TowardsAutomated Lake Ice
Classification using Dual Polarization
RADARSAT SAR Imagery

by
Jungian Wang

A thesis
presented to the University of Waterloo
in fulfillment of the
thesis requirement for the degree of
Master of Science
in

Geography

Waterloo, Ontario, CanadaQ18

© Jungian Wan@018



AUTHOR'S DECLARATION

| hereby declare that | am the sole author of this thesis. This is a true dbpytleésis, including any
required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.



Abstract

Lake ice asoneof the most important component of the cryosphiera,valuable idicator of climate
change and variabilityt he Laur enti an Great Lakes are the wor
their ice cover has a major impact on regional weather and climate, ship navigation, and public safety.
Monitoring detailed ice conditiaon large lakes requires the use of satdilitmesynthetic aperture

radar(SAR) data that provide alleather sensing capabilities, high resolution, and large spatial

coveragelce experts ahe Canadian Ice Service (CIS) have been manually prodagiagational

Great Lakes image analysis charts based on visual interpretationSARieages.ice services such

asthe CIS would greatly benefit from the availability af automated or sersiutomatedSAR ice

classification algorithm.

Weinvestigatelthe per f or mance of the unsupertaratveed s e g me
region growing with semanti¢tRGS) for lake ice classification using dymlarized RADARSAT2
imagery.Here, the segmented classeth arbitrary labelsire manually labelled bad on visual
interpretationRGSwas tested on 26 RADARSAZ scenesicquiredover Lake Erieduringwinter
2014, and the results were validated agdhesinanually produced CIS image analysis charts.

Analysis of various case studies indicated thafitigeo cIBGSdalgorithm can provide a reliable ice
water classification using dual polarized images with a high overall accur@0y286 The

improvement of using dugdol as opposed to singfl images for icavater discrimination was also
demonstrated. d¥ lake ice type classification, most thin ice types were effectively identified but thick
and very thick lake ice were often confused due to the ambiguous relation between backscatter and
ice types. Texture features could be included for further improner@werall, oufi g | olRGSI 0
classification results are close to visual interpretation by ice analysts and would have expected to be

closer if they ould draw ice charts at a more detailed level.
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Chapter 1

Gener al l ntroducti on

1.1 Introduction

Lakes cover around 2% of tmHoeatelia thd Nordhern lemisphesec e |, Wi
andcovering a total area of 790,000 k(Brown & Duguay, 2010)According toDuguay et al.

(2003) 1540% of the arctic and stdrctictundraareasof the Northern Hemisphewsrecovered by

lakes. Therefore, lake ice is one of the most important coemgstof cryosphere due to its large

spatial coverage in higlatitude regiongBrown & Duguay, 201Q)The presence, thickness, and

timing of lake ice cover formation and decay effiect the functioning of lake ecosystems

(Bernhardt, Engelhardt, Kirillin, & Matschullat, 2012)ake ice cover isolates water from the

atmosphere, restricts energy exchamgducesdight penetration, and limits wave mixing and

evaporatiol Choi s ki , Pt ak, SkoAwaresnlt, lak&e cartinflemcéthez a k, 2 01
chemical and biological processes in the lake such as algal blooms and aquatic ordairiams

Walz, Hintze, Hoeg, & Rusche, 1999; Dibike, Prowse, Bonsal, Rham, & Saloranta, 2&{e)ce is

also a valuable indicator of climate change and vartglsince it is sensitive to changing climatic

conditions, especially air temperatBrown & Duguay, 2010Duguay et al., 2006; Livingstone &

Adrian, 2009; Soja, Kutics Maracek, 2014)

Compared to the expensive grotimaked observations, satellite remote sensing can provide large
spatial coverage and frequent temporal resolutiofaf@monitoring. Optical and infrared sensors
such as NA S-Rdsautiod mafieg Specteoradiometer (MODIS), Landsat Thematic
Mapper and Multispectral Scanner, and the Natior
(NOAA) Advanced Very High Resolution Radiometer (AVHRR) can progatgstctory
observations over lakes under dag clearsky conditions. During winter months, however, these
optical and infrared sensors are limited by reduced daylight hourgeasidtentloud cover over
northern lakes. Passive microwave sessach as the Scanning Multichannel Microwave
Radiometer (SMMR), the Special Sensor Microwave Imager (SSM/I), and the Advanced Microwave
Scanning Radiometer (AMSR) can monitor lakes regardless of clouds and darkness with high
temporal resolution, but theielatively coarse spatial resolution is not enough for detailed analysis of
lake ice. With high spatial resolution andhakather sensing capabilities, sateliymthetic aperture
radar (SARkensors suchas TerraSAR, Canadi an Space RSARIR@yddos ( CSA)



Eur opean Spac eERE&Q2BENYVISATsandSdatiBiéll)are well suited for lake ice

monitoring.

The Laurentiatbr eat Lakes are the worl dés | argest supply
245,000 kmd Monitoring iceconditionson theGreat Lakes is important féine shipping industry and
marine resource manageméneshkevich & Nghiem, 2013Yhe Canadian Ice Servi¢€IS) has
beengeneratingveekly Great Lakesce coverproductssince 1973As a common operational area of
interest toCanada antheU.S, the CIS and th®).S. National Ice €nter (NIC)hawe shared
responsibility for ice chartingf the Great Lake&Bertoia et al., 20040perational ice analysis charts
are manually produced by experienced ice analysts based on visual interpretation of satellite images,
supported byneteorological datandvisual observations from ship and airci@tS, 2005) Satellte
SAR imagerywith wide spatial coverage the primedata source for operational ice charting.

Although ice analysis charts can provide reliable qualitative ice conditions, the manual production is
subjective, timeconsuming, and expensiveurthermorethese chartenly provide regional

information of ice conditionsothat users cannot pinpoint the exact locations of each ice type
(Ochilov & Clausi, 2012)Sincealarge volume of datwill be availablewith thefuture RADARSAT
Constellation MissiofRCM), which will provide better spatial and temporal coverdigeill be
increasinglychallengingfor ice analystso visually interpret many images foperationapurposes
Therefore aneffectiveautomated or serasiutomated pixelevel ice classification algorithiis of

great interest toperational ice services

Numerous efforts have been made to automate the ice charting process. However, most of them
have not achieved the timelinemsd accuracy of operational requiremeAis unsupervised
segmentatiomlgorithm called iterative region growing with semantics (IR@&83 proposed byu
and Clausi (2008pr SAR sea ice classificatiolRGS has been integrated into the M&pided Ice
Classification MAGIC) System(Clausi, Qin, Chowdhury, Yu, & Maillard, 2010dmong other
unsupervised approaches, IRGS has shown robust performance for operational-8&R sea
classification and has been validated by CIS ice andl@stsilov & Clausi, 2012)IRGS hasalso
beensuccessfullyestedby Surdu et al. (2014pr grounded and floating ice classification on shallow
lakes of the North Slope of Alaskaecently, a hierarchicalpproach based on the IRGS algorithm
named fAglocal 0 | RG&tenelassificatiofbemliv, ®and, & Clausi, 201dBy

performing sgmentatiorindividually on smallempolygons, sea ice and open water were well



separatedThis promisingalgorithm is worth testinfpr lakeice classificatiorusing dualpolarization

SAR imagery.

1.2 Research Objectives

The main goatf this research is tevaluate the performance of themiautomatedi g | olIRGSI 0o
algorithmfor lakeice classification using dual polarized RADARSAZTmagery. The classification
results areevaluatedhgainstthe Great Lakes image analysis charts provided by theT@l&chiere
the research goal, the study is divided it@eobjectives:1) to evaluatehe performance of the
gl ocal 0 | ROG&watdr discrminatibn)toexaminghec apabi | ity of
IRGS algorithm to separate thickndsssed ice typesentified by the ClSand 3) to test the
advantagesf using duadpol (HH andHV) images as opposed to singlel (HH) images for lake ice
classification.

1.3 Thesis Outline

Chapter 2 provides detailed background information about lake ice formation angdumzss
introduction to SARfactors that affect radar backscat®AR signatures ahe Great bkes
challenges for SAR ice classificatiavperational iceehartingat the ClSprevious studies on SAR ice
mapping and a brief introduction to IRGS. Chap3evaluates thé g | olRGSIcé classification
algorithm over Lake Erie using dual polarizatRADARSAT-2 imagery Chapter 4 summarizes the
main findings of the study, identifies the limitations of the algorithm, and presidggestions for

futurework.

t

he



Chapter 2

Background

This chapteprovidesbackground knowledgendSAR ice mapping. Firstly, the physical process
involvedin lake ice formation and decay as well as how climatic anechioratic factors affect lake

ice cover at each stage of ice depenent are presented. An introductiorthefactors affectingsAR
backscatter and scattering mechanisms are provided, followed by a description of SAR signatures of
the Great bkes and challenges for SAR ice classification. A detaiéstgription obpeitional ice
observation anthe analysis procedsading to the generation of ice chatghe ClSarethen

presented. Finally, a review of previous SAR ice mapping studies is provided, followed by a brief
description othe IRGS algorithnused in this thsis

2.1 Lake Ice Formation and Decay

The Anenergy surplus or deficit in the energy bal a
lake ice cove(Brown & Duguay, 2010, p. 672 he transfer of enerdyetweenwater, ice, snow, and
theatmosphere is governed by the first law of the thermodyngi@icsvn & Duguay, 2010)The

first law of thermodynamics is the law of conservation of energy discovered around 1850, which
states that the total energy of an isolated system is constant, it can neither be created nor destroyed
(Truesdell, 1971)Williams (1965)proposs that the energy transfésr ice growth and decag

mainly controlled byheat exchange with the atmosphéregt storage in the water, and heat from
inflows of water With adecreasin air temperature, the surface water loses heat to the atmosphere.
As the surface water cools, it becomes denser and sinks to the deepergbdniéoiake. This process
continues until the whole lake body cools to 4°C, which is the temperature of maximum density of
freshwatel(Brown & Duguay, 2010Q)Further cooling allowthe lowerdensity water layer to stay at

the surface and when it cools to the freezing point, initial skim ice will first form on the lake qurface
Jeffries, Morris, & Duguay, 2012)

Subsequent ice thickening can create congelation ster@mw ice on freshwatéakes.
Congelation ice forms at the bottom of the ice cavieerewater freezes at the iveater interface
and loses heat through the ice to the atmosgRrégare2-1, 1 and 2)Jeffries, Morris, & Duguay,
2012) Congel ation ice is also known alewindlighttack i ceo
transmit to the subsurface water, which makes it visually transgtartin O Jeffries & Morris,

2006) Snow ice typically forms at the top of the ice cover whashsfreezes at the sneee
4



interface(Jeffries et al.2012) As shown in Figur@-1 (3 and 4),he bubblefilled slush forms at the

top of ice cover when the accumulated smwassethe ice cover below the water level that

underlying water flows up to the ice surface through ice fractures and sodikdttime of snow cover

(Jeffries & Morris, 2006)Snow ice can also form when snowfall occurs during initial fregzer

liquid precpitation falls through snow cover to the ice surfé@e®wn & Duguay, 2010)Snow ice is

oftenr ef erred to as

albedo and strong light scatteri@@gffries etal., 2012) According toBengtsson (1986know ice

Awhi t e

ceo

b ecaus ahight

cont ai

tends to form close to the shores as a result of wind redistribution while black ice tends to form in the

center part of the lake. During winter, the formation of both snow ice and congelation ice determines

the thermodynamic thickening of the lake ice covefiries and Morris (200&howel that the

growth of black ice at the bottom of the ice and the formation of snow ice on top oflicetsi t h e

negative temperature gradients in the ice and snow (black ice) and snow alone (showvich)i ¢ h

brings the conductive heat flow from the ice layer up to the atmosphere (p. 803). Therefore, the ice

growth rate and ice thickness is controlled by the conductive heat flow in thermodynamic thickening

(Jeffries & Morris, 2006)

Snow

Water Level

1

Ice

Congelation Ice

Water Level

Figure 2-1: The formation of congelation ice and snow ic€Source: Kheyrollah Pour, 2011)
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The timing from initial ice cover formation to final melting, and ice cover duragioamedce
phenology(Bernhardt et al., 2012)ce phenologys generally divided into freezep and breakip
proceses. Freezap is defined as the time period between initial ice formation and complete ice
covelage and brealup refers to the time period between the beginning of ice melt and complete
disappearance of i¢deffries et al., 2012)ce phenology and ice thickness are affected hymber
of climatic and mn-climatic factors that control ice formation and de@@sown & Duguay, 201Q)
Brown and Duguay (201@rovide acomprehensive reviewf the interactionbetweerlake ice and
climate Theyindicatethat ice phenologis primarily controlled by variations air temperature,
whereas ice thickness is more associated with the snow accumudgfiimeon ice coverThe
following sections provide a review bbw climatic and norclimatic factors affeclake ice cover at
each stage of development.

