers in recent years have applied tRE algorithm in
wetland classi cation [33{35]. [35] applied the RF classi er to examinehte potential
of SAR polarimetric decompositions and LIiDAR derivatives for mappingvetlands
within Mer Bleue bog within southern Ontario. The authors remarkedhat RF is
not only useful in wetland classi cation, but also has the potentiala prioritize var-
ious features in terms of their role in classi cation accuracy. In [34JERS L-band
SAR imagery was used to produce a thematic map of wetlands usingetiRF algo-
rithm. Di erent polarimetric combinations and several polarimetric cecompositions
were evaluated for wetland mapping. In [33], the performance ofrée di erent clas-
si ers, namely ML, Classi cation and Regression Tree (CART) and RFwvere assessed
for wetland classi cation in Sanjiang Plain of China. In this work, RF poduced the
highest accuracy.

The purpose of this study is to develop a wetland classi cation metlumlogy for NL
and evaluate multi-date RADARSAT-2 polarimetric C-band SAR imagegor object-
based classi cation of four pilot sites using the RF classi er. This pagr presents the
details of the pilot sites and data sets in the next section, followed ltie methodology,

results and discussion sections. The paper ends with conclusionsdzhon this study.

4.4 Study areas and Datasets

4.4.1 Study Areas

For the purpose of developing a methodology to map wetlands thrghiout the

entire province of Newfoundland and Labrador, ve pilot sites werselected (Figure
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4.1). The Avalon, Grand Falls, Deer Lake, and Gros Morne pilot sites@all located
on the island of Newfoundland, and Goose Bay is located in LabradoFhe charac-
teristics of the pilot sites are summarized in Table 4.1. The eld data foone of the
pilot sites (Grand Falls) were not available at the time of processing,nd hence we

performed our analyses on the other four pilot sites.

4.4.2 Field Data

The Canadian Wetland Classi cation System (CWCS) [7] was used forettand
classi cation in this research. The CWCS divides the wetlands of Cada into ve
main categories: Bog, Fen, Marsh, Swamp and Shallow Water. Theskasses are
de ned on the basis of oral, hydrological, pedological, and physioemical charac-
teristics. According to the CWCS National Wetlands Working Group 1997), the 5
classes are described as follows:

Bogs are peatlands (peat is poorly decomposed organic matter) that erom-
brotrophic, meaning that a bogs only source of water is precipitation [7]. As a result,
bogs are low in nutrients and are highly acidic, which in uences the @l composition
of these wetlands: Sphagnum Moss species and ericaceous shanbslominant and
carnivorous plants are common [7]Fens like bogs, are peatlands. However, unlike
bogs, fens receive water from multiple sources including precipitatiounderground
and surface water ow, which makes fens minerotrophic [7]. A fen oral compo-
sition re ects the nutrient quality of its water sources, and thus nay be considered
rich (dominated by sedge, grass species and brown moss speciegoor, in which

the oral composition is partly similar to bogs [36]. Swampsare wooded wetlands,
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Figure 4.1: Five representative pilot sites of Newfoundland and Laddor for wetland

classi cation of the province (adapted from Google Earti").
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Table 4.1: General characteristics of the pilot sites.

pilot Center s Center s Area Climate Ecoregion Dominant Land
site Approximate Approximate  (Km?2) Cover
Latitude Longitude
Avalon 47 2N 52 529V 668 Oceanic Maritime Barren heathland
Ecoregion barrens, balsam
forests, urban
and agricultural
areas
Deer 49 16N 57 15W 700 Continental ~ North Central extensive
Lake Ecoregion of peatlands and
Newfoundland balsam r, and
black spruce
forests, minor
urban regions
Gros 49 55N 57 428w 700 Oceanic Northern Pen low-lying
Morne Ecoregion of peatlands, small
Newfoundland towns,
mountainous
areas dominated
by balsam r and
black spruce
forests
Goose 53 18N 60 19w 700 Humid- Lake Melville extensive forests
Bay Continental Ecoregion of balsam r,

black spruce, and
white birch,
peatland covers,
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Figure 4.2: Images of wetland classes described by the Canadian Mfed Classi ca-
tion System across the pilot sites: a) Bog in the Avalon, b) Fen in Groslorne, c)

Marsh in Goose Bay, d) Swamp in the Avalon, e) Shallow Water in Gros Nae.
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meaning that at least 30% of the wetland is dominated by woody veggion, be that
trees or tall shrubs [7]. Swamps can be located both on peat or miaksoils, and like
fens are minerotrophic [7]. Swamps experience more seasonal wateel uctuations
compared to that of bogs and fens [36] and may experience periaasvhich stand-
ing water is present. Marshes are located entirely on mineral soils and experience
high levels of potential daily, monthly, and seasonal water uctuabns. They also
can be noticeably a ected by ooding, evapotranspiration and mayompletely dry
out during drought [7]. Nutrient availability in marshes is high and can spport the
growth of vascular plants that are often partially submerged in wagr [36]. Marshes
are treeless and emergent aquatic plants are a common featurgh@m [7]. The nal
class, shallow watey is a wetland where water is present and generally stable year
round at depths of 2 meters or less. However, in times of droughhere is a pos-
sibility that the substrate of shallow water wetlands may be expose[B6]. Shallow
water often occupies transitional zones between other wetlandad deep water and
are dominated by submerged aquatic vegetation [7]. Photographisdy erent classes,
acquired from the pilot sites in Newfoundland and Labrador, are illusated in Figure
4.2. Also, these ve wetland classes are superimposed on a SAR imagEigure 4.3.
For eld data collection, high resolution aerial photographs were inially used for
the selection of potential wetland sites. Then, a team of biologistssited candidate
locations based on the convenience of accessibility, and also publicporate own-
ership of the land. Finally, the visited sites were classi ed into one ohe wetland
classes described by the CWCS. For each wetland site, in addition toet location of
the selected class, other information such as photographs, areld notes on the dom-

inant vegetation, hydrology and adjacent landscape were provide The classi cation
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Figure 4.3: A RADARSAT-2 C-band image depicted in false color compites (jSnnj?
as the red,jSyyj? as the green, andS,,j? as the blue channel) with a) Bog, b) Fen,

c) Marsh, d) Swamp, and e) Shallow Water polygons overlaid on that.
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categories, along with the ancillary information, were later procesd to provide the
polygons for training the classi er, as well as the accuracy assewnt of the classi-
cation. 50 percent of the processed eld data were used for ti@ng the classi er
and the other 50 percent were used for the accuracy assesdméable 4.2 shows the
area of, and the number of training and test sites in, each pilot sitéAlso, Figure 4.4
shows the distribution of training and test sites in the Avalon pilot site It is worth

mentioning that at the time of writing this paper, only the rst phase of in situ data

collection was conducted during September and early October, Z01

Table 4.2: The area of, and the number of training and test sites inaeh pilot site.

pilot site Total Total test number of  number of
training area (ha) training testing sites
area (ha) sites
Avalon 413.80 385.29 113 109
Deer Lake 83.95 67.89 31 32
Goose Bay 326.74 228.77 30 29
Gros Morne 537.15 411.19 54 57

4.4.3 Image Datasets

RADARSAT-2, launched in 2007, is able to acquire full-polarimetric imags in
C-band (5.405 GHz) with a revisit cycle of 24 days. RADARSAT-2 full-plarimetric
SAR images with Fine-Resolution Quad-Polarimetric (FQ) beam modesane used in

this study. Since the swath width of this type of imagery is small conged to that
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Figure 4.4: The distribution of training and test sites in the Avalon ara.
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of other beam modes [37], more than one image was required to caber pilot sites
for each pilot site. Moreover, as the purpose of this study is to cquare the quality
of classi cation using multi-temporal images versus single-date anefor each pilot
site at least two images from di erent dates were analyzed. The ctecteristics of the
applied RADARSAT-2 images are depicted in Table 4.3. In addition to RABRSAT-

2 images, optical satellite images (mainly RapidEye) were used for tipeirpose of

initial segmentation.

Table 4.3: The characteristics of the RADARSAT-2 images used in thgudy

Pilot Site Acquisition Mode Nominal Incidence  Acquisition
Date Range Angle Date of the
Resolution Range Corresponding
RapidEye
Image

2015/06/10 FQ4 13.8-12.7 22.1-24.1
Avalon 2015/06/18
2015/08/21 FQ4 13.8-12.7 22.1-24.1

2015/06/23  FQ3 14.6-13.4 20.9-22.9

Deer

2015/08/10 FQ3 14.6-13.4 20.9-22.9 2015/06/18
Lake

2015/10/18 FQ16 9.0-8.6 35.4-37.0

2015/06/16 FQ2 15.4-14.1 19.7-21.7
Gros

2015/08/03 FQ2 15.4-14.1 19.7-21.7 2015/06/18
Morne

2015/10/14 FQ2 15.4-14.1 19.7-21.7

Goose 2015/06/30 FQ3 14.6-13.4 20.9-22.9

2015/06/18
Bay 2015/10/04 FQ3 14.6-13.4 20.9-22.9
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4.5 Method

A owchart of the methods used in this study is represented in Fige 4.5 and

each section is brie y explained below.

Figure 4.5: The Flowchart of the method applied in this study.

45.1 Extraction of Covariance Matrix

SAR images are provided in the form of a Sinclair or Scattering matrix:
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where Spq is the complex scattering coe cient in the transmitting polarization

(4.1)

of P and the receiving polarization ofQ [38]. The scattering matrix provides the
absolute phase recorded for each polarization channel, which candistorted during
processing. Therefore, the scattering matrix should be conved to the covariance

matrix, as follows [38]:

2
jShnj? 25hh Sw SnhSwy
E 2SS, 21 Shvj? P 2Sm S,y (4.2)

SwShy ZSWShV jSwij?
where the superscript * implies the complex conjugate. This matrixontains
the relative phase information, which is not deformed during prepoessing steps.
Therefore, the covariance matrix was extracted from all availablSAR images before

other kinds of processing.

4.5.2 Applying Speckle Filter

SAR images are blemished with the e ect of speckle. Speckle is the saitd-
pepper structure of SAR data, which occurs because of the codmt nature of SAR
images. This phenomenon hinders image segmentation and classiicat and thus
should be reduced. For this purpose, a 7-by-7 LeeRe ned PolSAR lIter [39] was

applied to the images after the extraction of the covariance matrix
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4.5.3 Terrain Correction and Georeferencing

SAR imagery has a number of geometric distortions as a result of SARle-looking
geometry. The most important geometric distortions are layoverfporeshortening and
shadow (refer to [40] for more details) which should be removed bgrtain correc-
tion. For this purpose, height information from a Digital Elevation Madel (DEM)
is used to remove these deformations [41]. In this work, both termacorrection
and geocoding were carried out using the ASF MapReady software and Canadian
DEMs (CDEMSs), produced by Natural Resources Canada (NRCanyith the vertical

accuracy of 10 meters, and the horizontal resolution of 15 by 2§uare meters.

45.4 Extraction of Di erent Features
45.4.1 Polarimetric Features

In the next step, several polarimetric features, including the caviance matrix,
coherency matrix, Freeman-Durden decomposition [42] and H/Alpha decomposi-
tion [43] were extracted from the full-polarimetric SAR images to bevaluated for
classi cation of wetlands.

The coherency matrix is de ned as below [44]:

3

iShiZ+2)=(SmSw) | Swi® iSmi® 2<(SmSw)t+ iSwi® 2S5mS,  2SwS.,

2SnSun + 2SSy 2S0Sw  2SwSi 4 Sy j2
(4.3)

2
iShni? +2<(SmSy) + iSwi? [Smni® 21 =(SnSw) | Swi? 2SmS., +2SwS,,
ol
S 2

The summation of diagonal elements of the covariance and the codrecy matrix
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is the same [44]. Also, eigenvalues of both covariance and coheremeyrices are real
and the same [44]. However, the interpretation of physical scatieg mechanisms is
performed easier using the coherency matrix [45].

Freeman-Durden decomposition divides the total power receiverbin the sensor
into three types of scattering mechanisms. Volume scattering is éhtype of scat-
tering typically received from tree canopies and vegetation. Doubleounce scatter-
ing represents scattering from surfaces with di erent dielectric noperties. Finally,
odd scattering shows the scattering from a moderately rough $ace [42]. Some re-
searchers have used Freeman-Durden decomposition for wetlasidssi cation, and
have reported promising results (e.g. [14]).

H/A/Alpha decomposition generates parameters which can chartarize the mech-
anism of scattering, and which therefore distinguish various tarte H (entropy), A
(anisotropy) and Alpha are the parameters which are derived froithe eigenvalues of
coherency matrix. Each of the scattering mechanisms (surfaauble bounce, and
volume) has a speci ¢ range of entropy, anisotropy, and alpha. Thfact helps in
the determination of scattering mechanisms for a speci ¢ objeciyhich, in turn, can
determine a speci c class for that object. H/A/Alpha decompositim has also been

applied in several papers for wetland classi cation (e.g. [46]).

45.4.2 Ratio and Textural Features

Using other object-based features in the classi cation in additionotthe conven-
tional object mean can be useful [47{49]. Therefore, in this studye evaluated the

e ect of several ratio and texture features on the classi cation
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Ratio Features  Although the absolute intensity values in each channel of a SAR
image are valuable in classi cation, the relative values have also pravémportant,
and might result in a higher distinction capability for a classi er. For this reason, the
potential of ratio features was assessed in this study for wetlamthssi cation. Three

types of ratio features that were applied in this study are illustraté in Equations 4.4

to 4.5.
o “
= “
JShvj? (4.6)

jShhj2 + ZjShvj2 + jvajz
The potential of the di erent combinations of the above featuresfor all available

dates, was evaluated for wetland classi cation in all four pilot sites.

Textural Features Grey Level Co-occurrence Matrix (GLCM) is one of the most
commonly used measures for evaluating texture [47]. This matrix is aliulation of
the occurrence frequency of di erent combinations of pixel grelevels. The evalu-
ated combinations for the occurrence of pixel grey levels can be &rious directions,
including vertical, horizontal, diagonal directions, or even the sumation of all direc-
tions [31,50]. This matrix is the basis for estimation of many texture pasures, such
as contrast, dissimilarity, homogeneity and so on. In pixel-based @M, a rectan-

gular neighbourhood is de ned for each pixel based on which GLCM ismstructed.
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In object-based GLCM, this neighbourhood is actually the whole oégt in which
the pixel lies which causes the estimated texture measure to be oglirer reliability.
As some of the texture measures proposed by [50] are stronglyretated with the
others [47], two measures were selected for the assessment efrtihe of texture mea-
sures in wetland classi cation: GLCM Dissimilarity and GLCM Entropy, which have
been reported popular in the literature [47]. In this paper, all GLCM gteria were
computed for various combinations of multi-date intensity layers,ra in all directions.
GLCM Dissimilarity is a measure of the amount of variation in an object.This
measure is high if the local dissimilarity is high. Dissimilarity is computed ém the

GLCM matrix using the following formula [50]:

Pigii ] (4.7)

wherei andj are row and column number, respectively\ is the total number of
rows or columns andPi; | is the normalized value in the cell i,j of the GLCM matrix.

GLCM Entropy is a measure of spatial disorder. The value of Entrgpis high if
a local region has a completely random distribution of grey levels. Il a low value
if the corresponding image layer has a solid tone [50]. It is de ned adléovs [50]:

b( 1
Pij ( InPj;) (4.8)

i;j =0

whereln is the natural logarithm. The two previously mentioned texture mesures
were evaluated for wetland classi cation in all four pilot sites and theesults are

reported in the following sections.
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Segmentation  Our alternative method for segmentation of the SAR images was to
use an optical image covering the same geographical area as thd&kSkage and to
segment it using the multiresolution algorithm. Then, the result of te segmentation
of the optical image is superimposed on the SAR feature sets. Final§AR feature
sets are segmented using those results to generate objecteofeatures. This method
is especially useful because as a result of the presence of speickiejidual pixel values
in SAR images are not meaningful even after applying lters. Howekethe average
of a group of pixels can be an accurate representative of a classdiassi cation.

For each SAR image, an optical image over the same area was sedetensing
the multiresolution algorithm by applying the eCognition Developei™ 9. The co-
registration accuracy for each of the four pilot sites was below hadf pixel. After
trial and error based on visual assessment of the obtained oligca scale of 300 and
a color weight of 0.9 (corresponding to a shape weight of 0.1) werdested for this
purpose. Then, the segmentation layer was superimposed on thgeles obtained from
SAR features to generate object-based features. For eachttee layer, the mean of
the pixel values per object was assigned to the whole object. Themased on the

obtained objects, ratio and textural features were computed.

Random Forest Classi cation Finally, the RF classi er in eCognition DevelopefV
9 was used for classi cation. RF was selected because a study dbyn¢51] showed RF
outperforms several other classi ers such as Maximum Likelihoo#1() and Classi -

cation and Regression Tree (CART) for wetland classi cation. The R classi er has
various user-de ned parameters. The depth of the tree is the leMto which each tree

is grown. The minimum number of samples per node determines the dlest number
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of training samples which are used at each node to predict the labdl an object.
The minimum tree number is the smallest number of trees which is used make a
decision on the label of an object. The number of active variables iset number of
randomly selected features in each node to be used for nding thedi split. After
experimenting with di erent values, the depth of the tree was setteb, the minimum
number of samples per node was set at 3, the maximum tree numbeasaset at 50,
and the number of active variables was set to the square root ofetiotal number of
features.

Initially, single-date classi cation was carried out utilizing all available shgle-date
feature sets. Then, by analyzing the accuracy of all single-datéassi cations, the
best multi-date combination of the feature sets was selected andsassed in terms
of accuracy. Next, the results of single-date classi cations wemmpared to that
of multi-date classi cation. Finally, the e ect of ratio and textural features was

evaluated on the best classi cation result.

4.6 Results and Discussion

For wetland classi cation of each pilot site, ve wetland classes (Bqdren, Marsh,
Swamp and Shallow Water) and three non-wetland classes (Uplandidadn, and Deep
Water) were initially considered for classi cation. However, dependg on the avail-
ability of eld data, the classes selected to be included in the classi tian di er in
each pilot site. The next sections are organized as follows: rst, éhperformance
of the object-based method and the proposed segmentation tetl is investigated.

Then, the results of classi cation using multi-date polarimetric feaires are presented.
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Finally, the e ect of ratio and textural features on the classi caion accuracy is eval-

uated.

4.6.1 Evaluation of the Proposed Segmentation Method

Two images, segmented with the multiresolution algorithm, along withhe cor-
responding resulting maps are represented in Figure 4.6. In Figuréé4a), the SAR
image is solely segmented using SAR layers. The segments clearly dbumsually
match the real-world objects. That is because the segmentatiorgarithms devel-
oped for optical images are not appropriate for SAR images, as thdo not take into
account the speckle phenomenon existing in SAR images. For segtimgnthe image,
initially an optical image covering the same geographical area as thARS image, has
been segmented (Figure 4.6 (b)) and the result of segmentatiorofn that area has
been superimposed on the SAR image. In object-based classi catithe mean value
of each feature is assigned to the entire image object. This causies resulting map
in Figure 4.6 (c), for which the segments do not conform to real-wldrobjects, to be
of poor quality. The reason is that with the wrong segments, the maa calculated for
a given segment will be a ected by several targets included in thatogect. However,
when the segments are consistent with real-world objects, as illested in Figure 4.6
(d), the calculated mean belongs to one object only and hence thesulting map is

of higher quality.
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Figure 4.6: Comparison between segmentation using only SAR layevgiothe Avalon
area versus segmentation using an optical image over the sameaar@) Segmentation
using only SAR layers, b) Segmentation using an optical image fromdlsame area, c)
Classi cation resulted from segmentation depicted in part (a), andl) Classi cation

resulted from segmentation depicted in part (b).
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4.6.2 Comparison of Object-based Classi cation with Pixel -
based Classi cation

For emphasizing the advantage of object-based classi cation oy@xel-based clas-
si cation, two corresponding resulting maps for the Avalon area ar illustrated in
Figure 4.7. The object-based map (Figure 4.7 (b)) had greater hmgeneous areas
identi ed. Moreover, the classi ed image is much cleaner and the clsised areas are
visually more similar to real-world objects compared to pixel-based mpgFigure 4.7
(a)). To compare the resulting maps quantitatively, the overall acuracy and per-class
accuracies for both maps are represented in Table 4.4. Not only istlverall accu-
racy of the object-based map higher, but also the per-class acaties are higher than
those of the pixel-based map. The results clearly show the benetiine object-based

map over the pixel-based map.

4.6.3 Classi cation Results

For all pilot sites, the overall classi cation accuracy using variousess of param-
eters is reported. For the objectives of evaluating e ciency of viland classi cation,
overall accuracy alone is not su cient for evaluating the quality of tassi cation, as
the accuracy of non-wetland classes also a ects the value of thisrpmeter. Therefore,
the average producer and user accuracies of exclusively wetlatakses are presented
in addition to the overall accuracy. For the best classi cation redty per-class accu-
racy is also reported.

Based upon the above discussion, for each pilot site, the rst stepas to perform

the classi cation using the available sets of features. On an individu®asis, these
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Figure 4.7: Comparison between pixel-based and object-based slastions in the

Avalon pilot site: a) Pixel-based classi cation, and b) Object-basedlassi cation.
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Table 4.4: Comparison between the pixel-based and object-basdalssi cation accu-

racies using multi-resolution algorithm over the Avalon area.

Pixel-Based Classi cation Object-Based Classi cation
Class Producer User Class Producer User
Accuracy (%)  Accuracy (%) Accuracy (%) Accuracy
(%)
Bog 70 62 Bog 79 76
Fen 35 23 Fen 58 36
Marsh 69 26 Marsh 60 33
Urban 32 80 Urban 40 83
Upland 50 74 Upland 66 80
Deep Water 100 100 Deep Water 100 100
Pixel-Based Classi cation 71 Object-Based Classi cation 79
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features include C3 and T3 matrices and Cloude-Pottier and Freemdurden decom-
positions. Then, based on the obtained results, the best multi-datcombination was
selected for the classi cation of the pilot site. As the number of tiaing samples for
the wetland classes is rather small, using all the features from mullgpavailable dates
causes the classi cation accuracy to decrease due to the Hugpesnomenon [52], and

consequently, is not recommended.

4.6.3.1 The Avalon Area

For both single-date and multi-date classi cations, the overall acgacies along
with the wetlands average producer and user accuracies are degicin Figure 4.8.
The overall accuracy and the wetlands average user accuracy ighter for the multi-
date classi cation than all single-date classi cations, and the wetlad s average pro-
ducer accuracy is lower than only one of the single-date classi cati® (T31). There-
fore, it can be concluded that overall, the presented multi-date cdai cation (C31+T32)
had the best performance compared to the single-date cases.eTitest classi cation
map and the best classi cation accuracies are illustrated in Figure 4&hd Table 4.5,
respectively. Bog, Urban, and Deep Water classes had acceptabteuracies, while
the producer accuracy for the Urban class and the user accuiex for the Fen and
Marsh classes are low. There is a considerable amount of commissionreor Fen
and Marsh classes, i.e. some parts of other classes have been kestg classi ed
as Fen or Marsh. Conversely, there is a high omission error for urbareas indicat-
ing that signi cant parts of the urban area have been mistakenly cksi ed as either
wetland or upland classes. This is also clear from Figure 4.9 becauseoastderable

section of urban region has been classi ed as Marsh. The low acaydor the urban

178



area can be attributed to the lack of optical data. Optical data a& commonly used
to accurately detect urban areas as a result of having a NIR bandrfdistinguishing

between vegetation and man-made structures. One reason foetlow accuracies of
wetland classes is suspected to be the small number of training sdesgpavailable for

them.

Figure 4.8: Single-date and multi-date overall and per-class accuares for the Avalon
area. C3=Covariance Matrix, T3=Coherency Matrix, Fr=FreemanDurden Decom-
position, HAA=H/A/Alpha decomposition. The rightmost number of each features
abbreviation indicates the sequence of acquisition. Example: C31e@riance Matrix

obtained from the rst acquired imagery over the pilot site.

4.6.3.2 Deer Lake

Figure 4.10 illustrates the overall accuracy using a di erent set ofglarimetric fea-

tures, as well as the average producer and user accuracies dfame classes for both
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Figure 4.9: Map classi ed using multitemporal C31+T32 for the Avalompilot site.
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Table 4.5: Classi cation accuracies using multitemporal C31+T32 fothe Avalon

pilot site.

Class

Producer Accuracy User Accuracy

Bog
Fen
Marsh
Urban
Upland

Deep Water

79%

58%

60%

40%

66%

100%

76%

36%

33%

83%

80%

100%

Overall Accuracy

79%

single-date and multi-date cases. The results show that when wesusome single-date

features, the overall accuracy is higher than that of the best ntirdate combination

(HAA1+HAA2+C31). However, the multi-date combination has the largest aver-

age user and producer accuracies for wetlands (87% and 68%peesively). Figure

4.11 and Table 4.6 show the result of the best classi cation accuratyr Deer Lake.

According to Table 4.6, with the exception of the Fen Class, which has low user

accuracy, and consequently a high amount of commission errorhet classes have

acceptable accuracies in spite of the low amount of training data. Acrding to Table

4.9, which shows the confusion matrix for the best classi cation rek of Deer Lake,

a considerable part of the Upland class has been recognized as Fen.
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Figure 4.10: Single-date and multi-date overall and per-class acaares for Deer
Lake. C3=Covariance Matrix, T3=Coherency Matrix, Fr=Freeman-Durden Decom-
position, HAA=H/A/Alpha decomposition. The rightmost number of each features
abbreviation indicates the sequence of acquisition. Example: C31e@riance Matrix

obtained from the rst acquired imagery over the pilot site.