2.1.1 Climatic and Non-Climatic Factors

2.1.1.1 Climatic factors

Climatic factors that determiriee phenology and ice thickneae typically the local weather
conditions including air temperature, snow accumulation, wind, and cloud (Bemahardt et al.,
2012; Bown & Duguay, 2010; Duguay et al., 2006; George, 2013; Jeffries et al., 2012; Williams,
1965)

Air temperature has shown to be the dominant factor that affect ice phe(®togyn & Duguay,
2010; Duguay et al., 2006; Soja, Kutics, & Maracek, 2014liaftis, 1965) Early studies have ude
accumulated degree daffeeezing and thawing degree days predict the freezap and breakip
dates(Burbidge & Lauder, 1957; Mackay, 1961; Williams, 196&/lliams (1965)found that the
surface water temperatuiealmost linearly correlated with air temperature during the first stage of
cooling and this relationship was used to determine theatiatigich a sheltered lake cools to 4°C.
Research bsoja et al. (2014also found that theris a significant correlation between surface water
temperature and air temparsg, and the surface water temperatasgrongly associated with igen
and iceoff dates. Their results showed that up to 54% (Lake Neusiedl) and 74% (Lake Balaton) of
the variance of ice cover duration can be explained by winter air temperatuegshowed tha&ir
temperature is positively correlated with solar radiation. As identifiesldpy et al. (2014)ce
duration has a significant negative relationship withsbime hours. The amount of solar radiation

input on a lake is highly dependentitsigeographical locatio(Bernhardt et al., 2012; Brown &

6



Duguay, 2010Q)butthe relationship between air temperature and latihagdebeefound to be
nonlinear\Weyhenmeyer, Meili, & Livingstone, 2004)uguay et al. (2006dompared recent ice
phenology trends across Canada with tréndsr temperature from 1966 to 1995. They found that
freezeup/breakup dates were strongly cetated with 0 °C isotherm dates at méake locations in
Canada. At Lake MendotdMadison, Wisconsiy a 1 °C mean air temperature change in November
and Decembewas found to correspond &n4.3day change in freezgp date, and a 1 °C mean air
temperatire change from January to Manoha 3.3day change in breakp dategRobertson,
Ragotzkie, & Magnuson, 1992)

Snow accumulation can influence ice phenology especially during ice thickening andipreak
processeéBrown & Duguay, 2010; Soja et al., 2014; Williams, 1965¥study by Adams(1976)
demonstrated how snowfall events can advance the timing of initial ice formation orHakeser,
since snow has lower thermal conductivity (6084 Wn? K1) compared to ice (2.24 WhK 1)
(Sturm, Holmgen, Kdnig, & Morris, 1997)snow accumulating on ice cover can slow down the
growth rate of ice as a result of its insulating prope(Bsewn & Duguay, 2010)During spring
mdt, snow can act as an insulator and delay ice bugalddditionally, since the presence of snow
can initiatethe growth of snow ice, the higher surface albedo of snow ice leads to lower solar
radiation absorption which can also delay ice bngakBrown & Duguay, 2010; Soja et al., 2014)
The depth of snow primarily depends on occurraraintensityof snowfall.Soja et al. (2014)
found that snow depth and snow dasesstrongly correlated, with a correlation coefficient of 0.85
andthatsnow conditions can highly influence bregik and ice cover duratidbugugy et al., 2003)
Snow conditionganalsobe affected by wind redistribution, resulting in higher ameurftsnow and

snow ice appearing near the shores than the center of th@kakgtsson, 1986; Soja et al., 2014)

Wind is another important climatic factor that affects both ice fre@zand breakip processes
(Brown & Duguay, 2010; Duguay et a2006) During the initial ice formation, wind can enhance the
turbulent mixing of surface water with warmer ssuyface water which may delay the initial
formation of skim icdSoja et al., 2014; Williams, 1965)lthoughYao et al. (2013argue that the
enhanced turbulent mixing induced by wind can accelerate water cooling and can thereby promote
freezeup, Soja et al. (2014point out that this argument is only valid whesmsideringit he t ot al h
energy balance for éhwhole epilimnion  ( p . 130). Wind is also a Afreq
formation ofthefirst ice (Jeffries et al., 2012, p. 390)ind stress can mechanically break the initial

formed skim ice, resulting in ice fractures, and delay thekéniing of ice cove{Brown & Duguay,
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2010; Williams, 1965)Although the heat exchange with atmosphere is the dominant factor
influencing ice breakip, under some circumstances the mechanical action of wind can be more
important(Williams, 1965) Once ice cover forms on the lake surface, wind exposure can enhance ice
growth by further increasing theht loss of the ice surfa¢@rown & Duguay, 2010)The snow

density and snow depth on the ice cover can also be altered bydeffrees & Morris, 2006)

The presence of cloud covieranother climatic control that affecteigrowth and decaArp,
Jones, & Grosse, 2013; Brown & Duguay, 2010; Maykut & Untersteiner, 18Ki)ds can reflect
incoming shortwave radiation awayr o m t h e E during théday, |sadingftodawer air
temperature than cleaky conditions(Wang, Liu, & Bao, 2016)However, clouds can also trap the
emitted longwave radiation, resulting in warmer atmosphere espetiaiht (Brown & Duguay,
2010) The overall cooling or warming effect of cloud cover is determined by which process
dominategWang & Key, 2005)In highlatitudes regions where solar radiation is limited during the
winter, the energy balae of ice growth and decay is mainly controlled by longwave radiation
(Brown & Duguay, 201Q)The presence of clouds reduces longwave radiation losses and can
therefore slow dowrhe ice growth and advance ice decay. The condition of the cloud cover has been
considered in many lake ice models such as the FLake model (Freshwater Lake model) and the
Canadian Lake Ice Mod€éCLIMo) (Duguay et al., 2003)

2.1.1.2 Non-climatic Factors

Nonrclimatic factors that contrate cover formation and decaycludelake morphometry (lake
depth, area, volume, and fetch), lake elevation, lake turbidity, and inflow from rivers and land runoff
(Bernhardt et al., 2012; Brown & Duguay, 2010; Soja et al., 2014; Williams, 1965)

Lake morphometryelated factorsuch asdke depth, area, volume, and fetch are important
determinants of ice phenology, especially during fragzéBrown & Duguay, 2010)Lake depth is
the most important lake morphomeparametebecause it determines the amount of heat storaage in
lake (Williams, 1965) Deeper lakes have larger thermal inertia because they can accumulate higher
amount of heat during the summer andfalC h o i Es k i . Thd mowe heat,stor@ddnlthe )ake,
the longer it takes to cool the water and eventually fréfries & Morris, 2007)Icecoveronthe
Laurentian Great Lakgzovidesa good example of the impact of lake deahd volume on ice
formation. The deeper Lake Superior usually ldswer ice fraction compared to the shallower Lake
Erie even thougtthe air temperature is coldeverLake Superior. The effect of lake depthfoeeze

up has beeround to be more important than bregk which is primarilydrivenby air temperature
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(Williams & Stefan, 2006)However,Duguay et al. (2003Fpund thatfor shallow, low volume lakes

in the highlatitude areas, lake depth is a significant factor controlling bupattates. Lake fetch (the
longest distance over a lake surface that the wind is able to generate waves) can also indirectly affect
the appearancef ice covern(Jeffries et al., 2012An early study by Scott(1964)showed that as

initial ice forms on the lake surface, the bulk temperature on small lakes is generally around 2 to 3 °C
while the bulk temperature on most large lakes has to be lower than 1 °C. In addition to heat storage
capacity, lake morphometry also has an impact on wind fetch and water circ(daffoles &

Morris, 2007)

Severastudieshavefound that lake elevation also affects ice phenol@ypwn & Duguay, 2010;
Jensen et al., 2007; Livingstone & Adrian, 200@nsen et al. (200dgmonstrated that in the
Laurentian Great Lakes regioatér freezaup datesareexperiencd over large low elevation lakes.
According toLivingstone and Adrian (2009)akes located at lower elevation generally have shorter
ice cover duration. The reason that elevation has an influence on the timing of ice growth and decay

couldbe explained by #nchanging air temperature and atmospheric pressure with elevation.

Thewaterturbidity of lake is another neclimatic factor thahas beeidentified to affect ice
formation and decay, especially during freepgBernhardt et al., 2012Bernhardt et al. (2012)
reportthat clear lakes can store more heat because they allow deeper penetration of the radiation
compared to more tur bdiedptlhadk etso. nkshadsybidigsaeth efi Sdeecgc h i
compared modelled ice phenology variables for 38 B&tandenburg lakes. Results showed that
clear lakeslérgerSecchidepth) hadnore icefreewinters andexperiencedaterfreezeonset date

than more turbid lakes

Inflow from rivers and land runoff can also influence ice pheno(Bggwn & Duguay, 2010;
Howell, Brown, Kang, & Duguay, 2009; Williams, 196%)flow from streams can create currents
and mechanically break the initially formed ice co{gnown & Duguay, 201Q)Inputs from warmer
rivers and land runoff can also add additional heat into the lake and delay ice forvéliiams,
1965) Howell, Brown, KangandDuguay (20095emonstrat¢hat the inflow from Slave River
causs afracturein Great Slave Lak&e covemwhich contributes to advancirige timing of brealup
(Figure2-2).