Table 4.6: Classi cation accuracies using multitemporal HAA1+HAA2+C31 for the

Deer Lake pilot site.

Class Producer Accuracy User Accuracy
Upland 74% 96%
Fen 85% 44%
Bog 97% 94%
Deep Water 100% 100%
Marsh 78% 65%
Overall Accuracy 85%
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Figure 4.11: Map classi ed using multitemporal HAA1+HAA2+C31 for the Deer

Lake pilot site.

183



4.6.3.3 Goose Bay

The overall accuracy along with the average wetlands producer diruser accu-
racies using various single-date parameter sets and the selectedltitate set are
demonstrated in Figure 4.12. Freeman-Durden decomposition fdne rst date has
performed better than all other feature sets. After that, howver, the multi-date
combination is the only feature set for the map where all three acacies (overall
accuracy, average wetlands producer accuracy and averagelavel user accuracy)
are high. Moreover, in the multi-date combination average user armoducer accura-
cies for wetlands are closer to each other compared to the rsateé Freeman-Durden
decomposition, which shows that the resulting map is more reliable. Fige 4.13 and
Table 4.7 show the result of the best classi cation accuracy for Gee Bay. There
are a number of low accuracies re ected in Table 4.7. The producetauracy for the
Urban class and user accuracy for the Upland class are both low whicorresponds
to a high omission rate for the Urban and a high commission rate the lymd class.
Table 9 clearly shows the confusion between these two classes. édwer, both user
and producer accuracies are low for the Fen class. We believe the bmeuracies and
presence of unclassi ed parts of the pilot suites result from the lommount of training

data.

4.6.3.4 Gros Morne

For the Gros Morne pilot site the overall classi cation accuracies ug) single-date
feature sets are in the range of 80 to 85 per cent, while using the ltivdate set the

accuracy was 95 per cent (Figure 4.14). Although the wetlands aage producer
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Figure 4.12: Single-date and multi-date overall and per-class acauaies for Goose
Bay. C3=Covariance Matrix, T3=Coherency Matrix, Fr=Freeman-Durden Decom-
position, HAA=H/A/Alpha decomposition. The rightmost number of each features
abbreviation indicates the sequence of acquisition. Example: C31e@riance Matrix

obtained from the rst acquired imagery over the pilot site.

Table 4.7: Classi cation accuracies using multitemporal T31+C32 fathe Goose Bay

pilot site.
Class Producer Accuracy User Accuracy
Deep Water 100% 100%

Urban 50% 85%

Bog 85% 95%

Upland 99% 44%

Fen 57% 36%

Overall Accuracy 76%
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Figure 4.13: Map classi ed using multitemporal T31+C32 for the Goas Bay pilot

site.
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accuracy is sometimes higher with the single-date feature sets théhe multi-date

feature set, the multi-date feature set is the only situation in whicliboth the producer
and user accuracies are high and are similar in value. The best clasation results
for Gros Morne are re ected in Figure 4.15 and Table 4.8. All obtainedccuracies
are reasonable except for the Swamp class, which has a low accuyraccording to

Table 9, a considerable part of the Swamp class has been recognasd/pland. This
is expected, because the C-band wavelength is not long enough emetrate through
the canopy and detect the water beneath the trees, which wouldditate a Swamp

class.

Figure 4.14: Single-date and multi-date overall and per-class acaures for Gros
Morne. C3=Covariance Matrix, T3=Coherency Matrix, Fr=Freeman-Durden De-
composition, HAA=H/A/Alpha decomposition. The rightmost humber of each fea-
ture s abbreviation indicates the sequence of acquisition. Example: C3levariance

Matrix obtained from the rst acquired imagery over the pilot site.
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Figure 4.15: Map classi ed using multitemporal C31+C32+Fr3 for theGros Morne

pilot site.
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Table 4.8: Classi cation accuracies using multitemporal C31+C32+R for the Goose

Bay pilot site.
Class Producer Accuracy User Accuracy

Upland 84% 83%
Deep Water 100% 100%

Bog 96% 99%

Swamp 57% 39%

Marsh 77% 63%

Overall Accuracy 95%

Also, for a more detailed analysis, the confusion matrices for thedielassi cation

result of the all four pilot sites is represented in Table 4.9.

4.6.4 The E ect of Ratio and Textural Features

For each pilot site, the previously introduced texture and ratio fetares were added
to the mean feature set, which resulted in the best classi cation aaracy for that
pilot site. Di erent combinations of the ratio and texture featureswere evaluated for
this purpose and the one that generated the best outcome is peaged in Table 4.10.

For the Avalon area, amongst the di erent ratio features evaluad, the ratio fea-
ture of Equation 4.4, for both available dates of the Avalon area, nde a 2 percent
improvement in the overall accuracy. As a result of adding the meoined features,
the classi cation accuracy of the Fen, Urban, and Upland classescieased, which

means the confusion between the Urban class and Wetland classes weduced. Re-
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Table 4.9: Confusion matrices for the best classi cation result in a) fie Avalon area

b) Deer Lake c) Goose Bay d) Gros Morne

Bog Fen Marsh Urban Upland | Deep Water | Total
Bog 79.28 19.61 0.26 12.9 1.53 0 14.64
Fen 19.61 57.68 15.11 15.7 18.57 0 13.35
Marsh 0.57 11.16 60.03 16.74 13.44 0.1 8.11
Urban 0.15 0.06 21.78 40.37 0 0.02 591
Upland 0.4 11.49 2.82 14.29 66.46 0 145
Deep Water 0 0 0 0 0 99.88 43.49
Total 100 100 100 100 100 100 100
(a)
Upland Fen Bog | Deep Water | Marsh Total
Upland 74.34 6.43 1.85 0 13.33 35.67
Fen 23.35 84.64 0.14 0 4.44 19.6
Bog 1.83 6.43 97.15 0.23 4.44 26.66
Deep Water 0 0 0 99.77 0 16.07
Marsh 0.48 25 0.86 0 77.78 1.99
Total 100 100 100 100 100 100
(b)
Deep Water Urban Bog Upland Fen Total
Deep Water 100 0 0 0 0 20.25
Urban 0 49.59 1.43 0.75 20.36 17.12
Bog 0 0.29 85.32 0 15.35 29.5
Upland 0 30.65 0.06 98.75 7.21 17.47
Fen 0 19.47 13.19 0.5 57.08 15.66
Total 100 100 100 100 100 100
(©)
Upland Deep Water | Bog Swamp Marsh Total
Upland 84.5 0 1.31 38 17.66 11.24
Deep Water 0 100 0 0 0 27.25
Bog 2.33 0 96.27 4.4 5.71 55.47
Swamp 11.58 0 0.56 56.8 0 2.64
Marsh 1.6 0 1.86 0.8 76.62 3.41
Total 100 100 100 100 100 100

(d)
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garding textural features, using GLCM Dissimilarity of HH and VV layes for the
rst available date raised the overall accuracy by 1 percent. Thedn and Upland
classes were better distinguished owing to the use of the discustedural features.

The ratio features of Equation 4.6 for both available dates of Goo8ay made a 1
percent increase in the overall accuracy. Similar to the Avalon arethe accuracy of
the Fen, Urban, and Upland classes was slightly improved throughiog the speci ed
ratio features. Respecting textural features, GLCM Dissimilarityof the VV intensity
layer for the rst available date of the pilot site increased the ovelhaccuracy by 1
percent. The Fen and Upland classes were better distinguished wgithe mentioned
textural features.

According to Table 4.10, no improvement in classi cation accuracy cabe ob-
tained by using object-based features in the Deer Lake and GrosoMe pilot sites.
Moreover, unlike GLCM Dissimilarity, GLCM Entropy did not have any positive

e ect on the classi cation.

4.6.5 Discussion

By investigating the single-date accuracies of all pilot sites, it can bebserved
that the images acquired in August yield the most accurate map foretlands. The
images taken in June resulted in suitable classi cation accuracies asli The SAR
images captured in October, however, do not seem to be as usdtulwetland clas-
si cation. Although the October imagery generated maps with an aeptable overall
accuracy, they resulted in overestimation of wetland areas, asethaverage wetlands

user accuracy associated with those images is rather low. The m@a®f this might
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Table 4.10: The e ect of ratio and textural features on classi cabn accuracy and

the percentage of change relative to the best classi cation acaay.

Ratio Feature

Texture Feature

Pilot Selected Feature Resulting Change Selected Feature Resulting Change
Site Overall (%) Overall (%)
Accuracy Accuracy
Avalon Ratio feature of 81% +2% GLCM 80% +1%
Equation 4.4 Dissimilarity of
HH and VV
layers for the rst
available date
Deer No Useful 85% 0% No Useful 85% 0%
Lake Feature Feature
Goose No Useful Ratio 77% +1% GLCM 77% +1%
Bay feature of Dissimilarity for
Equation 4.6 VV intensity
layer for the rst
available date
Gros No Useful 95% 0% No Useful 95% 0%
Morne Feature Feature
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lie in the fact that the growing season in Newfoundland and Labradpgenerally, is
during the spring and summer. During this time, plants are able to gwo tall, spread
their leaves, and become green. In June, the vegetation within Wads is not at
its most mature. Later, in August however, the vegetation is conigetely grown, and
therefore the distinguishing features of wetlands are clearer. Asmmer ends, so does
growing season. During October, plants will stop growing, and begin die and lose
their vitality. Moreover, increased precipitation may cause the psence of standing
water in non-wetland areas. This can be the reason the distinctivénaracteristics of
wetlands start to disappear and/or resemble other types of landbeer.

The overall, wetlands average user, and wetlands average proeluaccuracies of
the Deer Lake and Gros Morne pilot sites were substantially higher @m those of the
Avalon area and Goose Bay pilot sites. We believe higher classi catiorwairacies
resulted from images from three di erent dates available for Deerdke and Goose
Bay, while for the Avalon and Goose Bay, only images from two dateseve used.
Therefore, having images from several dates can be an asset isglaation, although
this higher accuracy can be accounted for by other factors.

The covariance matrix proved to be an appropriate feature for wland classi -
cation and was used in the best feature set for every pilot site. Th# probably
because the covariance matrix not only contains intensity of the the main layers,
but also encompasses the phase di erence between channels. $ehdi erence be-
tween polarimetric channels is useful for ood detection and thefere, for wetland
characterization [18, 53, 54].

Textural and ratio features slightly improved the classi cation acaracy in the

Avalon area and Goose Bay while they did not have any e ect on the ma of Deer
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Lake and Gros Morne. However, it is important to keep in mind that tese changes
might have happened because of other factors, and the improvenh in the accuracy
might not be directly related to the aforementioned ratio and textual features.

[51] used the RF algorithm for wetland classi cation in the same pilot s#s, but
using only optical data. They reached an overall accuracy rangirigpm 86% to 96%
and the average producer and user accuracies of 68% to 73%. Tiisans that in
our study areas, the sole use of optical data is preferred to thels use of SAR data.
Nevertheless, the fusion of the optical and SAR data is the mostgmising method.
For example, [55] applied both SAR and optical data in our study areand obtained
the average producer and user accuracies of 71% and 72%, retbpady over all pilot
sites.

It is also worth mentioning that since the training data for the currat classi ca-
tions were collected during the rst phase of the project, the da were sometimes
not enough to provide the nal classi cation results. Thereforewhat is described in
this paper is the preliminary classi cation result of the pilot sites and lhe completed

version of classi cation will be presented in future work.

4.7 Conclusion

The purpose of this paper was to present preliminary wetland classation re-
sults for four pilot sites in Newfoundland and Labrador. Object-bsed classi cation
was initially compared with the pixel-based classi cation. The results idicated that
the object based method demonstrated superior performanceth statistically and

visually. Besides, an alternative method was introduced in this papdor segmen-
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tation of SAR images. In this method, rst an optical image over thesame area
as the SAR image is segmented, and the result of the segmentatidntize optical
image is then overlaid on the SAR image. This method worked well for éhSAR
images and improved the results. Finally, multi-date object-basedassi cation using
RADARSAT-2 data was compared with single-date classi cation for atland map-
ping using the RF classi er. Four pilot sites within the province of Newdundland
and Labrador were selected for this purpose. It was concludedathfor all the pi-
lot sites, multi-date classi cation performed better than the singledate classi cation.
Overall accuracies ranging from 75 to 95 per cent were obtainedt was observed
that the images acquired in August yield the greatest accuracy favetlands, while
images captured in October were not as appropriate for wetland qmging. Moreover,
it was concluded that when more acquisition dates are included in clasation, the
overall, as well as wetlands, accuracies become substantially high&he covariance
matrix proved useful as a wetland classi cation feature used in pdoicing maps with
the highest wetland classi cation accuracies in the four pilot sites. ®io and tex-
tural features improved the accuracy slightly in the Avalon and Gose Bay areas.
The mentioned features had the most e ect on the Fen, Urban, anhUpland classes.
In Deer Lake and Gros Morne, however, ratio and textural feates did not play a
considerable role.