Figure 2-2: MODIS imagery of Great Slave Lake during ice breakup. (Source:Howell et al.,
2009)

2.1.2 Ice Phenology Trends

Since lake ice is sensitive to a number of climatic factorsytemg changem the timing of ice
freezeup and breakip can beused as amdicator of climate variability and chan¢uguay et al.,
2006; Livingstone & Adrian, 2009; Magnuson et al., 200@ke phenology has beprovento be a
good proxy for regional air temperatuytevingstone, 1997)Magnuson et al. (200 dicated that
there was a high consistencyween lake ice duration and air temperature trends in the Northern
Hemisphere from 1846 to 1995. The timescale for lake ice trend analysis is a crucial factor in
assessing climatgarming(Benson et al., 2012; Brown & Duguay, 2010pngterm record®f
warming trends may be related to the end of Little Ice Age since 1Bé®sn & Duguay, 2010;
Futter, 2003) Additionally, Benson et al. (20128xamined ice phenology trends for recenyaar
(19752005), 10eyear (19052005), and 15§ear (18552005) periodslce variables for the 3gear
trends were steeper thdret100 and 150 year periods, and the 1§@ar trends were less apparent
thanfor the 158year periodBenson et al., 2012Different rates of ice phenology trends were also
found in the Laurentian Great Lakegion with ashorter time period (1978004)showng steeper
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trends in earlier brealfp dates and later freemp dategJensen et al., 200#)anthe trendver the
longer period (1842000)investigatedy Magnuson et al(2000)

In many parts of the Northern Hemisphesarming climate conditions have resulted in earlier
occurrence of lake ice brealp dates in the past few deca@®snson et al., 201Z)uguay et al.,
2006; Magnuson et al., 200RBesearbbyCh o i Es ki  examingd ice cave? tdehdomn 18
polish lakedbetween961and2010.Results show later formation of complete ice cover by 1.2 days
per decade and earlier disappearance of ice by 5.6 days per d&mads.al. (20149bserved ice
phenologytrends of two Central European steppe lakes from 1926 ta Botl2lakes exhibited a
significant trend towards earlier ic#f and shorter ice duration. Similar trerfusve beerfound by
Benson et al. (201ndMagnuson et al. (2000yvho reported trends towards later freegpeand
ealier breakup in the past 60 decades for numerous lakes in the Northern Hemisprdedes in
the Southern Ontario, recent trends toward earlier bupadnd shorter ice duration were also
observed from 1853 to 20@Eutter, 2003)

Althoughtrends towardtater freezeup and earlier brealfp dates have been documentedmany
northern lakes, some studieaveshown no significant ice phenology trends especiédlyfreezeup
dates(Blenckner et al., 20048uguay et al., 2006)The response of freez to climate is weaker
because freezep isalsodependent on lakmorphometryJeffries & Morris, 2007)As Futter (2003)

conclude, the timing of iceff is probably a more useful indicator of climate change thaorice
2.2 Synthetic Aperture Radar

2.2.1 SAR Basics

SARis a form of radar that transmits microwave signal andives the energy backscattered from
the terrain. For a real aperture radar system, the azimuth resolution is inversely correlated to the
antenna length and therefore is limited by the size of the antenna tl icestalledaboard an
airplane or satelié. Synthetic aperture radatilizes the motion of aircraft and the Doppler principle
to synthesize a long antenna using a short antenna. The development of SAR is an evolutionary
advancement in radar remote sengryiding relativelyhigh spatial resaltion. For example,

RADARSAT-2 measurements provide a spatial resolution of upnoiid Spotlight mode.

The amount of power received at the SAR sensor is a product of the power per unit area at target,

effective scattering area of the target, spreading loss of reradiated signal, and the effective antenna
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receiving aredMoore, 1983) The mabematical radar equation combining all these factors is

expressed as:

. 0093 ®

v ™ JY @

where0 is the power received, is the transmitted power to the targ€,s the antenna gair, is
the effective scattering area of the target (also called the radaiseizm),0 is the antenna

receiving area, ant' is the range distance between the transmitter and the ¢(3egstn, 2007)

It is the radar backscatter coefficient, also called sigma nopghtwhich measures the scattering
behavior of the terrain. It represents the amount the radarsgosen, scattered back to the

receiver per unit are®) and is expressed as:

cHE

os| =

2.2.2 Factors that Affect Radar Backscatter

The backscatter intensity is dependent on the surface roughnessglantidpropertiesof the

medium Surface roughness is a strong factor that influences the radar backécsttenth surface

acts like a specular reflector where most of the energy is reflected away and only a small amount of
radar backscattered to the sensor. For a rougher surface, the incident wave interacts with the surface
with diffuse scattering in all direcths which will produce a brighter radar return. Another factor that
affects radar return iheelectrical characteristiay the mediumwhich can be measured by the

complex dielectric constafdensen, 2007}t is a measure of the ability of a material to conduct
electrical energy, which will influendés ability to absorb, transmit, and reflect microwave energy.
Water has a very high dielectric constant of approximatepr@ithus reflects most of the radar

energy at the water surfacehe dielectric constant of freshwater ice is around 2.2 to 4éndemm

on the bubble contefiDrai, 2000; Duguay, Pultz, Lafleur, & Drai, 200Epr sea ice, the dielectric
consant is higher than freshwater ice due to the salinity. The dielectric constant of sea ice has shown
almost linear correlation with the brine voluifvéant, Ramseier, & Makios, 1978)herefore, lake

ice and multiyear sea ice tend to have higher backscatter beicaiseear zero salinity allows the

volume scattering within ice. Firgear smooth sea ice appears dark in SAR imagery because the high
nearsurface salinity resulting in high dielectric constant that prevents radar signal from penetrating

the surface andre reflected away.
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The measured backscatter can be a result of surface scattehinge scatteringnd to a more
limited extent doublbounce scatteringdfwood et al.,2015) Surface scattering occurs at the surface
of a homogeneous medium. Volume scattering occurs when the medium is inhomogetieous
varying dielectric constant that allows the incidence wave to penetrate through the Jindace.
backscatter of lake ice comes from both surface scattering at the air/ice and ice/water interfaces as
well as volume scattering that interacts with bekkwithin ice(Duguay et al., 20025now cover
accunulated on ice contributes some volume scattering, but very little for dry snow and barely
influence the signal of ic@Jlaby, Moore, & Fung, 1986Early research have attributed the high
backscatter of floating ice in the shallow lakes to dodolence scattering from the ice/water
interface and the columnar bubb{@sffries, Wakabayashiz, & Weeks, 2001; Jeffries, Morris, Weeks,
& Wakabayashi, 1994; Matsuoka et al., 199®)wever, aecent study byitwood et al. (2015)
explored the scattering mechanism of ice in shallow Arctic lakes using polarimetric satellite and
groundbased radailhey found thasingle baince at the rough lake ice/water interface that has high
dielectric contrastather than doubtbounce is the dominant scattering mechardentribuing to the

strong backscatter of lake ice.

2.2.3 SAR Signatures of the Great Lakes

A comprehensive library d@-band backscattaignatureof lake icetogether with in situ
measurementsas compiled byNghiem and Leshkevich (200@yring cruises as part @997 Great

LAkes Winter Experiment@ L A WE X)gFebruary to March 1997) on Lake Superior. In this
experiment, thdet Propulsio.aboratory(JPL) Gband polarimetric scatterometer was mounted on

two icebreaker vessels to measure the backscatter signatures of various ice types and calm open
water. The measurements included multiple polarizations with incidence angle ranges figdf O to
applicable to ERS, RADARSAT, and ENVISAT satellites. Figu2 shows the HH backscatter for
various lake ice types and calm open water. Modeled backscatter of open water under different wind

speeds are shown as cyan curves.

Since open water can beated as a homogeneous medium in the microwave region and that only
surface scattering is presébaby et al., 1982)the backscatter of open water is highly dependent on
incidence angle and wirdduced surface roughness. Backscatter of open water increases as the
incidence angle decreases and wind sjpeeréases. For calm open water, specular reflection at the
water surface reflects away most of the radar energy producing a low radar return (RBpure 2
Backscatter of calm water at large incidence angles increases because wind effect is stronger for far
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range measuremerttsat are far away from thehip (Nghiem & Leshkevich, 2007)Jnder windy
conditions, the rough water surface is able to reflect radar energy back to the receiver. As shown in

Figure 23, higher HH backscatter is modeled with increasing wind speed.

The backscatter signatures fr@@bAWE X 6 ®rice types included brash ice, pancake ice,
stratified ice, lake ice with crusted snow, consolidated ice floes, and new lake (black) ice (RFgure 2
These are the common ice types observed on the Great Lakes@WriAgWE X &with different
thickness, snow cover, surface conditions or stratifications. The backscatter of brash ice is the highest
among other ice types because brash ice is heavily rafted and ridged that can reach up to 5 m thick.
Pancake ice, stratified ice, lake ice with crustedwsramd consolidated ice floes have very similar
backscatter signatures. New lake ice has the lowest backscatter compared to otheracel types
backscatter decreases steeply with increasing incidence angle. This can be explained by the dominant
specular rection atthe smooth black ice surfatiat reflects away most of the signal. In general, all
the ice types have a decreasing trend towards larger incidence angle but the slope is less steep than

open water.
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Figure 2-3: HH backscatter signatures of Great Lakes ice and open water. The cyan curves
represents backscatter of open water under wind speeds of 2 m/s, 4 m/s, 8 m/s, 12 m/s, 16 m/s,
20 m/s, and 24 m/s (lower to upper). The ranges wmicidence angles for RADARSAT and
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ENVISAT is marked in red double arrows. The background grey and yellow bands denote nen
overlapping and overlapping ranges of incidence angles of ENVISAT SAR, respectively.
(Source:Nghiem & Leshkevich, 2007

2.3 Challenges for SAR Ice Classification

Incidence angle and wirgffectsover water are the main factors that complicate SAR ice
classificationThe co-polarizedbackscatter for ice and open water is incidence angle dependent
(Geldsetzer et al2010) As incidence angle decreases, stronger radar ristobserved especially

for open waterOn the other hand, the qgmlarized backscatter of open water is highly dependent on
wind speed and directiqi®hokr, 2009)Wind-induced ripples over water can increase the surface
roughness and thereafter result in higher backscatteistblase tathat of ice, as shown in Figure-2

3. This high backscatter variability makes it difficult to separate open water from lake ice robustly.
Previous studies have shown that VV backscatteroie sensitive to wind effects on water surfaces
than HH backscattét.ong, Collyer, & Arnold, 1996; Sobiech & Dierking, 2018yosspolarized
backscatteover water varies with wind speed but is independent of wind diredtechon & Wolfe,
2011) Thus, crospolarizddata is less sensitive to wind effects thaspotarized data and is well
suited fo separatingld ice and open watéArkett, Flett, De Abreu, & Gillespie, 2006; Duguay,
Bernier, Gauthier, & Kouraev, 2015}rosspolarization data can also provide more information
about surface roughness structure aradte iteasierto delineate icéloes (Arkett et al., 2006;

Ramsay et al., 2004owever,discriminating new ice from open water can be difficult withssr
polarizated imagebecause the signéd-noise ratio is relatively loWGeldsetzer et al., 2010) this
casesmall(steep incidence angkein co-polarized imagecanbe used témprove theseparability
betweemew ice and opewater. Thereforei is expected thadualpolarization data can largely

improve SAR ice interpretation, particularly tegter discrimination at small incidence angles.

Classifying lake ice types is also a challenging task due to the overldyguikgcatter signatures of
different ice types. Although different naming conventions of lake ice have been used, the correlation
between backscatter coefficient and ice types is still ambiguous. For operational ice mapping, ice
thickness is the most imparit ice variable when classifying ice types. However, it is practically
challenging to identify different thickness of ice based only on SAR images since garfdce
subsurfacegonditions of ice can largely influence the returned signal. Ice with the sackness
can havdargeradar return from heavily ridged surface or much lower backscatter from smooth ice

surface.
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Interpreting SAR images during ice decay is difficult becawetessnow andneltingice on the ice
surfacewill absorb most of the radsignaland obscure the signal from reaching the ice underneath
Melt conditiors result in a dark tone for all ice types in the SAR images. Therefore, distinguishing

decaying ice from open water and new ice from SAR imagery can be problematic.

2.4 Operational Ice Observation and Analysis at the Canadian Ice Service

Operational ice servissfromnumerousations routinely issue ice analysis charts, iceberg conditions,
warnings, and forecasts in support of safe maritime operationséovesed wateréBertoia et al.,

2004) Various national ice ceais have different geographic regions of interest but they work in
similar ice charting mannersheir goalis to provideaccurate and timelige conditions mainly for

safe ship navigatiomMost centergproduce ice analysishartsbasedorimarily on visual interpretation

of satellites imagergupplemented by aerial and shipboard visual observations as well as

meteorological information.

Optical and thermadatellites arsuitable for ice maitoring, but are hampered lmonstantloud
cover. Passive microwave sensors provide near daily and all weather imagery, but are limited by
coarse resolutioiWith all weather dayandnight sensing capabilities and high spatial resolution,
radar remote saing has been of strong interest todeaterssincethe technology wadeveloped
(Bertoia & Ramsay, 1998Back in early 1970sirborne real aperture radars weised for ice pack
mapping andin the 1980s and 1990sjrborne synthetic aperture radar was used operationally
(Bertoiaetal.,,20045ince the | aundh(dul ESA991EREnNH CSAbs
(November 1995), SAR data has been quickly adoptétlmadiarandU.S.ice services as well as a
few European ice services the primary data sourfm® ice monitoringMore recent mult
polearization SAR systems such as ENVISARADARSAT-2, and Sentinel havealsobeen
included at ice services to improve-eater and ice type discriminatioAmongotherdata sources,
SARimageryis consideredhe principle and most suitabdiata for operatioal ice mapping to
support navigation safef8ertoia et al., 2004 However, analyzing SAR imagery during melt season

can be difficult due to the absorption of signal by surface melt water on ice.