The presented results demonstrate that multi-date SAR classi ¢eon along with
the object-based method proposed in this paper, has the potaitfor accurate map-
ping wetlands throughout the province. The results in this study we obtained using
a small amount of eld data for training. Thus, more robust resultswill be provided

in future work, after more eld samples are collected in the next ptee of the project.
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Chapter 5

A Novel Dynamic Classi cation
Scheme for Mapping Spectrally
Similar Classes: Application to

Wetland Classi cation

5.1 Preface

In this chapter, an innovative dynamic classi cation scheme was pposed which
has proved e ective for classi cation of wetlands or other complidad land covers.
The paper resulted from this chapter has been submitted and is ¢ently under

review.
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5.2 Abstract

Land cover classi cation is one of the most critical, yet challenging g@tications
of Remote Sensing (RS) technologies. Applying numerous featuisscommon for
complex land cover classi cation, which makes feature selection essary. Although
in the case of spectrally similar classes such as wetlands, selectatufe subsets may
yield high overall accuracies, several individual accuracies areasftlow. One of the
reasons behind this phenomenon is that a single feature set usedstparate one
speci ¢ class from the rest might not be appropriate for delineatingnother class,
because the nature of the classes is di erent from each other. Additional reason is
that while the overall accuracy is applied as the measure for evaluag the potential
of a feature subset, it may be in uenced by a few high-accuracy skes which are
spectrally distinct, and for which collecting enough training data is f&sible. In this
article, rather than simultaneously mapping all the classes, they wee classi ed on
an individual basis with a di erent feature selection associated withach. Spectral
analysis was applied to determine both the order of the classes to im@apped and a
merging scheme which was applied to the remaining classes to increthgeaccuracy
of the target class. The proposed approach was applied to wetlanghpping using ve
pilot sites throughout Newfoundland and Labrador, Canada. The ataset available
for each pilot site di ered in quality and quantity. However, the proppsed method
functioned accurately in all pilot sites, even those with limited satelliteand/or eld
data, and outperformed the classic method by increasing the aage producer and
user accuracies of wetlands by up to 22% and 25%, respectively.isThlassi cation

scheme can be applied for mapping any spectrally similar classes.
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5.3 Introduction

Since the advent of Remote Sensing (RS), land cover classi catiosing satellite
imagery has been one of its most practical applications. Understding land covers
and their transition over time are key elements for monitoring the eironment and
surface energy balance, and are also principal inputs for otherrestrial processes,
including biogeochemical cycles, biomass distributions, and carboandgets [1{3]. In
this regard, RS possesses numerous advantages over the clgssiend-based method,
which make it ideal for classi cation. These bene ts include extensés/spatial cover-
age, high repetitivity, the availability of images from a wide electromatgtic spectrum
and various geometries, and a high potential for automation [4]. Athe same time,
the availability of several open source satellite images in recent ysan both opti-
cal and SAR domains, such as Landsat-8, ASTER (Advanced Spdgerne Thermal
Emission and Re ection Radiometer), and Sentinel-1 and -2, has pided the pos-
sibility of monitoring di erent land covers with minimal cost. This, in turn, has
stimulated a growing demand on improving the existing algorithms forl&ssi cation
using remotely-sensed imagery.

With the advancement of the existing algorithms for image classi cain, and the
advent of state-of-the-art techniques, such as Object Baséahage Analysis (OBIA),
mapping various land covers with acceptable accuracy is possible. wéwer, distin-
guishing between some classes using remotely sensed imagery resmehiallenging,
as a result of the high level of spectral resemblance between therrban [5, 6],
crop [7,8], sea ice [9], and wetland [10{12] classi cations, for exampfall into this

category.
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Wetlands are highly bene cial to the environment and provide natual habitats for
several species of ora and fauna. Nevertheless, these valuaid¢ural resources have
been drained and supplanted with other land uses [13,14]. Theredpit is pivotal
to monitor the status of wetlands as well as their variation over time However,
wetland classi cation using remote sensing methods has always beserchallenging
task, because they have high intra-class and low inter-class vaiildty, and their
borders are di cult to determine [15,16]. Furthermore, wetlands &e typically located
in di cult to reach locales, and, therefore, collecting enough trainig data for them
is often complicated and expensive [17]. Moreover, wetland have ahigpatial and
temporal variability [18].

One of the solutions sought for mapping spectrally similar classes ugiremote
sensing methods is to apply various features from multiple sourcetgtes, and con-
gurations [12,19, 20]. However, increasing the number of feaes makes using an
appropriate feature selection algorithm imperative. This is becauske entire feature
set cannot be applied in the classi cation due to the resulting compational com-
plexity, and the classi er inability to su ciently generalize the classi cation statistics
to all feature layers due to the inadequate amount of training data

Thus far, numerous feature selection algorithms have been prged and have
been applied in many studies [21{23]. In commonly-used feature séil@ec methods
for remote sensing applications, a single feature subset is seledimdexecuting the
whole process of classi cation. Usually, the measure for selectindgeature subset as
the suboptimal solution for classi cation is the level of the overall @curacy associ-
ated with that. When the accuracies of all or most classes matteqeally, the overall

accuracy is one of the few measures which can be a representadivthe classi cation
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quality. However, when some of the involving classes are spectrallyngar to each
other, although the overall accuracy is acceptable after featirselection and clas-
si cation, some individual class accuracies usually remain low. This is gdfictable,

because:

i A single feature subset does not su ce for separating each claBsm the rest of
the classes. The reason is that the nature of the classes and, semuently, the

required features for separating each, might be di erent.

i The overall accuracy is a ected by the accuracy of a few classder which ob-
taining an acceptable accuracy is not di cult. This is because theselasses are
spectrally distinct from the rest of the classes. In addition, sincehese classes
can be recognized using high resolution imagery without the need a$iting the
eld, their amount of training data is often large. On the contrary, the rest of
the classes are highly similar to each other, and collecting excessiwdd data for

them is often not feasible.

As a result, accuracy of the spectrally similar classes is unavoidablyaged in the
feature selection process, as other classes considerably in wetfte overall accuracy.

This problem is addressed in this study by proposing a method which e® not
consider the feature selection and classi cation as two separatedés, but both steps
are parts of a dynamic process. Thus, the result of each step is aative input
for the other in a recursive loop, called @ynamic Classi cation Scheme In the
described approach, all the objects are not classi ed simultanesly, but the objects
belonging to each class are separated from the rest with a distineture selection and

classi cation. Determination of the classi cation order, i.e. the clas to be mapped
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at each step (thereafter called the target class), is accomplishedsed on separability
analysis. While the target class is being mapped, the remaining classesich are
spectrally similar to each other are merged. Once the target classngpped, it is
eliminated from the rest of the process, and then, the classi ed @& corresponding
to the target class is masked.

Although the proposed method can be potentially applied to any chahging clas-
si cation task, the suggested approach was applied to wetlands ®&valuate its per-
formance. In this paper, it was attempted to exploit the maximum adantage of
full-polarimetric Synthetic Aperture RADAR (SAR), and also to utilize open source
and recently launched satellite imagery such as Sentinel-1 and -2.

This paper is organized as follows: Section 5.4 describes the studgear and data,
and Section 5.5 elaborates upon the proposed method extensivé&gction 5.6 includes
the results of the suggested approach, the comparison with thiassic method, and
some discussion regarding the applied procedure, before the pajseconcluded in

Section 5.7.

5.4 Study areas and Data

5.4.1 Study Areas

Five pilot sites throughout Newfoundland and Labrador, rich in wetlads, were
selected in order to evaluate the proposed method for wetland cdasation (Figure
5.1). Figure 5.2 demonstrates the true colour composite of Landshimage for Deer

Lake, and RapidEye image for the other pilot sites. The acquisition tizs of RapidEye
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and Landsat-8 images have been mentioned in Table 5.1. Each pilot sti@vers an
area of approximately 700 to 1000 kfand varies in terms of climate, location in
the province, and the dominant land covers. The Avalon area and Gs Morne have
oceanic climate, while the climate of Deer Lake, Grand Falls, and God3ay is mostly
continental [24,25]. As can be seen from Figure 5.1, the four pilotas of the Avalon,
Deer Lake, Gros Morne, and Grand Falls are located on the island oéWfoundland,
while Goose Bay is located in central Labrador. Other than peatlasd(bogs and
fens), which are the dominant wetland types in the pilot sites, the pitcsites are also
covered with balsam r, black spruce, and other land covers. For one details about

these pilot sites, the interested reader can refer to [24, 25].

5.4.2 Data
5.4.2.1 Satellite Data

Table 5.1 describes the satellite data used for the classi cation ofamastudy area.
Thus far, research shows that amongst optical bands, the Ne#nfrared and Red-
Edge bands are the most useful features for delineating wetlands]. Amongst vari-
ous SAR con gurations, long wavelengths and small incidence angke® appropriate
for detection of woody wetlands such as Swamp, and short wavedéms and large
incidence angles are useful for delineating herbaceous wetlandshsas Marsh [18].
Therefore, various features from a combination of optical and $data can be useful
for delineating wetlands. Therefore, in all ve pilot sites, a combinabn of optical,
SAR, and DEM data was applied. It was attempted to also exploit frdg available

satellite data, namely Landsat-8, Sentinel-2, ASTER, Sentinel-1,nd ALOS PAL-
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Figure 5.1: The pilot sites.
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(a) Avalon (b) Deer Lake (c) Gros Morne

(d) Goose Bay (e) Grand Falls

Figure 5.2: Optical images acquired over the ve pilot sites in this stud
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SAR. ALOS PALSAR stopped working on May 2011 and, consequentlthe images

acquired by this satellite are outdated relative to the rest of the imges. However,

ALOS PALSAR data were included in the feature selection processetause L-band

images have proved useful for the detection of woody wetlands JJ1Moreover, since

wetlands show a high temporal variability, using data from multiple dats can im-

prove the classi cation accuracy [10{12,26] and, thus, multi-d&images were utilized

as far as possible (Table 5.1). Table 5.2 demonstrates the charaigics of images

used in this study.

Table 5.1: data of acquisition for the satellite images used in the studys a function

of the site and the type (optical or SAR)

Sensor Avalon Deer Lake Gros Morne Goose Bay Grand Falls
Optical Images
) 2015/06/18 N/A 2015/06/18 2015/07/01 2015/06/10
RapidEye 2015/10/04
Landsat-8 2015/06/19 2016/09/30 2016/09/30 2016/09/19 2Q15/06/10
Sentinel-2 N/A N/A 2016/06/25 N/A N/A
ASTER N/A N/A N/A N/A 2015/09/23
SAR Images
2015/06/10 2015/06/23 2015/06/16 2015/06/30 N/A
RADARSAT-2 2015/08/21 2015/08/10 2015/08/03 2015/10/04
2015/10/18 2015/10/14
_ 2015/08/20 2015/08/15 2015/08/15 2015/08/20 2015/08/13
Sentinel-1 2015/08/18 2015/08/23
ALOS-2 2015/08/02 N/A N/A N/A N/A
ALOS PALSAR 2010/08/29 2010/09/25 2010/08/10 2009/08/12 2010/08/05
Canadian Digital Surface Model (CDSM)
Space shuttle Endeavor 2000
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Table 5.2: The characteristics of images used in this study - all avail@bbands of

sensors were used unless otherwise mentioned.

Satellite and Mode/ Incidence angle resolution (m)
applied bands Level of range (degrees) (range resolution
processing for SAR images)
RapidEye 3A N/A 5
Landsat-8 L1T N/A 30
(Bands 2-7 & 10) (Multispectral)
15 (Pan)
Sentinel-2 L1B N/A 10 - 20
(Bands 2-12,
excl. 10)
ASTER L1T N/A 15
(Bands 1-3)

RADARSAT-2 Single Look Complex (SLC)  Depending on the FQ number. For

Fine Resolution Quad more information, refer to [27]
Polarization
Sentinel-1 Interferometric Wide (IW) - 30-45 10
level 1A
ALOS-1 Fine Beam Double 7.9-60 20

Polarization (FBD) - level 1.5

ALOS-2 Fine Beam Double 8-70

Polarization (FBD) - level 1

9.1
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(a) Bog (b) Fen

(c) Marsh

(d) Swamp (e) Shallow Water

Figure 5.3: Images of the wetland classes de ned by the CWCS. Inemgwere acquired

in the Avalon pilot site.
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5.4.2.2 Field Data

The Canadian Wetland Classi cation System (CWCS), developed by Earonment
Canada in 1987 and updated in 1997, is a classi cation system speailly applicable
to the Canadian Wetland Inventory (CWI) [28]. Accordingly, for the purpose of
wetland classi cation in Newfoundland and Labrador, ve wetland clases ofBog,
Fen, Marsh, Swamp and Shallow Water de ned by CWCS, were considered for
classi cation. These classes are depicted in Figure 5.3, and a briefsdaption of
each, adapted from [28, 29], is provided below.

Bog is a type of peatland, the water within which comes only from precipiteon.
Therefore, these highly acidic and low-nutrient environments are astly covered with
Sphagnummoss and ericaceous shrub&en is another type of peatland. However, its
water source is not only from precipitation, but also from undergtnd and surface
ows. Sedges, brown moss, and grass species are dominant in restsf while poor fens
are similar to bogs in terms of land coversSwampis wooded wetland, the wood within
which can be from trees or shrubs. The water level uctuation in samps is larger
than that in bogs and fens and both peat and mineral soil can formhé substrate
of swamps. Marsh, however, can only be found on mineral soil. Additionally, the
water level within marshes can vary seasonally, monthly, or evenitja They can be
in uenced by ood and evapotranspiration, or can be parched dimg a dry season.
Marshes are rich in nutrients, and typically appear with aquatic plarg. Shallow water
is a body of water which has a depth smaller than two meters. Occasally, however,
this depth might reduce to a level at which the substrate below is emged. Aquatic

submerged vegetation usually dominate this type of wetland.
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For the purpose of eld data collection, a team of biologists and wettal ecologists
visited all ve pilot sites in summer and fall 2015, summer 2016, and sumer 2017.
Initially, potential wetland sites were selected by visually analyzing aml photos and
satellite images covering the pilot sites. Afterwards, a part of the giential sites
were visited based on the ease of accessibility, publicity of ownershgmd the level of
resemblance of the site to one of the classes de ned by the CWCSibSequently, if
the spot was in fact a wetland, several in-site GPS points along withaillary notes
and photographs would be collected. This information was later usemlong with
several types of remote sensing data to delineate wetland trainiagd test polygons.
The minimum sampling unit was one hectare. A similar procedure was folNed
for collecting eld data for the upland class. For other non-wetlanctlasses such as
Deep water Urban, Sand, and Lichen-Woodland an analyst selectdie best spots
using high-resolution aerial imagery. 50% of data was used for traig, and 50% for
validation in each pilot site. Table 5.3 demonstrates the quantity of &ining and test
data in all ve pilot sites in terms of the number of polygons for and tle total area

covered by each class.

5,5 Method

Figure 5.4 demonstrates a owchart for the method. Various levefor implemen-

tation of the algorithm are elaborated below.
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Table 5.3: The number and the area of the training and test data fagach pilot site.

Pilot Site Classes # of Area of # of Area of
(Total Area Training  Training Test Test
(km?)) Polygons polygons Polygons polygons
(km?) (km?)
Bog 42 1.37 41 1.3
Fen 20 0.44 19 0.4
Marsh 25 0.33 25 0.3
Swamp 22 0.22 23 0.2
Avalon (783) Shallow Water 20 0.55 20 0.6
Deep Water 7 1.85 8 2.3
Urban 36 1.82 33 1.6
Upland 29 1.99 29 2.2
Total 201 8.6 198 8.7
Bog 16 1.29 15 1.07
Fen 27 0.63 27 0.58
Marsh 12 0.10 12 0.09
Swamp 20 0.27 20 0.29
Deer Lake (982) _Shallow Water 11 0.25 12 0.43
Deep Water 3 0.56 3 0.52
Upland 12 0.41 11 0.37
Total 100 3.34 101 3.51
Bog 19 4.34 19 3.45
Fen 15 0.46 16 0.52
Marsh 16 0.37 15 0.12
Swamp 21 0.25 21 0.23
Gros Morne (572) _Shallow Water 13 0.29 14 0.23
Deep Water 7 1.79 2 1.47
Upland 42 1.24 43 1.34
Total 130 7.48 134 8.74
Bog 14 2.07 14 1.88
Fen 14 0.60 15 0.79
Marsh 11 0.54 10 0.24
Swamp 12 0.19 11 0.16
Goose Bay (676) _Shallow Water 5 0.07 6 0.12
Deep Water 4 0.73 4 0.48
Urban 7 0.63 6 0.51
Upland 10 0.53 11 0.60
Sand 4 0.72 4 0.53
Lichen-Woodland 5 0.47 5 0.69
Total 84 6.54 86 6.01
Bog 15 1.53 15 2.04
Fen 31 1.14 30 0.80
Marsh 22 0.42 23 0.60
Swamp 15 0.22 15 0.25
Grand Falls (949) _Shallow Water 11 0.32 10 0.20
Deep Water 2194 1.07 3 0.60
Urban 27 0.76 28 0.86
Upland 9 0.90 9 0.76

Total 134 6.37 133 6.11




Figure 5.4: The owchart of the dynamic classi cation scheme.

5.5.1 Preprocessing and Feature Extraction

Optical images used in this study were geometrically and radiometriba cor-
rected (Table 5.2), and only clear-sky optical images were selectéat this work,
for which the atmospheric e ect was negligible. Therefore, the pfigerocessing steps
are predominantly described for SAR images. In the raw SAR datah¢ absolute
phase is recorded which can be easily distorted during speckle regut or the geo-
referencing process. Consequently, data should be converteda format in which
the relative phase is recorded. Therefore, for the full polarimetr data the scat-
tering matrix was converted to the covariance or coherency mates, and intensity
layers were extracted for other types of SAR data. In the nexttep, a speckle re-

duction Iter was applied to the SAR data. Full polarimetric data were Itered
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by a 7-by-7 PoISAR Lee lter [30], and other types of SAR data wereltered by

a 7-by-7 Lee enhanced Iter [31]. Afterwards, SAR layers were tain corrected
and georeferenced using the Mapreall toolkit, developed by Alaska Satellite Fa-
cility (ASF; https://www.asf.alaska.edu/data-tools/mapready/). Subsequently, SAR
features were extracted from full polarimetric SAR data using PolRpro™ (Polari-

metric SAR Data Processing and Educational Toolbox) developed liie European
Space Agency (ESA). In this paper, it was attempted to utilize varios polarimet-
ric features, which could be extracted from full-polarimetric RADARSAT-2 images.
Therefore, Covariance and Coherency matrices [32], FreemansbBen [33], H-Aa[34],

Krogager [35], Neumann [36], Touzi [37], Vanzyl [38], and Yamaguch®]3lecomposi-
tions were extracted from all the RADARSAT-2 images using PolSARp™ . Various
polarimetric decompositions divide the total SAR energy received e sensor to
di erent portions, each of which has a physical meaning, and is thefore useful for
wetland detection and classi cation. As an example, Freeman-Dueth decomposition
divides the total energy into surface, volume, and double-bouneseatterings, the last
of which has been e ective for detecting ooded vegetation [15, #0Similarly, other

polarimetric parameters have been reported useful for wetlanection [41,42]. The
e ectiveness of SAR remote sensing for wetland classi cation haween extensively

reviewed in [18].

5.5.2 Segmentation

In recent years, Object Based Image Analysis (OBIA) has provesuperior to the

traditional pixel-based classi cation method [10, 43, 44], althoughhis might not be
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always the case. In OBIA, the image is segmented into spectrally ageéometrically
homogeneous objects. Consequently, incorporating spectrghasal, textural, and
other features of the objects into classi cation is desirable. OBIAvas applied in
this work, for which segmentation is a prerequisite. In this level, onlgptical images
and eld data were ingested into the eCognition Develop& software to segment the
pilot sites using the multi-resolution algorithm [45]. Field data polygons @re required
to be considered in segmentation such that the boundary of segmte conforms the
shape of polygons. The multi-resolution algorithm applies bottom-up approach in
which pixels are considered object seeds and iteratively grow by bgimerged with
neighbouring objects in a pair-wise manner, depending on the scalelour, and shape
parameters de ned by the user. The merging process continuestiia user-de ned
threshold, based on the mentioned parameters, is satis ed [45]. Asscribed in [10],
as a result of speckle in SAR data, segmentation of SAR data is by fawore di cult
and less accurate than for optical imagery. Consequently, only tigal images were
used in segmentation. The result of segmentation was also overlaid the SAR and

DEM data.

5.5.3 Extraction of Object Based Features

Next, several object based features, including mean and stamdaleviation of all
available bands as well as textural and ratio features of SAR inteitys channels were
applied. Texture of the objects was evaluated using the Grey Ldv€o-occurrence
Matrix (GLCM), which is a common measure for this purpose [46,47]. &M dis-

similarity, entropy, angular second moment, standard deviation, ral correlation (all

222



extensively described in [46]) were evaluated for the available SAR inssty bands.

Moreover, various ratio features were de ned based on SAR intgity bands:

_ lun

Ri= —

[y

I
R2: |V—V

HV l (51)
R. = HH
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R, = vV
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wherel q is the intensity (power) in the channel with the transmitting polarizéion of
p and the receiving polarization ofj which can be horizontal (H) or vertical (V). Note
that in Rz and R4 the denominator represents the total power. Ratio features ause-
ful for discriminating between the objects producing di erent amant of backscatter
in various polarimetric channels from those having similar backscatten all chan-
nels. These features also convert the absolute values of intendityrelative values,

and therefore facilitate detection of di erent classes [48].

5.5.4 Determination of the Classi cation Order

One of the important steps in the proposed classi cation scheme i® decide
what order to use for mapping the classes present in the study arelf the analyst
is experienced and familiar with the nature of the classes, they camtdrmine the
classi cation order. In this case, classi cation can be started withhe most spectrally
distinguishable class (e.g. the Deep Water class in this study) and teinated with
the two most spectrally similar classes (e.g. Bog and Fen in this studyHowever,

often the analyst might not be acquainted with the spectral sepability of the classes,
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or an automatic approach for the entire classi cation scheme mighte required or
preferential. In that event, the separability analysis of the classeis necessary.
The Je ries-Matusita (JM) [49] distance (Equation 6.2) was applied irthis study

as the separability measure.

Jj =2[1 exp( Bj)] (5.2)

in which i and j show two arbitrary classes, and;; is the Bhattacharyya distance,

de ned as follows:

1 i+ 1Inj—S1j
By = <(m m) (—=d) Ym m)+ spa2 (5.3)
8 2 27 701 ]

wherem; and ; are the mean and the covariance matrix for theth class, respectively,

and T is the transpose of a matrix.

Since the above equation is obtained by assuming a Gaussian distriiut for the
data, not all the bands can be applied for computing JM distance. TEhoptical bands
of one single sensor (e.g. RapidEye or Landsat-8 layers in this stlidyre proper
bands to be used for this purpose. However, other channels whitive the Gaussian
distribution, or other distance measures tted to the distribution of available bands,
can be applied for this purpose.

Using these bands, when the JM distance between all class pairs wdsained,
the average separability of class can be obtained as:

1 X

Ji = W Jij (5.4)
j=1

whereN is the number of classes. Then, the classi cation order is determihdased
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on the average JM distance, such that the class with the greatesterage JM distance
is classi ed rst, while the class with the smallest average JM distances classi ed
last. It is interesting to note that determination of classi cation order can be redone
after masking each class. However, this is not expected to chartbe classi cation
order, because the class which is removed in each step is the s@aigtfurthest class,
and has the greatest average JM distance compared to the reéttloe classes.

As an example, the following classi cation order was considered fone Avalon
pilot site:

Deep Water, Urban, Upland, Shallow Water, Marsh, Swamp, Bofen

5.5.5 Determination of the Merging Scheme

When the target class is being mapped according to the classi cati@nder, among
other classes, those which are spectrally similar should be merged; merging, the
remaining classes become fewer and less similar. Therefore, thestlestion process
becomes less complicated.

Similar to the procedure of the order determination, the analyst cadecide how
to merge the other classes while the target class is being mappedoading to their
experience. However, if an automatic procedure is required, thallbwing approach
can be taken.

The merging scheme starts from the most confused class, i.e. thass with the
smallest average JM distance, here referred to & Let the second most confused

class be calledB. Classes A and B are merged if
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Jag = averagd Ja;Jgg < (5.5)

where is a user-de ned threshold. If classes A and B are merged, thenetlhird

most confused class, let it be calle@, is merged withA and B if:

Jasc = averagd Jag ;Jcg < (5.6)

This process continues until the above equation no longer holds. ghould be
noted that when the target class is being mapped, it should not be myed with any
other classes. For instance, assuming that class®sB, and C are merged,C should
not be merged with the other two classes when the target classGs If the analyst is
aware of the nature of the classes, the threshold can be seledbydnvestigating the
obtained values of the average JM distance for individual classeach that the classes
which are spectrally similar to each other are merged. Otherwise, ibran automatic
method for selecting the threshold is required, the third quartile ofhe average JM
distance of all classes can be chosen as the threshold.

As an example, for the Avalon pilot site, four wetland classes darsh, Swamp
Bog, and Fen were merged during the classi cation process, before each of rthén

turn was classi ed.

5.5.6 Dynamic Feature Selection and Classi cation

Once the order of the classes as well as the merging scheme arerdehed, the
target class is picked based on the speci ed order. Afterwardd)d remaining classes

are merged according to the merging scheme, and the processature selection and
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classi cation begins.