The CIS produces three types of ice charts: image analysis charts, daily ice charts, and regional ice
charts. Image analysis charts #re product of thanalysis obperationally significant SAR imagery
in near real time (within 4 hours of acquisitioBjily ice charts are valid at 18:00 UTC every day

andareproducedy ice forecasterbased on various data sources including satellite imag@ts
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from ship and aircraft, as well as climatology and weather condifRetgonal ice charts are weekly
products that have a complete coverage of a certain region. They are valid on Mondays and are

producedbased on all available data during the week.

Since the Great Lakes are an area of common operational interest to Canada and U.S., the CIS and
NIC have sheed responsibility foice charting in the Great Lakesgion(Bertoia et al., 2004)The
production of ice analysis charts is coordinated between the two ice services. The image analysis
chartsareproducednly atthe CIS primarily for the Canadian Coast Guard ice offices and ice
breakers to facilitate ship escorts and routings throug{Cik®, 2005) For the daily ice chastthe
CIS produces charts from Fridays to Mondays tedNIC produces charts from Tuesdays to
Thursdayg. Although ice analysis charts have not been verified systematically, they priogideost
reliable andaccurate ice information for the Great Lakese following section focuses on the CIS
Great Lakes image analysis chahew to interprethecharts, and the need for automated ice
mapping algorithm

2.4.1 Great Lakes Image Analysis Charts

The CIS receives approximately 11,000 SAR imagewiallyfrom various platforms such as
RADARSAT-2 and Sentinel satellite{ERS1/2, ENVISAT, RADARSAT-1 in the pastjCIS,
2005) The CIS produces image analysis charts through visual interpretatperattionally
significant SAR imagery in near real time (within 4 hours of acquigitBased on any daily
available SAR image&nage analysis charts diest produced andiven to ice forecasters to
supplement the production of daily and regional ice ch@dmpared to daily ice charimage
analysis chagtareless generalized arade a more detailed analysis of SAR imagériie spatial
extent of image analysis charts varies depending on the footprint of the SAR imagery and on the
operational requirement8urrently, RADARSATF2 ScanSARmodeand Sentinell Extra Wide
modeimages aréhe main data sourder ice charting These SAR images have a wide spatial
coverage of up to 56Km range. Before analysis, they are projected in either Lambert or Polar
projections and then a 2 x 2 block average is appiedduce image resolution approximately 100

meter for archival purposes.

Trained ce analysts have sound knowledf¢he tone, texture, and spatial context of the ice
features that allow them to extract ice concentration, ice type, and ice topography from SAR.imagery
Based on tair knowledge, they manually draw lines and polygons threisyial interpretation of

SAR imageryusing Polaris, which is a digital image display and vector drawing tool based on
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ArcGIS. For multi-polarization data,isple RGB composite (i.e. HHH-HV, HH-HV-HV) is often
used to enhance visual displ@s mentioned earlier, visual interpretation SAR imagery can be
challenging during the melting season if liquid waseresent ortheice surface. Thereforice
analystsalsorely onhistoric ice pattern§revious chartsand weather conditiorie ensure accurate
and consistent image analydisaddition,accumulated freezing degree dé&DD) is often used to
estimate ice thicknegmarticularly for thicker ice typesince the charts are for operationag, ice
analyss alwaystry to generalize the information and somets overestimate the ice extent.

2.4.2 Interpreting Image Analysis Charts

Imageanalysis chartare regiorbasedbolygonmapsdrawn by experienced ice experts from SAR
imagery. For each polygogualitative ice conditionare providedn the form ofan oval shapéegg
code (Figure2-4). The standardVorld Meteorological Organization (WM@)Qgg codeaeports total
concentrationpartial concentrationstage of developmefage) and form of ice without identifying
the exact location of each ice tyd@de top value dn the egg code is the total ice concentration in
the polygon area. The second line is the partial concentfati@ach corresponding ice type (stage
of development)The third line lists the stage of development of ice from the thickesta#hinner
ice types (§ &), of which their concentrations are reported in the secondTlivefourth line reports
the predoninant form of ice (floe sizefpr each corresponding stage of development. All ice
concentrations are reported in tenthable2-1 and Table 22 show thestandardake-ice stage of

development coding and the coding for forms of ice, respectively.
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Figure 2-4: The WMO egg code for each polygon.

Table 2-1: Coding for lake-ice stages of development

Stage of development| Thickness (cm) | Ice-type code
New lake ice <5 1
Thin lake ice 5-15 4
Medium lake ice 15-30 5
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Thick lake ice 30-70 7
Very thick lake ice > 70 1

Table 2-2: Coding for forms of ice

Description >Width Code
Pancake ice - 0
Small ice cakebrash ice, agglomerated brag < 2 meers 1
Ice cake 2-20 meers 2
Small floe 20- 100 meers 3
Medium floe 100- 500 meers 4
Big floe 500- 2,000 megrs | 5
Vast floe 2-10 kilomeers | 6
Giant floe > 10 kilomeers 7
Fastice - 8
Icebergs, growlerer floebergs - 9
Undetermined, unknown or no form - X

Image analysis chartse colorcoded using the internationAIMO codein total concentration
(CT) or stage of development (SD) of ice in the afée. color code CT shows the total ice
concentration in each ice analysis polygon, and the color code SD represents the stage of
development of ice with the highest partial concentration in that polfgure 2-5 shows an
exampleof the Eastern Great Lakémage analysis chart colooded in CT and Sbn Felbruary 18,

2016 Fast ice is defined as the ice that is fastened to the shore and is colored in grey.
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Figure 2-5: The CIS Great Lakes Image analysis chart ofrebruary 18, 2016 color-coded inCT
(left) and SD (right).

2.4.3 The Need for Automated Algorithm

Currently, nanualanalysisof satellite images remains the main mode of operational ice charting at
most icecentersHowever, manual production is subjectitime-consumingandexpensiveAt the

CIS, it takesice analyst a few hours fwoducea complete ice analysis chart for the Great Lakes
region.Since ice analysts have their individual practice of ice chadidifferent interpretation can

be madéby adifferent ice analystPresentlythere are seven ice analysts at the CIS in charge of the
ice charting. Additionally, théevel of detail and accuracy of the charts are quite low. Quantitative
assessments haverdonstrated the erroneous and subjective nature of the CIS ice analysis charts
(Ochilov & Clausi, 2012; Shokr, 2009)herefore pperational ¢e services haveeenseeking for
effective and accuraiaformationextractionand analysisechniquesising(semj-automated
algorithmsto release the icanalystsand allow them to focus on more important decigiaaking

tasks However, many of the past publications on the development and improvement of image
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segmentatin, expertsystem, and data fusion methods have not met the accuracy and timeliness

required for operational analygBertoia et al., 2004)

2.5 Previous Studies on SAR Ice Mapping

Most of the early worlon Great Lakes ice mappingasdonethroughvisual interpretation of remote
sensing data due to the large geographic area tdkbs(Rondy, 1971; Schertler et al., 1975). Since
themid-1970s, numerouSreat Lakes ice covetudieshave been conductéacluding field studies,
image pocessing, and freshwater ice classification algorithms using Landsat, AVHRRL/ERsd
RADARSAT data(Leshkevich, 1985; Nghiem, Leshkevich, & Kwok, 1998pwever, many of the
early satellite ice interpretation algorithms were subjedtieshkevich & Nghiem, 2013)n 2007, a
comprehensiv€-band lake icdackscatter signature library was compiiiexin theradar data frona
1997 field experiment campaig® L A WE X)dogether with in situ measuremefidghiem &
Leshkevich, 2007)The authorsitilized thislibrary for Great Lakes icenappingwith single
polarized ERE and RADARSAT imagethrough supervised classificatifibeshkevich & Nghiem,
2007) However, the algorithm needs further improvement because water in single polarization
data has a large backscatter range depending on the wind conditions and incident¢éithritie.
launch of advanced mulgiolarization SAR satellites,eshkevich and Nghiem (201@)reable to
advance thie Great Lakes ice classification algoritiwith multi-polarization RADARSAT2 quad
pol and ENVISAT ASAR dualdpol data.They first discriminated ice from open water usatgH
backscatter threshold e8 dB for small incident angles aad/V/HH ratio of 3.1 as a threshbfor
large incidence angle®nce the ice/water mask was created, the calibrated ice backscatter library
wasthen used to classify the ice tyghsough supervised classificatiofheir results proved that
multi-polarization data can better identify ice types and open water thgle-golarized data with
less ambiguity caused by different wind speed and direction over (uatdtkevich & Nghiem,
2013)

Developing automated or seianiitomated ice classification algorithms from SAR imagery is a
long-standing goal for researchers as well as operational ice seiwaresisapproachebave been
explored,ncluding simple backscatter thresholding, neural ree#(NN), Markov random fields
(MRF), Bayesian approach, expert systérmeans, support vector machines (SVEhHdmaximum
likelihood (ML). The most straightforward method for retrieving ice informatrom SAR data is to
identify backscatter thresholds. Backscatter thresholds are usually determined by obtaining the mean
and standard deviation values of randomly selected homogeneous regions. Previous studies have
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achieved reasonable ipeater classification results by applying threkls of SAR backscatter
intensitiegGeldsetzer, Van Der Sanden, & Bris20,10; Leshkevich & Nghiem, 2013lowever,
thresholds are generally not robust and constrained by incidence angle and wind coAditiamg.
by Geldsetzer, Sanden, and Brisco (20d€tablished backscatter threshdlusliscriminate decaying
lake ice from open waten the shallow lakes in the northern Yukasing dualpol RADARSAT-2
imagery.A HH backscatter threshold €21.35 dBwas usegrior to initial breakup and a HV
backscatter threshold €24.35 dB during teakup. However, their thresholds are not robust due to
the high interlake and temporal variability of radar backscatmbiech and Dierking (2013)
evaluated the performance of unsupervis@teans classification approach aiked-threshold
method for separating decaying freshwater ice and water from RADARS#ARI TerraSAR
images. They demonstrated that results of the unsupeksimedns approach were similar to those of
the threshold method. Since unsupervised classditabes not require prior analysis of training
samples and is easy to implement, it is believed to be superior to the threshold (Betieét &
Dierking, 2013)

Numerous efforts have been made to automate-Sagedce mappinghowever, thenajority of
the work has focusenh sea iceEarly work byKwok, Rignot, and Holt (19923ppliedunsupervised
ISODATA classification followed by cluster labelling utilimj seasonal loeldp tables of different
ice types. This algorithrhas beemmplemented at the Alaska SAR Faciliill (2003) developeda
semiautomatic SAR sea ice classification algorithm using fuzzy rules on AMPLITUDE, GAMMA
pdf, PMR, and ENTROPY derived from Gragvel Caoccurrence Matrix (GLCM). The algorithm
classifesthe data over Arctisea icanto 8 classes, including both neange and farange calm
water, windroughed water, and low and high concentration se&ime, Tsatsoulis, Gineris, and
Bertoia,(2004)developed aintelligent SAR sea ice image analysigstennamedAdvanced
Reasoning using Knowledge for Tigg Of Sea ice (ARKTOS)This fully automatic system can
mimic the reasoning process of ice experts by extracting objects or features and udiagedle
system to classify the segmers algorithm based on segmenitse thresholding of local
backscatter aocorrelationwasproposed byKarvonen, Simila, and Makynen (200%) Baltic Sea
ice and open watediscrimination Their algorithm has been used operationally at thaish Ice
Service for operational sea inwpping Shokr (2009tompgled an ice type backscatter database
using visual RADARSAT image analysisthe CIS. Backscatter equatiorier open water and ice
types as a function of incidence anglerederived usingboth heterogeneous and homogeneous areas

from the ice analysis polygonBhis quantitative assessment also tested the robustness of operational
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SAR analysis by identifying anomalies in the CIS visual analpsiexturebased automatically
trained ML clasifier from RADARSAT-1 and ENVISAT ASAR imagewas developetbr ice-
ocean discriminatiofHaarpaintner & Solbg, 2007)heir results were significantly improvéxy
dividing the images intnarrow incidence angle rangés automatic NNbased algorithm and a
Bayesian algorithm trained with texture features were used for SAR sea ice classification in the
Central Arctic(Zakhvatkina, Alexandrov, Johannessen, Sandvenand, & Frolov,. Z018jesult of
NN classificationprovidedover 80% of correspondence with expvisualanalysis of SAR images.
Recenly, Zakhvatkina et al. (201 @eveloped a fully automad ice-water dassification algorithm
based on dugbolarized RADARSAT2 imagesThey used backscatter values and GLCM texture
features to traim SVM classifier.More than 2700 SAR images were classitiedchieve an average
accuracy of 91%.