In this article, the Genetic Algorithm (GA) [50] was used for featureselection,
although any other method can be potentially applied. The principlesféhe GA have
been fully described in many texts, such as [51], [52], and [53] to whiclierested
readers can refer. However, a brief explanation about the GA is alprovided here
for the sake of completeness.

GAs lie in the group of evolutionary algorithms and can be applied in vans
optimization problems, one of which is feature selection. In featuselection based
on GA, each feature corresponds to a gene which can either halre value of O (feature
not included in classi cation) or 1 (feature included in classi cation). A chromosome
is a binary string which is constituted by lying genes beside each othédn fact, each
chromosome is a feature subset or a solution for feature selectioNote that the
number of genes in a chromosome equals the total number of faat Each solution
in GA is associated with a tness measure which illustrates the soluti®degree of
suitability to be selected as the nal answer. Normally, in feature $ection the tness
measure is the overall accuracy. In this work, however, the oediraccuracy is not an
appropriate measure, because each class is separately classiradilzoth the producer
and user accuracies of each class are important. Consequenthge tthess measure

was selected as follows:

f = minfUA;PAg (5.7)

where UA and P A are the user and producer accuracies of the target class, re-

spectively. The minimum of the two accuracies is selected to guarast that both
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accuracies associated with a solution are adequately high.

Feature selection using GA starts with a speci ¢ humber of randomlgenerated
initial solutions. In the proposed method, each randomly generatesolution is rst
assessed in terms of the tness measure (Equation 6.6), and is oaljowed in the
rest of the algorithm if the tness measure of the solution exceeds user-de ned
threshold. The reason for Itering the initial solutions is that someimes, especially
when the existing classes are spectrally mixed, the classi cation acacy resulting
from a random feature subset is too low. This can a ect the accucg associated
with the nal feature subset yielded by the GA. The process of Iteing the initial
solutions is illustrated in Figure 5.4. When enough initial solutions with a esired
level of accuracy for the target class are generated, the initiablstions are ingested
into the GA such that a nal feature set is yielded for the target clas. In the next
step, classi cation is carried out.

In this study, Random Forest (RF) [54] is selected as the classi can method,
which has proved e ective for wetland classi cation [10{12]. RF consts of an en-
semble of decision trees. A decision tree consists of several npddsch divide the
input pixels/objects into mutually exclusive groups, each of which ¢tains the most
homogeneous pixels/objects. This division continues into progrésdy homogeneous
groups until each node is representative of the one of nal classfp5]. After training
the classi er, the pixel/object is passed through each single treend the nal class
label for the pixel/object is determined based on the majority of vies obtained by
the terminal node of the trees. RF has several tuning parametemwhich should be
determined by user. The depth of trees, minimum number of samplased per node,

minimum tree number, and number of selected features in each node the most
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important user-de ned parameters. These parameters can &k the classi cation
accuracy considerably [12].

Finally, the target class is classi ed using the optimum feature subsebtained
by the GA. When classi cation is terminated, the target class is magld and the
described process is reiterated with the next target class until nabass remains. Ulti-

mately, all class polygons are combined into a single map and the acy is assessed.

5.5.7 Accuracy Assessment and Comparison with Classic Meth od

In this step, the accuracy of the resulting map is assessed using ttest data,
and the result is compared with the so-called classic method both quaatively and
gualitatively. In the classic method, the available feature set, anche training and
test data are entirely identical to the features and eld data availale for the proposed
method. The preprocessing, segmentation, and object-basedtiire extraction steps
are the same as those described for the proposed method. In tfext step, however,
the initial solutions for GA are selected such that theverall accuracyis greater than
a threshold, and GA converges to a solution which maximizes tteverall accuracy
Next, that single feature subset is used to map all the classes sinanleously using
RF. A similar scheme has been widely used in the literature for featuelection
and classi cation [56,57], and that is the reason the authors reféo this method as

theclassic method.
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5.6 Results and Discussion

The proposed classi cation scheme was applied on all pilot sites. Taldel demon-
strates the segmentation parameters and the number of objscfor all pilot sites.
Moreover, Table 5.5 illustrates the accuracy thresholds for all clsss used in this
study. It is recommended that users select a reasonable accyras the threshold for
each class which is achievable considering the available training datadahe spectral
nature of that class. It should be also mentioned that the mergindhteshold for each
pilot site was in the range of 1.75 to 1.8. For each pilot site, the map ptaced from
the proposed method along with the accuracies (class-based, rage of wetlands,
and overall) are provided. Furthermore, charts are provided toornpare the proposed
approach and the classic classi cation scheme (with a single featwselection and a
single classi cation) in terms of all three types of accuracies. Theethils for each site

are given below.

Table 5.4: Segmentation parameters and number of objects for pllot sites.

) Scale Shape Compactness
Segmentation Parameters—3pp 01 05
] Avalon Deer Lake Gros Morne Goose Bay Grand Falls
Number of Objects 55857 5525 9,154 14,211 14,663

The resulting maps of ve pilot sites using the proposed method are iltrated
in Figure 5.5, and the classi cation accuracies are displayed in Table 5.&urther,
Figure 5.6 illustrates the results of the comparison between the grosed classi cation
scheme and the classic method. In all ve pilot sites, not only the pposed method

has increased the overall accuracy, but also it has signi cantly rad the average
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(a) Avalon (b) Deer Lake

(c) Gros Morne (d) Goose Bay

(e) Grand Falls

Figure 5.5: The classi ed image of ve pilot sites using the proposed nhed.
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(a) Avalon

(b) Deer Lake
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(c) Gros Morne

(d) Goose Bay
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Table 5.5: The threshold values for the producer and user accuies of each class in

all pilot sites of this study.

Bog Deep Fen Marsh Shallow Swamp Upland Urban Sand Lichen-

Water Water Woodland
Class 83 99.5 50 55 65 50 85 85 90 a0
producer
accuracy
Class 86 99.5 50 55 85 65 85 90 85 90
user
accuracy

(e) Grand Falls

Figure 5.6: The comparison between the proposed method and tHassic method in

all ve pilot sites.
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Table 5.6: The individual and overall accuracies obtained for all pilotites using the

proposed method.

Avalon Deer Lake
Class Producer User Producer User
accuracy accuracy accuracy accuracy
Bog 83.41 86.61 96.36 92.46
Deep Water 99.85 99.97 100.00 100.00
Fen 70.36 54,78 84.03 84.88
Marsh 72.03 65.48 70.07 81.49
Shallow Water 93.32 89.67 97.65 99.15
Swamp 58.96 87.28 80.60 90.09
Upland 98.12 99.09 91.68 88.72
Urban 98.88 99.11 N/A N/A
Overall Accuracy 93.11 92.24
Average of Wetlands 75.62 76.76 85.74 89.61
Gros Morne Grand Falls
Class Producer User Producer User
accuracy accuracy accuracy accuracy
Bog 94.60 95.16 89.54 84.81
Deep Water 100.00 99.59 99.96 99.90
Fen 73.25 64.62 53.29 57.34
Marsh 62.52 55.11 75.52 84.17
Shallow Water 88.77 90.68 94.79 92.27
Swamp 53.33 69.55 80.34 87.29
Upland 92.75 94.26 99.51 95.31
Urban N/A N/A 92.22 93.69
Overall Accuracy 91.10 85.01
Average of Wetlands 74.49 75.02 78.70 81.18
Goose Bay
Class Producer User
accuracy accuracy
Bog 87.14 92.08
Deep Water 100.00 99.94
Fen 64.56 52.51
Marsh 84.70 65.63
Shallow Water 67.09 98.08
Swamp 61.05 76.61
Upland 86.82 92.19
Urban 82.37 99.86
Sand 99.35 85.62
Lichen-Woodland 99.36 98.73
Overall Accuracy 86.89
Average of Wetlands 72.91 76.98
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producer and user accuracies of wetlands in a range from 5% to 258épending
on the pilot sites. Several individual class accuracies are very low iach pilot site

using the classic method. By applying the proposed method, howevao individual

class accuracy is below 50%, and most of them are above 70%. Fa flurpose of
visual assessment, samples of zoomed areas from the resulting rang with the

corresponding optical images over the same area are depicted inUf@5.7. It can
be observed that the resulting maps of all pilot sites are of high quajjitand the
classes which can be discerned from the optical imagery of the agreeluding the

Deep Water and Urban classes, have been mapped accurately.

The selected study areas di ered considerably in terms of the avdile datasets.
For example, there was no RapidEye image in Deer Lake, and GrandIBaalso lacked
RADARSAT-2 full-polarimetric data. Additionally, the number of RADA RSAT-2
image acquisitions per pilot site was di erent. Nevertheless, the n@¢s of the pro-
posed approach in all pilot sites were satisfactory, and the obtaiheccuracies were
all higher than those obtained using the classic method. This outcams auspicious,
because it demonstrates that the needed dataset can be minimizleyg adopting a
proper approach, or even be restricted to freely available imaggSonsequently, hav-
ing inexpensive and up-to-date wetland maps with minimum need of eldata would
be possible. Moreover, the classi cation of Goose Bay was more léfaging com-
pared to other pilot sites, because other than typical classes, Gse Bay also contains
the Sand and Lichen-Woodland classes. Nevertheless, the prambslgorithm has
successfully mapped all wetland and non-wetland classes with higlta@acies. These
results manifest in a way that as the classi cation becomes more cplicated, the

classic method fails to map all classes successfully. The proposedha, however,
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(a) Avalon (classied)  (b) Avalon (optical)

(c) Deer Lake (classi ed) (d) Deer Lake (optical)

(e) Gros Morne (classi{f) Gros Morne (optical)

ed)

(g) Goose Bay (classi{h) Goose Bay (optical)
ed)

(i) Grand Falls (classi-(j) Grand Falls (optical)

237
ed)

Figure 5.7: Several zoomed parts of the resulting maps along withetloptical images



can be regarded as a robust classi cation method, even when maspectrally similar
classes are included in the classi cation process.

Figure 5.8 demonstrates the variation of producer and user acaaies of individ-
ual classes with the change in the density of training data for the A&lon pilot site.
As expected, the accuracies increase with the augmentation oditning data. Intrigu-
ingly, although the density of training data is low for most of wetland kasses, all the

accuracies are above 50% using the proposed method.

Figure 5.8: The producer and user accuracies of each class vetbesdensity of the
training data available for that class in the Avalon area. PA and UA indiate the

producer and user accuracies, respectively.

The proposed algorithm is of a considerable exibility. For instance, he fea-
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ture selection algorithm and the classi er can be conveniently suppited with other
algorithms. Clearly, more advanced methods for feature selecti@me expected to
improve the results further. Moreover, although a great numbeof features were used
in most of the pilot sites, achieving high accuracy was possible usingeaver number
of features. This fact was re ected in the classi cation of Grand &lls, where no full-
polarimetric image was available, but the obtained accuracy remainedasonable. It
is also worth mentioning that this method is especially useful when a athamount of
training data is available. In this study the amount of training data fo some wetland
classes at most pilot sites was not massive, such that the classic huat failed to
map them accurately. However, the proposed method increasdektaccuracy of those
classes considerably.

The computational complexity of the proposed classi cation scheenis at the
most N-1 times greater than the computational complexity of thelassic classi cation
scheme, where N is the number of classes. Since wetland classi cai® not a real-
time application, the accuracy of the nal map as well as the cost ahe adopted
approach are more important than the computational complexity bthe method.

In the proposed scheme, when a class is mapped, all objects belog¢p that class
are masked and are not considered in the classi cation process amye. Therefore, it
is important that as far as possible, no pixel from the masked classlé&t for the rest
of the classi cation process. This corresponds to minimum omissionlugh producer
accuracy for that class. Likewise, it is important that as far as pa#ble, no pixel
from the other classes exists in the masked class, which is equivalemtminimum
commission or high user accuracy for that class. As a result, onetloé key points in

this classi cation scheme is to have high producer and user accuies; especially for
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initially mapped classes. If the producer and user accuracies of timitially mapped

classes are high, there will be a greater probability that the accurg for the rest of
the classes will also be high. Moreover, when some classes are higbhfused with
each other, it is wise to map the class with a higher probability of undestimation

rst. In addition, it is worth noting that violating the classi cation or der does not
a ect the accuracy considerably if the classes are completely seq@d from each
other. Also, when a class tends to be underestimated, it is prefeta to map that

class before other classes. By doing so, there is a lower chancé fheels/objects

belonging to that class are misclassi ed and masked in the precedinigssi cation

steps.