Most of the past studies on SAR ice mapping chose supervised algdrgbensse they can be
trained and automateHowever, training data can be biased aftdn cannot capture all the
variability of different classeg\lthough unsupervised classificatipnoduces arbitrary classes that
only require manual labelling, it does metuire prior analysis of training samphasd can efficiently
adapt to varyindpackscattefYu & Clausi, 2007. Research byu and Clausi (2008)roposed an
unsupervised SAR séee classification algorithm called iterative region growing wémantics
(IRGS). This algorithm is an eddmsed method which uses edge penalty functions eegion
growing techniquéYu & Clausi, 2008)IRGShas beersuccessfully used bgurdu et al. (2014pr
grounded and floating ice classification on shallow lakes of the North Slope of ARetently,
Leigh, Wang, and Claug2014)proposed an automated ia@&ter discrimination algorithm using
dual polarization RADARSAT imagery. Thg implemented theregiena s ed f#fgl ocal 6 | RG
polarization followed by the automated labelling with pikaked SVM algorithrasing texture

features.

2.6 Iterative Region Growing using Semantics

IRGSis animagesegmentation algorithintegrated into th&1AGIC System developed by the

Vision and Imagé’rocessing Research Group at University of Watd@ausi etal., 2010)and is

the algorithm retained in this thedlisis an unsupervised classification algorithm that identifies

homogeneous regions with arbitrary class labBI&Sis a MRFbased algorithm that accounts for

spatialrelationshipsand uses Gauiss statistics to model backscatter characterigtiegh et al.,

2014) This algorithm has been tested on SAR sea ice classification and it is indicated that IRGS can
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produce homogeneous regions tggenerallyconsistent with visual interpretatigifu & Clausi,

2007, 2008)Since IRGS is a regiehased algorithm, it is less affected by speckle noise compared to
pixel-based algorithmg\ more in depth description of the IRGS algorithm can be founlin

(2006)

IRGS incorporates edge strength to the traditiaF model, angproceeds labelling armégion
merging in an iterative manndtirstly, IRGSoversegmergthe scene into small homogeneous
regionsusinga watershedlgorithmanda region adjacency graph (RAG) is built on these regions.
Then,a class labek assignedo each region using an MRF mod&heseinitially identified regions
rather than individual pixels are used for furtblassification Region propei¢s are computed using
Gaussian statistics (mean and covariance) of all pixels in a rég@h, 2013) Adjacent regions
with the same class label are then memgreadilyuntil thesystem energy is minimiz€@chilov &
Clausi, 2012)Theregionbased labellingind mergingrocesseare iterated untinerging cannot be
performed othe maximum number of iterationsresachedHere, the edge strength between each pair
of adjacent regions is considered in the segmentation and classification that an increased edge penalty

is used for each new iterati¢viu & Clausi, 2007)

For large SAR scemeahat are on the order of 500 km witles statistics for a class can vary across
the scene as a result of incidence angle effect andsiogr@e class variationso minimize the non
stationarities introduced from large scenasigh, Wang, and Claus{2014)proposed a hierarchical
classificatiomapproach based on the proposed IRGS algoritteml | ed A gl oca@mbines Thi s
t he -dbt ghl | o esacl adl ea ngdl ofbl adleigi et ah, 2014, m &3323y0 n
performing segmentation separately on smaller polygongldhe statistics for eagiolygoncan be

considered stationary
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Chapter 3
Semautomated cl assification of | ake
pol ari zati on2IRAPARY AT

3.1 Introduction

Lake ice is onefahe most important components of cryosphere with its large spatial coverage in
high-latitude regiongBrown & Duguay, 201Q)Lake ice isalso a robust indicator of climate change

and variability due to its sensitivity to changing climatic conditi@r®wn & Duguay, 2010; Dugpy

et al., 2006; Livingstone & Adrian, 2009)he Laurentian Great Lakesved he wor | d6s | ar ge
freshwater surface covering an area of 245,000 laa cover of the Great Lakes has a strong impact

on the regional climate, navigation, economic activities, and public gafdthkevich & Nghiem,

2013) Knowledge of ice conditions and variability on the Great Lakes is especially important for the

shipping industry and marine resource management

Monitoring detailed ice @anditions on large lakes requires the usesatélliteborneSynthetic
Aperture Radar§AR) data that providall-weather sensing capabilitidggh resolutionandlarge
spatial coveragd-or many icecenters SAR is considered the only satellite datareewsuitable for
operational ice mapping to support navigation sgfi@grtoia et al., 2004)C-band satellite SAR data
from RADARSAT-1, ERS1/2,and ENVISAThave been intensively used as the prime data source
for sea ice mapping ithe last two decadgZakhvatkina, Korosov, Muckenhuber, Sandven, &
Babiker, 2017)With better icewater discrimination and ice edge detection capabilities, multi
polarization d&a from Sentinell and RADARSAT2 can further improve the ability for ice
monitoring(Ramsay et al., 2004YsingRADARSAT-2 quadpol and ENVISAT ASAR duapol
datg Leshkevich and Nghiem (2018)ccessfullyadvanced their Great Lakes ice classification
algorithm utilizing the backscatter signature library established from the 1997 Great LAkes Winter
Experiment GLAWEX97).

Different ice types andpen water can be identified from the analysis of SAR images. Due to the
lack of suitable automated algorithmise tCanadian Ice Service (CIS) and U.S. National Ice Center
(NIC) have been manually producing Great Lakes ice charts for operational purposes baseshmainly
SAR imageswith ancillary datalce charts can provideliable regiorbasedce type and ice
coneentration nformation. However, the visual interpretation of SAR imagesarsetime-

consumingand subjective. With the growing number of SAR missions such as the newly launched
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SentinellA/B andthe upcoming RADARSATonstellatiorMission, a dramatiincrease of satellite
imagery is becoming available for lake ice mapping. The large data volume is constrained by the
inefficient manual interpretation. Therefoea automated or serautomated ice classification

algorithmis desired to assithe CIS icecharting process

Numerous efforts have been made to automate ice mapping from SARvidata particular focus
on sea iceVarious types of algorithms have besgplied including simple backscatter thresholding,
neural networKNN), Bayesian approachxpert systenmk-means, support vector machsn&SvVM),
maximum likelihood (ML),and Markov random fields (MRFAlgorithms based only on backscatter
coefficient are often constrained by the ambiguous correlation between backscatter and ice/water
featuresDifferent ice types with varying surface roughness can have overlapping backscatter ranges
with open water depending on wind conditig8sokr, 2009) Therefore, additiongbAR statistics
such adocal mean and varian¢8hokr, Jessup, & Ramsay, 1989)d texture featurg&arvonen,
Cheng, Vihma, Arkett, & Carrieres, 201%igh, Wang, & Clausi, 201£&akhvatkina et al.,@17)

have been utilized to improve the classification

Early work byKwok, Rignot, and Holt (1992)sed unsupervised ISODATA classification
followed by cluster labellingsingseasonal lockip tables of different ice types. This algorithm was
implemented at the Alaska SAR Faciliill (2003) proposed a sersiutomatic sea ice classification
algorithm using fuzzy rules on SAR amptlie data andntropyderived from GrayLevel Co
occurrence Matrix (GLCM). The algorithm claseffdata ovethe Arctic Oceaninto calm water,
wind-roughed water, and low and high concentration sea&it@telligent system calleddvanced
Reasoning usingnowledge for Typing Of Sea ice (ARKTOS) was developedSR sea ice image
analysig(Soh et al., 2004)This fully automatic system can mimic the reasoning process of ice
experts by extracting objeats features and using rul&sed system to classify the segments.
Karvonen, Simild, and Makynen (200&gveloped an algorithm based on segrwgse thresholding
of local backscatter autocorrelation for discriminating open water atid Bak ice. Their algorithm
has beemdoptedat the Finnish Ice Service for operational sea ice classification. A tebdsesl
automatically trained ML classifier was developed from RADARSIAGnd ENVISAT ASAR
images for iceocean discriminatio(Haarpaintne& Solbg, 2007) By dividing the images into
narrow incidence angle ranges, their results were significantly imprévatddy byGeldsetzer,
Sanden, and Brisco (201€3tablished backscatter thresholddistinguishdecaying lake ice from
open water using duglol RADARSAT-2 imagery. However, their thresholds are not rokuastugh
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due to the high interlake and temporal variability of radar backscatter. ReZakhyatkina et al.
(2017)developed a fully automatic iegater classification algorithm based dualpolarized
RADARSAT-2 images The authorsichieved an average accuracy of 91%. They trar®dM
classifier with backscatter values aBUCM texture features. Similartaure-based training was also
previouslyapplied toa NN-based algorithm for sea ice classification in the Central Arctic
(Zakhvatkina, Alexandrov, Johannessen, Sandvenand, & Frolov,.2013)

Most of the aforementioned studies on SAR ice classification have used supervised classification
based on SAR statistics. Although supervised classification can be implemented iaatiyride
training data are generally biased due to the high interclass and intraclass variability of backscatter
(Ochilov & Clausi, 2012)Additionally, well trained algorithms often gferm best on specific
geographic regions or seasons and thus cannot be widely applied. Unlike supervised classification, the
unsupervised approach does not require a priori knowledge of the feature of investigation. While the
arbitrary classes generatedrh an unsupervised algorithm often need manual labelling, it is believed
to be asuperiorapproacto many supervised methodsmce it does not require prior analysis of

training samples and is easy to implem@&ubiech & Dierking, 2013)

Recently, a unsupervisedlassification algorithnmamedi g | oiterativedegion growing with
semantics (IRGased on the published IRGS algorittvais proposed and used fma icewater
classification(Leigh et al., 2014)This is ahierarchical regiotbasednethod thatinimizesthe effect
of incidence angleariationby performing segmentation separately on smaller polydaigh et al.
(2014)have used t hagorithghloroHyYpdladizatioRiGagery and obtained well
discriminated sea ice and open waegments. It has been shown that for SARise@mage
segmentation, IRGS can produce homogeneous regions that are relatively consistent with visual
interpretation(Yu & Clausi,2008) Among other unsupervised approaches, IRGS has shown robust
performance for operational SAR sea classificatiorandhas been validated by the CIS ice experts
(Ochilov & Clausi, 2012)IRGS wasalsosuccessfullyusedby Surdu et al. (2014pr grounded and
floating ice classification on shallow lakes of the North Slope of Alaskhough the multivariate
version of IRGS algorithm is applicall@in & Clausi, 2010)it has not been comprehensively tested

on dualpol images for ice mapping. This promising algorithm is also worth testing onldkese

Hence, the objective of this studyt@sinvestigate the performance of femitautomatedi g1 oc al 0
IRGSfor lake ice classification on Lake Erie using dpalarized(HH and HV)RADARSAT-2

imagery.Here, icewater and ice type classification amenducted separately. The performance of the
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algorithm on duapol data as opposed to single polarization is also teStassification results are

validated againgBreat Lakesmage analysis charfgovided bythe CIS.