Another important point about the proposed classi cation schemés the method
for accuracy assessment. If the number of test samples for telasses is not equiva-
lent, comparing their accuracy will not be useful. The reason is that the number of
misclassi ed pixels/objects is the same for two classes, the accoyaof the class with
fewer test samples will be lower than that of the class with more tesamples. In
other words, one of the shortcomings of the current method faccuracy assessment is
that the accuracies are highly dependent on the number and locatiof test samples,
while a robust assessment should be independent from the numbérest samples.
Therefore, the visual assessment of the resulting map beside thgantitative assess-
ment, is an asset. The reason is that the quantitative assessmagitthe output map
is restricted to the test data, while the visual assessment is cami@ut by considering

the entire map. Therefore, some defects can only be found usingual assessment.
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5.7 Conclusion

In this article, a classi cation scheme was proposed which addresgée problem
of poor individual accuracies despite having a high overall accuragshen mapping
spectrally similar classes using a feature selection method. This ubydappens be-
cause the features which are e ective in distinguishing one classganot necessarily
appropriate for delineating another class. Furthermore, the tess measure is usually
the overall accuracy in a typical feature selection method. As a msequence, the
general approach guarantees the overall accuracy to be highhil® some per-class
accuracies might remain low. In the proposed method, all the individl class ac-
curacies are attempted to be made acceptable using a hierarchisaheme. In this
scheme, all the objects are not mapped simultaneously, but thobelonging to each
class are delineated in separate steps, and each step is assocmitdda distinct fea-
ture selection and classi cation. While mapping each class according & pre-de ned
order, the remaining classes, which are spectrally similar to each ethare merged
such that the accuracy of the target class increases.

The suggested scheme was applied for wetland classi cation at velgt sites
within the province of Newfoundland and Labrador, Canada. Wetlash classi cation
was selected because not only do wetland classes highly resemblk eter in various
remote sensing datasets, but also collecting eld samples for themasduous. This
is because wetlands are mainly located in remote and inaccessible @addoreover,
aerial photo interpretation for wetland classi cation is not highly acurate, since some
wetland classes look quite similar in aerial imagery. These issues caro aentribute

to low accuracies in wetland mapping, other than the inherently similanature of
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wetland classes. Nevertheless, the suggested approach redutieacceptable per-class
and overall accuracies compared to the classic method at all ve pilsites, regardless
of the quality and quantity of the applied dataset, which was abovehie accuracies
reported in similar studies. For example, [12] obtained the averagegplucer and user
accuracies of wetlands ranging from 68% to 73% by the sole use dficgh data in
the same study areas as the current study. Similarly, these acegies were 71% and
72% by fusing optical and SAR data in [11] in the same study areas. kover, the
proposed method has a high potential for performing a ordable ahfrequent mapping
when the involved classes are similar in remotely sensed data, with anputational
complexity comparable to that of the classic scheme. The proposetethod also has
a considerable exibility, having the capacity for a more advanced &ure selection
method or other classi ers. Therefore, it is expected that this nkod will get further

attention in future studies.
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Chapter 6

A Polarimetric Synthetic Aperture
Radar Change Detection Index
Based on Neighbourhood

Information

6.1 Preface

In this chapter, a polarimetric index was introduced for SAR changedetection
based on neighbourhood information. Since a long-term dataset®AR images from
NL was not available at the time of writing this section, the method wasapplied on a
ooding event in Dongting lake, Hunan, China. The paper resulted &m this chapter

has been submitted and it is currentlyunder review
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6.2 Abstract

Change detection using Remote Sensing (RS) techniques is valuabl@imerous
applications, including environmental management and hazard moniting. Synthetic
Aperture Radar (SAR) images have proved even more e ective in ihregard as a
result of their all-weather, day and night acquisition capabilities. In his study, a
polarimetric index based on the ratio of span (total power) values imtroduced in
which the neighbourhood information is considered. The role of themtral pixel and
its neighbourhood is adjusted using a weight parameter. The proped index was ap-
plied to detect ooded areas in Dongting lake, Hunan, China, and waken compared
with the Wishart Maximum Likelihood Ratio (MLR) test. Results demongrated that
although the proposed index and the Wishart MLR test provided similaaccuracies
(accuracy of 94% and 93%, and Kappa Coe cient of 0.82 and 0.86,sfectively),
inclusion of neighbourhood information in the proposed measure negkthe objects

within the yielded map more connected and less noisy.

6.3 Introduction

Change detection in Remote Sensing (RS) is estimating the amount diange
between two images acquired on di erent dates over the same gemjghical area.
RS Change detection has been widely used for assessing the e dctatural hazards,
tracking environmental contaminations, monitoring water resowres, monitoring crops
and vegetation, and other applications [1{4]. Change detection uginfSAR images

is advantageous as a result of their all-weather, day and night adgition capability.
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Furthermore, with the growth in the number of active SAR satellitesthe use of multi-
temporal images is facilitated. However, SAR change detection dands specic
techniques as a result of the presence of speckle in SAR images.

In general, SAR change detection algorithms can be divided into potassi cation
and post-classi cation methods. While post-classi cation methodsre limited to
comparing the accuracy of two classi ed maps [5], in recent years ariety of pre-
classi cation approaches have emerged.

Among the pre-classi cation methods, quite a few are applicable tangle-channel
SAR images. The most basic methods for single-channel SAR chanlgtection in-
clude algebraic operations, such as computing the di erence andimof images [6].
Ratio and log-ratio operations are popular for SAR images becausé tbhe reduc-
tion of speckle and changing the image distribution to Gaussian, resgtively. For
example, [7] fused the complementary information in the mean-ratiand log-ratio
images to generate a di erence image in which the changed areas aetively high-
lighted. Moreover, [8] automatized thresholding the log-ratio imagby analyzing a
cost function.

Other approaches which are also suitable for single- or dual-chah®AR images
include Principal Component Analysis (PCA) and Change Vector Anakis (CVA).
In [9], for example, PCA was used to reduce the dimension of a neighblmood feature
vector proposed by the authors in the context of change detéah. Similarly, in
[10], PCA was applied on non-overlapping blocks of di erence image bed they
were projected on eigenvector space. Furthermore, [11] conddnCVA with post-
classi cation comparison to detect changes using RADARSAT-2 imag.

At the same time, several change detection indices, derived frornet covariance
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matrix, are utilized for polarimetric change detection. For instancein [12], two

indices of Contrast Ratio and Ellipticity were compared with ve othermeasures for
a change detection study. For deriving these two indices, eigen vatuof a matrix
generated from the covariance matrices of the two dates needtx be extracted.

Another successful method for polarimetric change detection is¢ Wishart Maximum

Likelihood Ratio (MLR) test proposed by [13] which has proved e edte in this

regard. In this method, a test was performed for equality of two atrices with a

complex Wishart distribution, from which an index was proposed. Thendex image
was then thresholded to highlight the changed areas.

Moreover, there are several distance measures which can bedusechange detec-
tion studies based on the covariance or coherency matrix. As anaexple, Wishart-
Cherno distance was utilized in [11] for investigating the potential bcompact po-
larimetric SAR data with the aim of monitoring wetlands. Moreover, [1introduced
a new distance measure entitled Generalized Likelihood Ratio Test (BL) distance
for detecting changes in urban areas.

Most of the above mentioned methods have proved accurate in dgg detection
studies using SAR images. In order to make correct managerial tgons, however, it
is crucial to provide maps which are harmonious with real-world obje; and do not
su er from the salt-and-pepper structure. This goal is facilitatd by taking neigh-
bourhood information into account in the case of SAR images whicheblemished
with the e ect of speckle. Although there are a few studies which ka considered
neighbourhood information in SAR change detection [15{17], most tfiem ignore
this valuable information.

In this paper, a single channel change detection index based on iméigurhood
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information is extended to polarimetric SAR data. This index uses spgtotal power)
values, and considers the ratio of the minimum to the maximum intensitvalues be-
tween two dates, such that the e ect of backscatter variation mong di erent classes,
noise, and errors are minimized. In this index, the role of the centraixel and its
neighbourhood is adjusted using a weight parameter. This index ise¢h compared
with the Wishart MLR index, both quantitatively and qualitatively.

The paper is organized as follows. In Section 2, the dataset and dyuarea are
explained. The methodology is outlined in Section 3, and Results are aissed in

Section 4, before the concluding remarks are provided in Section 5.

6.4 Study Areas and Dataset

Dongting lake in the Hunan province of China, located approximatelyte29 19N
and 11257€, was selected as the study area in this research. This area is praoe
ooding from July to September each year which makes it ideal for eimge detection
studies. Figure 6.1 shows two true color composite Landsat 5 image®r the study
area before and after a ooding event. As can be observed, clocover is a common
problem of optical images which hinders change detection studiesngsthese images.

Full-polarimetric SAR images used in this study are shown in Table 6.1 arieir
corresponding colour composite is depicted in Figure 6.2. The refece image, ob-

tained by visual analysis of the SAR images, is also illustrated in FigureZc).
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(@) (b)

Figure 6.1: Two optical images over the study area, before and afta ood event.

Table 6.1: The characteristics of images used in this study.

Acquisition Mode Polarization Incidence angle Nominal range
date Type range (degrees) resolution (m)

2008/06/06

2008/08/17 FQ16 Quad—pol 35.4-37 8.6-9
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Figure 6.2: The color composite of the SAR images a) before, and (after the
ooding event. Red, green, and blue channels correspond to theHHHV, and VV

intensity images, respectively. (c) The reference image.
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6.5 Methodology

In the rst step, the scattering matrix of each full polarimetric SAR image is
converted to the covariance matrix to avoid distorting the absol phase informa-
tion during processing. Covariance matrices are subsequently fed by a 7-by-7
PoISAR Lee lter [18] and are terrain-corrected and geocoded usjithe Mapready™
toolkit, developed by the Alaska Satellite Facility (ASF). Afterwards the span image

corresponding to each date is calculated as follows:

S = iSunif +2iSuvif + iSvvi? i=fL2g (6.1)
where Spq is the element of the scattering matrix recorded for the transmithg
polarization of P and receiving polarization ofQ.

In the next step, a neighbourhood is considered for each pixel inelBAR image.
In this work, a 7-by-7 window is considered for this purpose, but th can change
depending on the level of noise in the image. Then, the di erence imagroposed

in [15] can be heuristically extended to the Polarimetric Di erence Imge (PDI) as

follows:
inf S.(1): Sy
PDI(x)= . MNfSi():S%0g 2 i Sa(i); Sa(i)g
> maxf Si(x); Sz(x)g s T maxfSi(i); Sa(i)g 6.2)
i2 x"i6x i
— s(x)
T

whereS;(x) is the span image for the pixek in the ith image,  is the neighbourhood
of the pixel, and ¢(x) and ¢(x) are the standard deviation and the average of the

span image neighbourhood, respectivelys is a weight measure which determines the
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e ect of the pixel and its neighbourhood in the measure. Wherny is large, the area is
heterogeneous and the role of central pixel is more important thats neighbourhood.
When g is small, however, the area is homogeneous and the neighbourho@ttes
more signi cant [15]. Moreover, since there is the ratio of the minimurto maximum
intensity in both parts of Equation 6.2, the e ect of the variation ofintensity among
di erent classes, the level of noise, and the presence of errorstbe change detection
map is minimized. After computing the PDI measure, an image is obtaiden which
the magnitude of each pixel demonstrates the level of similarity bgeen two images.
If the change of a speci c class is of interest, the image can be thh®lded to highlight
those changes. The aim of this work is the detection of ooded areand therefore
the histogram of the PDI image is thresholded by Otsu's method [19].nIOtsu’s
method, the threshold(s) of the histogram are determined by marizing between
class variance or minimizing within class variance [19].

For comparing the proposed measure with another polarimetric indethe Wishart

MLR test is selected [13]:

_ (n+ myprm X njyjm
T nemmem X + Yjrem

(6.3)

whereX andY are the rst and second covariance matrices, respectively, amdand

m demonstrate the number of looks in the rst and second image, msctively, |

denotes the determinant of a matrix, andP is the size of the matrix which is 3 in
this study.

When m = n, which is the case in our work, InQ can be de ned as follows:
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INQ = n(2pIn2+ InjXj+ InjYj 2InjX + Yj) (6.4)

Similar to the map produced by PDI, the InQ image can be nally threshioled by
Otsu's method to emphasize the areas of interest. Then, the meass are compared
both quantitatively and qualitatively. For quantitative comparison, the number of
False Negatives ENs), False Positives FPs), True Negatives (TNs), and True Pos-
itives (T P s) is computed. Then, the Overall Error OE) and the Percentage Correct

Classi cation (P CC) are obtained by:

OE = FN + FP (6.5)

PCC=(TN+TP)(TN+ TP+ FN + FP) (6.6)

Moreover, if we consider a confusion matrix with two classes ohangeand no
change Kappa coe cient can be calculated as follows [20]:

P P
P X Xt X4k

— p K
B P2 I Xk+ X+k (6l7)
k

whereP is the total number of elements in the confusion matrixy; is the element in

the ith row andjth column, x;. is the summation of the elements in thé&h row, and
X4+ is the summation of the elements in thgth column. Kappa is another measure
of the accuracy assessment which can take values in the range ofiJ0 A value of 0
for Kappa means there is no agreement between the produced naaql the reference
data, while a value of 1 for Kappa demonstrates the complete agneent between the

generated map and the reference data.
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6.6 Results and Discussion

Figure 6.3 demonstrates the yielded PDI and InQ maps. It can be olrged that
both measures have delineated the ooded areas e ectively, aneduwd be used to
locate and estimate the ooded regions accurately. However, it idear that the
guantization of the changes in the PDI image is more detailed than InQ ege. For
example, the left part of the InQ image near the top provides a rathdhomogeneous
area with small changes being missed. However, if we consider thensaarea in
the PDI image, we can see how di erent amounts of change have hee ectively
guantized. A more important feature of the PDI map is that it provides objects
which are less speckled as a result of considering neighbourhoodrimtion. On the

contrary, some of the objects within the InQ maps have a salt-angepper structure.