3.2 Study Area

The selected lake fohis study, Lake Erie, is the fourth largest of the Great Lakes by surface area
(Figure3-1). It is located in northeastern North America, on the border of Canada and United States.
Lake Erie lies between 78° to 94° W with a surface area of 25,65&rkha average depth of 19 m.

It is the shallowest and smallest by volume of the Great Lakes. Lake depth determines the amount of
heat stored in the lake body and thus is an important factor for ice-frp€@élliams, 1965) Deeper

lakes have greater heat storage capacity so that they take longer to cool down and efrerueally
(Jeffries & Morris, 2007)Therefore during wintethe Great Lakes do not usually freeze over

completely except the shallowest Lake E@®rdeira & Laird, 2008)
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Figure 3-1: Bathymetry of Lake Erie. Lake depth contours are in meters. The locations of the
New Glasgow and ERIEAU (AUT)weather stations are shown by black dots.

For the past five years (202®17),the mean winter air temperature and mean annual temperature
recorded at the New Glasgow weather stati@ar the northern shore of Lake Hirggure3-1), was

-2.68°C and9.25°C respectively (Tabld-1). The periodof analysis is the cold winter of 202814
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which experienced an average winter temperatur.86°C. During that winterthe constant low
temperature caused 92.5%tbé Great Lakes to momefrozen by early March, whicts the second
largest ice coverage since 19RBDAA/GLERL, 2014) The daily minimum and maximum air
temperatures in the area of Lake Erie during thisewiist shown in Figur8-2. The hourly air
temperature at the time of each RADARS2&Tmage acquisition used in the study is also shown.
Ascending and descending scenes are acquired at 6 pm and 6 am local time, respectively.

Table 3-1: Seasonal mean air temperature (°C) for winter (DJF), spring (MAM), summer (JJA),
and fall (SON) recorded at New Glasgow weather station (42°30'52.062" N, 81°38'10.092" W).

Winter Spring Summer Fall Annual

(DJF) (MAM) (JJA) (SON) Temp
2013 -1.38 6.96 19.90 10.54 9.00
2014 -6.36 5.33 19.44 9.91 7.08
2015 0.71 6.56 19.19 12.55 9.75
2016 0.56 7.41 20.97 13.10 10.51
2017 -0.22 7.73 20.31 11.78 9.90
Mean -2.68 5.46 19.96 11.8 9.25
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Figure 3-2: Lake Erie min (green) and max (orange) daily air temperature during the winter
20132014 measured at the New Glasgow weather station (42°30'52.1"N 81°38'10.1"W). Hourly
air temperature of the RADARSAT-2 acquisitions measurd at the ERIEAU (AUT) weather
station (42°15'00.4"N, 81°54'00.5"W) is shown as yellow and blue dots for ascending (6 pm) and
descending (6 am) scene, respectively.
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3.3 Data

3.3.1 Synthetic aperture radar
Dual co and crosspolarized (HH+HV) Cband RADARSAT2 ScaaSAR Wide Aimagesobtained

from the Canadian Space Agenaere used in the study for lake ice classification. They have a
nominalpixel spacing of 50 m x 50 m and a scene size of 500 km x 500 km in both range and
azimuth directions. With a wide spat@verage, ScanSAR Wide mode has been the main mode used
by the CIS for operational lake ice monitoring. The incidence angle of the images ranges from 20° to
49°, The temporal resolution is aroun@ tays with varying incidence angle ranges. A total of 26
scenes acquired over Lake Erie from January to April 2014 with varying ice and wind conditions

were selected to test the algorithm (Figs+®).
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Figure 3-3: Map of Lake Erie. Coverage of the 26 RADARSAT2 scenes is shown in white.

An example of a RADARSA® scene is shown in FiguB4. This scene was acquired on January
19, 2014 during the ice freemp period. The scene covers Lake Erie (bottom), part of Georgian Bay
(top), and Lake Ontario (rightVarious ice types on Lake Erie are well captured at HH polarization.
As shown, HV polarization is less sensitive to incidence angle andimdnded open water surface
roughness in contrast to HH polarizatidime original images were downsampled from
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approximately 10,00& 10,000 pixels to 5,008 5,000 pixels by performing a®22 block averaging
(100-m pixelspacing. This reduces the image size by a factor of 4 which increases the computational

efficiency.This is the same procedure followedtst CIS for ice charting from SAR imagery.

Figure 3-4: RADARSAT -2 SCW scene acquired on January 19, 2014. (a) HH polarization; (b)
HV polarization.

3.3.2 CIS image analysis charts

The Great Lakes image analysis charquiredirom the CIS were used for validation of the
classification resultsTheyare produced through visuaterpretation of the ice conditions from
operationally significant SAR imagery in near real time (within 4 hours of acquisition). Visual
interpretation of SAR imagery is conducted by an experienceshigsthrough a digital image

display and vector dwing tool In addition to SAR imagery, historic ice patterns and meteorological
conditions are also analyzed to support the ice charting. Ice analysts manually draw polygons on the
SAR image and for each polygon, the ice types and their estimated catioaatare reported in an
oval shape fiegg codeo. The egg code is the Worlc
which lists total concentration, partial concentration, stage of development (ice type), and form of ice
without identifying the exact l@tion of each ice type. The ice types in the charts follow the WMO
standard thicknedsased categories. The standard Jaieestage of development coding is given in
Table3-2.
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Table 3-2: Description of lake-ice stages of development

Stage of development

Thickness (cm)

Ice-type code

New lake ice <5 1
Thin lake ice 51 15 4
Medium lake ice 1571 30 5
Thick lake ice 3071 70 7
Very thick lake ice > 70 1

Image analysis charts are cotmyded using the international WMO code tiatal concentration
(CT) or stage of development ($Bf ice in the areal'he total ice concentration is often monitored
for weather forecasting while stage of development is mes&ulifor operational purposes such as
ship navigationColor code CT represents the estimated total ice concentration (in tenths) in each
manually drawn polygorfast ice hat is fastened to the shore is 100 percent concentration by
definition. Color codesD is the ice type that has highest partial concentration in that polijgen.
color codefor CT is used when concentration is more variable than stage of development, while the
color code foiSD is intended to be used when stage of development is miabledhan
concentrabn (CIS, 2016) An example of the Eastern Great Lakes image analysis chart color coded
as CT and SD drawn from the RADARSATJanuary 19, 2014 scene (FigG¢é) is shown in Figure

3-5.
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Figure 3-5: CIS Great Lakes Image analysis chart of January 19, 201xith (a) WMO CT color
code (b) WMO SD color code

3.4 Methodology

3.4.17A G| o dterative region growing with semantics classification

To map lake ice types and open water, image segmentation was performed on the 26 RAERPARSAT
scenes. Thhierarchicalregiodb ased cl assi ficati onwasadedirete gl oc al
study(Leigh et al., 2014)Thisis an unsupetsed classification method that can identify

homogeneous regions with arbitrary class labelsasdtbeen integrated into theAlidGuided Ice

Classification MAGIC) Systemdeveloped by the Vision and Imageocessing Resear@roup at

University of Waterlo (Clausi et al., 2010)

The Aglocal 06 method used in the studwandas bui l
Clausi(2008) It is anunsupervisedegmentation algorithm proposed for SAR-gE@amapping.

IRGSis an edgéased method which uses edge penalty functions egglon growing technique

33



(Yu & Clausi, 2008)Basically, IRGS first break$ieé scene into small homogeneous regions using a
watershed segmentation algorithm and assigns each region a class label MiRtgraodel

(Ochilov & Clausi, 2012)Then, adjacent regionsttvthe same assigned class are merged greedily
until the system energy is minimized. The classificationraayingprocessarecombined in a

iterative manner until the merging cannot be performed further or the maximum number of iterations
is reachedYu, 2006) This algorithm incorporates the edge strength, which improves the adaptivity
of the spatial context model to ngtationarity situationgyu, 2006; Yu & Clausi, 2008)Since IRGS

is performed on regions rather than pixels, long range of the spatial interactions between pixels are
accountecefficiently (Yu, 2006)

For large lakes such as the Great Lakegild SAR scerson the order 0500 kmwide are
necessary for mapping lake ice. However, such large soegneduces statistical nonstationarities
across the imagas a result ofhe ircidence angleeffects.To minimize the effects of incidence angle,
the hierarchicafiglocab IRGSclassificdion approaclwhichc o mb i nes-debhai fihi glbal 06 anc
il asga&l e gl ob arMasdintrodackdheaigmet al.j 2014, p. 553Z)he local step divides
the image into a number of autopolygons HR@S classificatioris performed gparately for each
autopolygonThe class statistics for each autopolygon can be considered statlogighyet al.,
2014) The global step then glues the autopolygons and forms a classification across the whole scene.

This hierarchicaimethod identifies homogeneous regions in the fulheagith arbitrary class labels.

Thefglocab IRGS classificatioris performed in the MAGIC system and the flowchart is shown
Figure3-6. The inputs to the system are HH and HV polarizatiors RADARSAT-2 image and its
correspondingandmaskhatmasks out land and other lak&$rst,a number ofiutopolygons10 x
10 grid) arecreated on the HV image using the watershed segmen(&iiment & Soille, 1991)
The HV polarizationis chosen because £ less sensitive to incidence angle and witiiced
surface roughnesén example ofautopolygon sgmentation fothe Janary19, 2014scene (see
original imagery in Figur8-4) is presenteth Figure3-7a. Each autopolygois then segmented to
five arbitary classes using IRGS classification based on both HH and HV bands. This step
oversegments the image to ensure each class is almost homogeneous$- Riglrewsthis
classificationfor each autopolygoriollowing this the global step glsghe regionof the local
autopolygon classification using IRGS aheén completes the full scenmssification with arbitrary
class labelsHere, different number of arbitrary classes are segmented for thaiee classification

and lake ice type classification.
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1) Ice-water classificationThe global step glues the autopolygons to 8 classes across the entire

scene. Each of the 8 classes is considered homogeneous and contains only water oAonly ice.

example of théull-sceneiglocab classification is presented kFigure3-8a

2) Lake ice typelassification The global step glues the autopolygons to 4 distinct classess

the whole scendcach of the 4 classes is considered as one MWWE standard thicknedsasedce

types.

Thelast steps to manuallylabel the classess ice types or water aon visual interpretation of

SAR imagery A labelled icewater classification of the example scene is shown in Figs8te

Figure3-6: A G| ocal 0o
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scenesTo oversegment to the most homogenous reglmsice-water classification resulere
obtained whem classes are segment&ar ice type classification, only 4 classes are segmented

because it is difficult to visually label diffent ice typesThe performance of the algorithm was not

sensitive to the minor adjustment of parameters.

Figure 3-7: Local autopolygon classification of the January 19, 2014 scene. f&)topolygon
segmentation boundaries in white. (b) IRGS classification of each autopolygon. Five classes are
identified in each autopolygon.

Figure3-8:( a) @A Gl ocal 0 | RG@Gd88ses of thes Jmnudry 16,2014 scame. (b)8
Labelled icewater classification (ice in yellow, water in blue).
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3.4.2 Dual-pol vs. single-pol

The advantage of utilizing dual polarization compared to single polarization for ice observation is
evidentparticularlyfor ice-water classification. One of the main challenges in discriminating open
water from ice is the windffected water in cpolarized image Wind-roughened open water has
similar ba&scatter than ice in a single-polarized image particularly at srhadcidence angles
whereagrosspolarization is less sensitive to wind effects aad be usefuior ice-water
discrimination(Duguay, Bernier, Gauthier, &ouraev, 2015)However, there is limited ice/ater
contrast incrosspolarized backscatter becauddhe relatively lowsignatto-noise ratio Geldsetzer

et al., 2010) Therefore, a combined use of emd crosspolarized data should improve the potential
for ice-water classification than using single polarization. With the launch of Seh#iBland
RADARSAT-2, more multipolarization SAR data are becoming availalrld ancreasingly used for

operational ice mapping at ice centdrs.test the advantages of using the ¢h@hrization

(HH+HV) opposed to singl e +Maiterdasdficationwagalsoon, Agl oc
performed on only HHpolarized images.

3.5 Results and Discussion

3.5.1 Overall results

Thesemaut omated Aglocal 6 | RGS classificati2on was t
scenes and the results were compared against the CIS image analysi$lohamage analysis

charts are manually drawn direcly froMBARSAT-2 imagery by trained ice analyststiag CIS.

They are currently the most reliabblferencedataavailablefor the ice cover over the Great Lakes
Thisstudya s sumes that the CIS image analysishecharts

absolute difference between the charts and classification results were calculated as the classification

error. Figure3-9 shows an example of the validation process for botvater and icaype
classification for the January 19 scene. The HH andri&ges are shown in FiguBeQa and3-9b.
The icewater and ice type classification results are shown in Figr@eeand3-9h, respectivelytor
ice-water classification, image analysis chaxtor coded in CT (Figurg-9c) were reclas$ied into

lake iceand open water using a toteé concentration threshold of 10%igure3-9d). This is the

lowest ice concentration identified by ice analysts. Polygons with ice concentration smaller than 10%

were reclassified as open water, otherwise they were considerd perform a quantitative

accuracy assessment, error mbased on pixeby-pixel differences betweamage analysishars
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andfglocab IRGS resul weregeneratedFigure3-9f). For each scene, open water and lake ice
correspondence as well as thesrall accuracy were obtainegince image analysis charts are region
based products that have much lower resolution than ourlpiseld clasBcation, perpixel

validation was also conducted using 200 random sample points perBoelske ice type
classificationthe image analysis charts color coded in SD (Fige®@g)3vere used forisual
comparisonOf the 26 scenes, 12 scemédd ake Eriewerefully ice covered and therefore not
included in the icavater classificationThe icewater and ice type classification results for all scenes

are presented in Appendix A and Appendix B, respectively.

No difference
I Open water error
I lee error

Stage of Development
[ open water
[ INew Lake Ice
[ Thin Lake Ice
[ Medium Lake Ice

, Stage of Development| .
| Open Water
{C_INew Lake Ice
B Thin Lake Ice
“[EE Medium Lake Ice |
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Figure 3-9: Validation process of the classification results againshe CIS image analysis charts.
(a) Original RADARSAT -2 HH-polarized image acquired on January 19, 2014. (b) Original

HV -polarized image. (c) Collocated subset of image analysis chart (colooded inCT) on the
same date. (d) Image analysis chart reclassified into lake ice (ice concentration from 10 to
100%) and open water (ice concentration from 0 to 10%). (e) Labelled iegater classification
result. (f) Error map showing the pixeklby-pixel difference between image analysis chart and
ice-water classification result: no difference, open water error (open water misclassified as lake
ice), and lake ice error (lake ice misclassified as open water). (g) Image analysis chart color
coded in SD. (h) Labelledce type classification result.

There is generally a good agreement between the image analysis charts andvaterice
classification resultsThe average overall accuracy of theweater classification is 85.1% and the
highest overall accuracy readt#8.8%(Table3-3). Most of the errorsome frommisclassifying ice
as open wateAlthoughthe HH backscatter for open water is highly dependeimadence angle as
well as wind speed and directiof&hokr, 2009t he figl ocal 6 | RGS al gor it hm
ice-water discriminatia in most conditionsThe random pixel samplinghows an overall accuracy of

90.2%.Examples of different cases are analyzed in Se8ma.1.

Table 3-3: Accuracy assessment of ieater classification for 12 scenes.

: : . . Pixel-by-pixel difference against
Pixel-by-pixel difference with original SyArI)? images (200 rc'?ndomly
image analysis charts .
selected pixels per scene)
SAR acquisition Overall Open water| Ice Overall Openwater |
ce error
date (M/D/Y) accuracy error error accuracy error

1/11/2014 84.8% 0.6% 14.5% 92.0% 1.0% 7.0%
1/12/2014 84.1% 7.6% 8.3% 86.0% 5.5% 8.5%
1/14/2014 88.0% 0.5% 11.5% 94.5% 2.0% 3.5%
1/15/2014 87.8% 1.8% 10.4% 89.5% 2.0% 8.5%
1/18/2014 84.9% 0.9% 14.9% 92.0% 2.0% 6.0%
1/19/2014 85.2% 0.1% 14.7% 89.5% 0.5% 10.0%
2/21/2014 91.7% 0.9% 7.4% 96.0% 0.0% 4.0%
2/22/2014 78.9% 0.1% 21.0% 81.0% 0.0% 19.0%
3/25/2014 88.7% 0.7% 10.6% 92.0% 1.0% 7.0%
3/28/2014 89.1% 2.8% 8.1% 88.5% 3.0% 8.5%
4/1/2014 93.8% 0.6% 5.6% 94.5% 1.5% 4.0%
4/4/2014 86.2% 5.7% 8.1% 87.0% 5.5% 7.5%
Average 86.9% 1.9% 11.3% 90.2% 2.0% 7.8%

For comparison between classification using sipgleand duabol, results showed that there is
generally a slight improvement of using dypal rather than single HH polarization (Fig&4.0).
Compared with the image analysis chatis, average overall accuracy using sifgbéfor 12 scenes

is 83.4%, which isaround3% lower than the accuracy for dyabl. The inclusion of HV polarization
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can improve the icgvater classification accuracy, especially at small incidence angles wheke win
roughed open water tends to be as bright as lake ice. However, a few scenes showed higher accuracy
for singlepol than duabpol mainly owing to the low signdb-noise ratio in HV image. This implies

that if there is a good iewater contrast in the HHatarization, the contribution of the HV

polarization is negligible. Overall, most of the scenes showed little difference (<5%) between using
singlepol and duapol images. This difference can be ignored because some inconsistencies can be
attributed to tk low spatial resolution of the image analysis charts. Example of scenes for comparison
will be discussed in Sectid5.2.2.

100
.95
S 90
3 85
@©
S 80
3
S 75
T 70
S 65
O 60
55
50
<t < < < <t <t < < < < <t <t
— i i — — — — - — — — —
o o o o o o o o (@] o o o
N N N N N N N N N N N N
3 I I ro) fee) > = N re) Ioe) = <
o o d d o o o o o Q <3 <5
— i i i — — (aV] AN ™ ™
SAR scene
HH+HV HH
Figure3-100. Over al |l accur acyatay Classification usiag d@l-polaRzatedn i ¢ e

(HH+HV) and single-polarization (HH).

The ice typeclassification results were not quantitatively assessed because image analysis charts
are coarse and do not contain heterogeneous ice type polygons. From visual coniparisoa,c a | 0
IRGSalgorithmcangenerally identify different ice typesith singlepol and duapol imagery
particularlywhen the surface conditions are different for different ice types. New lake ice is often
confused with open water due to their similar low backscattgerarhick lake ice and very thick
lake ice appear similar in the SAR imagesgthat they were not discriminated from each other in

most casesSpecific scenes are analyzed in Sec8a&n2.3.

The total time foice classificationof Lake Erie in 8&,000x 5,000 pixel scenis underlO minutes,
which is much faster than the manual ice chartinge€IS. The CIS ice analyst takes around 2
hours to produce a Great Lakes image analysis chart ftargeswath SAR imageTlhe local
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autopolygon classifation takes around 1 mite, the global IRGS gluing takes 38condsand tle

manual labelling takes abouts2minutesdepending o the complexity of the scene.

3.5.2 Analysis of specific cases

The performance of lake ice classification can vary with incidangée, wind speed and direction, as
well as ice conditionddere,a sample oscenegxhibitingdifferentice and open water conditionge

analyzed and discussed.

3.5.2.1 Ice-water classification

The final classification result for the April 1 scene is shown in Figtkg. This is an easy scene for
ice-water discrimination because theraigoodbackscattecontrast between open water and lake

ice. Although this scene is acquired during the bigakeason where the melting ice weakens the
backscatter, open water in the far range scatters away most of the radar signal and appears much
darker than the decaying lake ice. This scene achieves adrigispondencef 93.8%with the

image analysis charDifferences between the classification results and image analysis charts are
found at the icavater boundary and some cracks between ice fligare3-11g). This can be

attributed to the coarse resolution of the image analysis charts. Elsoappear at the northeastern

partof Lake Erie where sonfast iceis misclassified as open water (Fig@&1dand Figure3-11f).

The scene of January 15, presented in Figtk2, is a typical casehere Lake Eriés locatedn
the near rangeT his scenés acquired during the ice freemp and mainly contains thin lake ice and
medium lake ice. A Lands&image acquired one day before is shown in Figtk2e. The
seasonallypredominant southwesterly winds push the ice to the northeastern part of tHehkzalkéH
backscatter of open water is highly dependent on the incidence angle with a large increase in
backscatter towards smaller incidence angles, as shown in Bid@aetowards the right portion of
the image. This is because at small incidence arglieface scattering dominates the scattering
mechanism where open water with a high dielectric constant has a stronger reflection of the radar
energy than that of ice. With wiridduced surface roughness, open water can have even higher
backscatter than éhlake ice. Using this ice/water contrdstshkevich and Nghierf2013)
successfully separated lake ice and open water using a simple threshold of HH backscatter at small
incidenceangles. This scene achieves an overall accuradd9d5% Some erors appear at the ice

water boundaries where the contrast of the edges ofvegien and icés less evident.
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El Qpen water

Lake ice

Figure 3-11: (a) Original RADARSAT -2 HH-polarized image acquired on April 1, 2014. (b)
Original HV -polarized image. (c) Image analysis chaneclassified into lake ice (ice
concentration from 10 to 100%) and open water (ice concentration from O to 10%). (d) Labelled
icewat er figlocal 06 | RGS classification
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Figure 3-12 (a) Original RADARSAT -2 HH-polarized image acquired on January 15, 2014. (b)

Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice

concentration from 10 to 100%) and open water (ice concerdtion from 0 to 10%). (d) Labelled

icewat er fglocal 6 | RGS classification. (e) Landsat

Of the 12 scenes, the scene of April 4 is a fairly difficult scemeng spring mel{Figure3-13).
The ice in this scene is méyrvery thick lake ice (>70 cm) mixed with 20 to 30% of thick lake ice
(30-70 cm). Lake Erie is located in the néamiddle incidence angle range where open water tends
to appear as grey tone with wimttluced surface roughness. Since this scene isradagliring the
ice decay season, the melting lake ice has a medium grey tone backscatter which results in a very low
contrast with open wateBome open water areas were misclassified as lake ice but the overall
accuracy achieve8l7.0% The algorithm als@entified cracks intte northeastern part of the lake

which were not delineated in the image analysis chart.
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El Qpen water B El Qpen water
Lake ice S Lake ice

Figure 3-13: (a) Original RADARSAT -2 HH-polarized imageacquired on April 4, 2014. (b)
Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice
concentration from 10 to 100%) and open water (ice concentration from 0 to 10%). (d) Labelled
icewat er fAglocal 6 | RGS classification.