(a) InQ map (b) PDI map

Figure 6.3: Change detection maps obtained by InQ and PDI measures

The histogram of the InQ and PDI maps have been demonstrated in kige 6.4
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(a-b). The fact that there are more quantizations in the PDI imagehan the InQ
image is clear from their histograms as well. In the next step, the higgram of the
PDI and InQ maps was thresholded using Otsu's method to detect theoded areas.
The range of data for the InQ and PDI images was (-1461 , 0] and [Q, Gespectively.
The thresholds selected for binarizing the images were -160 for ti€) image, and
0.118 for the PDI image.

Figure 6.4 (c-d) demonstrates the binarized InQ and PDI images. Atrst, both
images look similar to each other. However, the objects producey the InQ map
appear more speckled and disconnected compared to PDI map. Whexamining
the maps more closely, several subsets of the images were saleatel the zoomed
areas of the InQ and PDI images, along with their corresponding binamaps, are
depicted in Figure 6.5. It is clear that while the zoomed regions in the In@ap
(Figure 6.5, i-) are slightly speckled, disparate, and unconnectethe regions in the
PDI map (Figure 6.5, m-p) are more homogeneous and linked. This fadws caused
the thresholded InQ map to contain more discrete and noisy objediSigure 6.5, g-t),
while the binary PDI map provides clean and connected regions (Figu6.5, u-x).

For a quantitative assessment of both maps, the binarized maps mwecompared
with the reference image. Table 6.2 shows the comparison resultsisl viewed that
both methods have generated a highly accurate map with the PCC 88% and 94%,
and the Kappa coe cient of 0.82 and 0.86, respectively. Howeverh¢ accuracies of
the PDI map are slightly greater as a result of including neighbourhaloinformation.
Interestingly, the number of FNs is high in the InQ map, while the number ofFP s
is high in the PDI image. This shows that the InQ index overestimates, hile the

PDI index underestimates the amount of change.
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(a) Histogram of the InQ image (b) Histogram of the PDI image

(c) Thresholded InQ map (d) Thresholded PDI map

Figure 6.4: Binary change detection maps obtained by InQ and PDI mgares.
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Figure 6.5: Selected samples of image pairs and their correspondihgnge detection
maps: the colour composite of the image (a-d) before, and (e-hfea the ooding
event, (i-) The InQ map, (m-p) The PDI map, (g-t) The thresholdedInQ map; and

265
(u-x) The thresholded PDI map.



Table 6.2: Accuracy assessment of the change detection mapsamied by both meth-

ods
Measures InQ PDI
FN 556122 11057
FP 13325 464162

TN 5364371 4913534
TP 1822370 2367435
OE 569447 475219
PCC 0.927 0.938
Kappa 0.816 0.863
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6.7 Conclusion

In this study, a polarimetric index for change detection was introdeed based on
the ratio of span (total power) which exploits neighbourhood infenation. The in-
dex was applied on a ooding event in Dongting lake, Hunan, China, anithen was
compared with the Wishart MLR test, another measure for polarinteic change de-
tection. The results demonstrated that although both measurgsrovide an accurate
change detecton map with comparable accuracies, the objectoguced by the pro-
posed change detection measure are more homogeneous and lgsg. PAlso, the InQ
map overestimates the amount of change, while underestimationanes in the PDI
map. The result of this research shows the importance of includingighbourhood

information in change detection analyses.
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Chapter 7

Summary and Conclusion

7.1 Research Summary

This thesis proposed algorithms and solutions for wetland classi dah using Re-
mote Sensing (RS), and suggested pre-processing or post-pssing techniques for
facilitating this procedure. This aim was divided into several resedrcsegments de-
scribed in this thesis in separate chapters. The rst step for rehmg the thesis
goals was to conduct a thorough literature review to gain a deependerstanding of
wetland characteristics, RS advances in the case of wetlands, amcbas that could
be improved. To this end, Chapter 2 was devoted to a literature réw on various
aspects of wetland studies and di erent approaches for wetlandassi cation. The
comparison between pixel-based and object-based approached the role of several
classi ers in wetland classi cation was also provided. In Chapter 3, aovel method
for pre-processing SAR images, namely speckle reduction, waspmeed, which plays

an important role in wetland mapping using SAR imagery. In this methodrather
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than adjusting the lItering window shape based on the pixel neighlvbood charac-
teristics, the window size was also adapted to the object size in whithe pixel was
placed. For selecting the best window size, the minimum standard dation over a
range of window sizes in in-phase and quadrature components of ARSimage was
considered. Then, the pixel was lItered with its own optimal window ige in the
intensity image. In Chapter 4, multi-temporal RADARSAT-2 data within four pilot

sites in Newfoundland and Labrador (NL) were classi ed in an objediased manner
using the proposed segmentation method. The study determineldet optimal feature
and time for conducting wetland studies using SAR images, and pral¢he e ec-

tiveness of using multi-temporal data for wetland mapping. In Chapr 5, a novel
dynamic classi cation scheme, well- tted to the nature of wetlandsand other com-
plicated land covers, was proposed. In this method, the objectseanot all assigned
a label simultaneously; rather, the classes were mapped on an indiwad basis with

a separate feature selection and classi cation associated with bad his method was
applied to classify wetlands in ve pilot sites of the province of NL, andihcreased the
wetland classi cation accuracy considerably compared to the classnethod. Finally,

in Chapter 6, a full-polarimetric SAR change detection measure wadtioduced based
on neighborhood information as a postprocessing technique for mitoring land cov-

ers. Although data from a ood event in NL were unavailable, this mesure produced
accurate, noiseless, and connected changed objects for a @wdnt in Dongting Lake,
Hunan, China, and can be applied for monitoring other types of landgers, including

wetlands.
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7.2 Research Achievements

In each of research segments conducted in this thesis severatahasions were
identi ed. A summary of the chapter-wise achievements of the diggation follows.

In Chapter 2, by reviewing the literature, it is concluded that red ede and near in-
frared bands are the most appropriate optical bands for wetlandelineation. In terms
of SAR imagery, di erent con gurations should be selected depenty on whether the
aim is to classify herbaceous or woody wetlands. For classi cation lérbaceous wet-
lands, short wavelengths and shallow incidence angles are more ampiate, while
long wavelengths and steep incidence angles are preferred foredéhg shrubby or
forested wetlands. Full-polarimetric SAR data are favoured for wland classi ca-
tion, but HH is the most useful polarization for this purpose. Amonghe available
classi ers, RF is the best algorithm for delineating wetlands.

The adaptive window size speckle lIters introduced in Chapter 3 ougrformed
their xed-size counterparts in both simulated and real images anuh single-channel
and polarimetric cases. This shows the concept of adaptive windoizesis more tted
to SAR images, and can in turn improve the performance of algorithensubsequent
to ltering.

In Chapter 4, by analyzing the results of classi cation using SAR dat it is con-
cluded that August is the best time for wetland classi cation. Featves of wetlands
are most distinguishable in August, since the vegetation within wetlals is mature.
Although vegetation is not mature yet, June is also an appropriateirhe for classi-
cation, because the leaves are fairly fresh. The images obtained fadl or spring,

however, are not appropriate for wetland mapping in Canada, bease during this
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time the vegetation within wetlands is dormant and cannot be appliedof discrimi-
nating wetlands from each other, or non-wetlands. It should be @snentioned that
using images from several dates can increase the accuracy oflavet classi cation
considerably, as the signi cant dynamicity of wetlands can be usedsa distinguish-
ing feature for their classi cation. One of the most optimal featues for wetland
classi cation is the covariance matrix. In addition to intensity layers covariance ma-
trix also includes phase di erences between channels, which are fusdor wetland
characterization [1{3].

The dynamic classi cation scheme proposed in Chapter 5 resolvedetiproblem
of poor individual accuracies after feature selection despite hagira high overall
accuracy. By applying the proposed method in wetland classi cationthe average
producer and user accuracies of wetlands increased by up to 2286 25%, respec-
tively, compared to the classic method. This demonstrates that ¢hproposed method
is appropriate for classifying wetlands and other complicated land ers.

The change detection measure proposed in Chapter 6 performs igamto another
commonly-used change detection index in terms of accuracy. Inries of visual as-
sessment, the proposed measure generates less noisy and nwneected objects that
can facilitate making correct managerial decisions.

To recapitulate, in this thesis several innovative methods and solons are pro-
posed to facilitate the study of wetlands and other complicated lancbvers, the most

important of which follow:

A thorough literature review was provided on wetlands, which consids all

aspects of wetland studies;
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A pre-processing method for the classi cation of land covers, naty a speckle
reduction method, was proposed which adjusts the Itering size lsad on the
area of the object. This is useful for study of wetlands as they raary consid-

erably in size;

A multi-temporal study was conducted in which the most appropria time and
features for wetland classi cation were determined and an altertigse method

for segmentation of SAR data was applied;

A novel classi cation scheme was introduced that was well tted tdhe nature

of wetlands and, therefore, increased wetland accuracy consatdy; and

A new change detection scheme was presented that delineated ¢hanged areas
with a high accuracy and without noise, which can be applied for monitmg

various land covers.

7.3 Recommendation for Future Work

Based on the results achieved by this thesis, the following items aecommended

for future work:

Developing up-to-date Canada-wide and Global wetland inve ntories.

Currently, there is no up-to-date and precise estimation of Canaewide or
global coverages of wetlands. However, it is important to develom apera-
tional global wetland mapping and monitoring scheme by which estimain of
global wetland coverage and frequent update of wetland conditisns possible.

For reaching this goal, wetland-related organizations all over theosld need to
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collaborate in terms of eld data collection and developing classi catio meth-
ods. Moreover, satellite data and RS algorithms should be providedch that
the cost and computational complexity of producing and updating aps is min-
imized. In fact, freely available satellite imagery should be utilized as rol as
possible. Moreover, there should be an overall agreement on a waclassi -
cation scheme that can be implemented globally or in most parts of theorld.
An example of such a classi cation scheme is the Ducks Unlimited Enhzed

Wetland Classi cation System [4].

Adjusting the common speckle Iters to be applied with adapt ive
window size. Currently, there are several common lters, such as the Lee's
improved Sigma [5], Frost [6], and Kuan [7] lters, that use a xed windw
size for Itering SAR imagery. These algorithms, which have alreadyrpved
e ective, can be adjusted to be applied with adaptive window size. T# is

expected to further improve the performance of these algorittsn

Utilizing the proposed alternative SAR segmentation schem e in other
applications. SAR images are speckled and this causes the segmentation of
SAR images to be less accurate than that of optical images. Theoed, in
Chapter 4 an alternative segmentation method was proposed in whithe result

of the segmentation of an optical image was superimposed on theRSAnage

of the same area. As a result of doing this, speckle is considerablgueed or
eliminated in SAR data, while their valuable characteristics remain presved.

It is recommended that this method is applied in applications involving SR

imagery other than wetland classi cation which is included in this thesisThus,
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researchers could bene t from the advantages of object-baselassi cation over
the traditional pixel-based classi cation when SAR images are used their

studies.

Operational implementation of the proposed dynamic classi cation
scheme. As mentioned earlier, there is a need for robust classi cation algo-
rithms which can be used to map wetlands globally. The algorithm proged in
Chapter 5, which has proved e ective in NL, can be applied in di erentparts
of the world to examine its e ectiveness. Moreover, as the propes scheme
has a high exibility, di erent parts of the algorithm can be replaced wth more
advanced or less computationally complex methods to adjust its germance.
For example, the proposed feature selection method (i.e., GA) car lbeplaced

with a more advanced method like Particle Swarm Optimization (PSO) [8].

Applying the proposed change detection scheme for wetland s tudies.
Although wetland classes are highly dynamic, changing permanentlsofn one
wetland type to another takes several years. Unfortunately, lang-term dataset
(e.g. 10-year period) of SAR images from NL required for applyingeéfproposed
change detection method was not available at the time of writing thishiesis.
However, it is suggested that upon the availability of the required daset, this
method is applied in wetland studies. For example, a pilot study in China
revealed this techniqgue was useful in monitoring a dynamic shortsta ood
event. Thus, the suggested method might facilitate monitoring of etlands

using remote sensing data.
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