The scene of February 21 is a case during the spring melt when wet ice and snow or melt ponds on
top of the lake ice are present (Fig@r&4). This scene was acquired when the minimum air
temperature was higher than the freezing point during that dayré@3¢). The decaying lake ice in
this scene has relatively low backscatter because melting ice and wet snow on the ice surface absorbs
most of the radar signéDuguay et al., 20025ince this is a neaange scene, there is generally a
good contrast between the bright wiraighed open water and dark lake ice. However, the bright
brash icewith high angular topography in area A of the scene can barely be distinguished from open
water at HH polarization but HV can provide a good contrast. As a result, this scene achieves a high
overall accuracy 096.0%
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Figure 3-14: (a) Original RADARSAT -2 HH-polarized image acquired on February 21, 2014.
(b) Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice
concentration from 10to 100%) and open water (ice concentration from O to 10%). (d) Labelled
icewat er fAglocal 6 | RGS classification.

The next scene shown in FiguB€.5 was acquired 12 hours after the last February 21 scene. This

is a scene acquired in the morning around 6caal time (descending mode) of February 22,

whereas the last scene is acquired the night before at around 6 pm (ascending mode). Compared to the
February 21 scene, the ice in this scene appears much brighter because the melted ice refroze as the
temperatue started to drop at 4am and reached the freezing point at 6 am. As shown il3#igure

there was a significant melting episode before the February 21 scene was acquired as the air
temperature for the previous 24 hours was greater than 1.5°C and ré&i@&dt 1 am. Melting ice

or melt ponds on the surface of the ice are likely present on the western part of the lake where the
signal from the ice underneath is obscured. The low radar return of ice cover makes it difficult to
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discriminate from open watén the nearrange. As shown in Figu®15f, ice in the western part was

misclassified as open water and the overall accura®y. 896

| B Qpen water o 5 ¢ ) | Bl QOpen water

Lake ice ‘l % : - Lake ice
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Figure 3-15: (a) Original RADARSAT -2 HH-polarized image acquired on February 22, 2014.

(b) Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice
concentration from 10 to 100%) and open water (ice concentration from 0 to 10%). (d) Labelled
assi

icewat er figlocal o | RGS

Air Temperature (°C)

2/21/2014 0:00
2/21/2014 3:00
2/21/2014 6:00
2/21/2014 9:00
2/21/2014 12:00
2/21/2014 15:00
2/21/2014 18:00

Figure 3-16: Hourly air temperature from February 21 00:00 to February 22 12:00 measured at
the ERIEAU (AUT) weather station (42°15'00.4"N, 81°54'00.5"W). Local times of acquisition

of the two SAR scenes are identified bsed dots.
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3.5.2.2 Dual-pol vs. single-pol

The advantage of using dyabl as opposed to singp®l images is more evident for scenes acquired
at small incidence angle&s mentioned eatrlier in secti@&b.2.1, the scene of January 15 is a hear
range scene in which windughed open water can appgsst as bright as lake it HH

polarization (ared in Figure3-17a). Therefore, using onlg HH image cannot discriminate some of
the rougher ice types from open water (FiggiErd). However, HV polarization (Figurg-17b) is

less sensitive to incidence angle with open water appearing darker than the ice in area A. This
provides a better backscatter contrast at theveter boundary. As shown in Figusel7e, the
inclusion of both HH and HV polarizations in the algorithm et a generally better igeater

classification result than using single polarization alone.

4 El Qpen water

Lake ice

P’ | ™8 Open water g 8 El Qpen water
PN Lakeice | Neni Lake ice

Figure 3-17: (a) Original RADARSAT -2 HH-polarized image acquired on January 15, 2014. (b)

Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice

concentration from 10 to 100%) and open water (ice concentration from 0 to 10%). (d) Labete

Afgl ocal 6 | RGS classification using HH pol arizati
using duatpol images.

Most of the scenes analyzed showed that classification using-piolgie duaipol results in
similar classification accuracy. For exaeyghe scene of April 1 shown in Figuel8 is a case when
using dualpol is slightly better than using Hpbl only. Although the dugbol result (Figure3-18e)
shows a better correspondence with the image analysis chart (&ig8cg, the result of usg single
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HH-pol (Figure3-18d) can identify more cracks between ice floes which were not delineated by the

ice analyst.

- | I Qpen water

Lake ice

et - 5‘\
- | I Qpen water

e

- | I Qpen water

Lake ice Lake ice

Figure 3-18: (a) Original RADARSAT -2 HH -polarized image acquired on April 1, 2014. (b)
Original HV -polarized image. (c) Image analysis chart reclassified into lake ice (ice
concentration from 10 to 100%) and open water (ice concentration from O to 10%). (d) Labelled

by

figl ocal 0 | R&’® wésiasgi HHcpaoli ari zation. (e) Labell ed
using duatpol images.

3.5.2.3 Ice type classification

The ice type classification result for the January 14 scene is shown in Eigr&here are three
ice types including thin lake ice, medidake ice, and new lake ice in the scene. The classified ice
types (Figure8-19d) have much different distribution compared to the image analysis(Efgute 3-
19c). Some of the inconsistencies do not necessarily mean the results are erroneousheeicause t
expert athe CIS does not take into account small features in the image. Moreover, manynodgee
analysispolygons are not homogenous. They contain more than one ice type as shown in the egg code
(Figure3-19c). New lake ice is misclassified apen water due to its similar low radar return.
Overall, most of the thicker ice types are correctly discriminated from open water.
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Figure 3-19: (a) Original RADARSAT -2 HH-polarized image acquired on January 14, 2014. (b)
Original HV -polarized image. (c) Image analysis chartcolec oded i n SD. (d) Label

IRGS classification.

The scene of March 21 is a complicated scene that containswvare types (Figurd-20). The ice
thickness in this scene ranges from less than 5 cm to more than 70 cm. New lake ice appears dark in
the image because of its smooth surface whereas medium lake ice appears brighter with its rough
surface. Thick lake ice and very thick lake i@é similar backscatter intensities and appear
relatively darker than the medium lake ice. Generally, the algorithm accurately identified new lake
ice, medium lake ice, and very thick lake ice. However, thick lake ice cannot be differentiated from

very thick lake ice due to their similar backscatter range.
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Figure 3-20: (a) Original RADARSAT -2 HH-polarized image acquired on March 21, 2014. (b)
Original HV -polarized image. (c) Image analysis chartcolec oded i n SD. (d) Label
IRGS classification.

3.5.3 Classification errors

Lack of ground truth data is one of the main challenges in evaluating ice classification algorithms
(Ochilov & Clausi, 2012)Since insitu observations on large lakes like the Great Lakespractical
andexpensive, we used image analysis charts provideddlS who has decades of experience
interpreting SAR imagery as the reference data. However, the coarse representation of image analysis
charts imposes limitations in the validatiprocess. The resolution of image analysis charts is
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significantly lower than our pixdbased classification results. order for clients to easily read the
charts,ice conditions in image analysis charts are expressed for large polygons that asé taehie of
square kilometers in size. Furthermaigce the image analysis charts are produced neaimeabn
almost a daily basi§AR image analysis are performed quickly by ice analysts and they do not take
into account small features suchcaacks between ice floes. Therefore, an absolute quantitative
comparison between image analysis charts and classifica8altsis not possible

To compare our pixdbased iceavater classification results with the regibased image analysis
charts, weeclassified the charts into ice and open water using an ice concentration threshold of 10%.
Here, polygons with total ice concentration larger than 10% are regarded as lake ice, otherwise are
reclassified as open water. This means that even region2@%iilof ice are considered fully ice
covered, which explains why most errors come from misclassifying ice as water 3¥3blehis
subjective assumption contributes to some offikerepancyand reduces the accura€onsidering
the limitations of the Maation procedure, the classificatiancuracyare likely more reliable thathe
calculated pixeby-pixel differences with the image analysis chartserefore, we have also

conducted the pggixel validation using random sample points and the overaliracy reached 90%.

Comparing ice type classification results with image analysis charts is a more challenging task than
ice-water classification. The ice types in the image analysis charts are based on stage of development,
and each category contains alevrange of ice thicknesses (TaBi2). Althoughthe CIS provides
the stage of development color code, most of the polygons are heterogeneous and contain multiple ice
types without identifying the exact locations of the different ice types (see egg codes irBFidure
In most cases, multiple ice types anixed togethein the ice analysis polygod small features
were not includedTherefore, the quantitative assessment of the ice type classification accuracy was

not performed.

Although image analysis charts are produced by ice experts, they maiy com@ humamade
errors. The total concentration, number of classes, and ice types are assigned subjectively from visual
interpretation. A quantitative assessmenthefCIS visual analysis done I8hokr(2009)has
indicated the existence of anomalies in image analysis charts. To easigation safety, ice
analysts are generally biased toward overestimation of ice concentration and assigning thicker ice
types. Additionally, the interpretation of SAR images may vary between ice analysts depending on
their level of expertise. Some anstly may include more details. Currently, there are seven ice

analysts at the CIS in charge of the image analysis charts.
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3.5.4 Limitations

3.5.4.1 Ice-water classification

There are two | i mit atwaterrlassifizdtiontudecin tiisgstudy.cOmd 06 | RGS
limitation is the difficulty in discriminating calm open water from new lakdfogure 319). New

lake ice is a thin layer of ice that forms at the beginnintp@freezeup period. It generally has a

smooth surface/icerater interface antdigh opticaldepth allowing light to transmit to the subsurface

water, which makes it visually transparehiherefore, new lake ice can be challenging to recognize

from open water in either optical or SAR imagery. Ice experts at CIS often have to rely on weather
condtions to determine the presence of new lake ice. Although a robusatee discrimination is

desirable, the very thin new lake ice is less of an issue from an operational perspective.

The presence of water on ice due to rainfall or melt is another pealfer icewater classification.
Melting snow on ice can absorb or melt ponds reflect away most of the radar signal resulting in
similar low backscatter to open water. Melt conditions are also a challenging situation for ice analysts

interpreting SAR imags.

3.5.4.2 Ice type classification

The correlation between backscatter and different ice igmamabiguous. Each ice type can depict a
large variability of backscatter that overlaps eattter Depending on the roughness at the surface

and the icevater interfae,the same ice type can display very high backscatter with heavy ridging or
low backscatter with a smooth surface. As shown in Figtg2c3 the CIS ice analyst provided

ridging description of the same type of ice. As they get to thickeypess(thick and very thick lake

ice), ice analysts often have to rely on freezing degree days as well as history and weather of the last
few days to determine the stage of development. Therefore, it is difficult in practice to identify
different ice types andsémate ice thickness based only on SAR backscatter. For further
improvement, additional image characteristics such as texture features could be ifictigledt al.,
2014;Zakhvatkina et al2013)
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Figure 3-21: (a) Original RADARSAT -2 HH-polarized image acquired on March 8, 2014. (b)
Original HV -polarized image. (c) Requested CIS image analysis chart for Lake Erie.

3.6 Conclusions

Thesemiautomatedi g | olRGSklassification was tested on 26 dual polarized RADARSAT
imagery over Lake Erie. This is hierarchical regi@sed approach that divides the image into small
polygons and minimizes the effect of incidencglanThisunsupervised classification method
identifies homogeneous regions with arbitrary classes followed by manual labeling. Validation of the
classification was done via pixBy-pixel comparison with the CIS image analysis chdite
algorithm achieved an overall accuracyd6f2%for ice-water classification. Analysis of various case
studies indicates that tliieg | olRGSlalgorithm can provide a reliable iagter classification using
dual polarized images. The algorithm hadidifity distinguishing calm open watBom new lake ice
and decaying ice. However, the misidentification of new lake ice is not a significant drawback for
operational purposeBor lake ice typeclassification, most thin ice types werkectively identifed
but thick and very thick lake ice were often confuded to the ambiguous relation between
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backscatter and ice types. Texture features could be included for further improvement. Overall, our
fi g | olRGSIclassification results are close to visuatriptetation by ice analysts and would have
expected to be closer if thepulddraw ice charts at a more detailed level. The testing of dudl
singlepol images demonstrated the improvement ofaager discrimination utilizing dual polarized

data as oposed to single polarization, particularly for windy nremrge scenes.

Al t hough the fAglocal 6 | RGS algorithm needs manua
takes less than 10 minutes for each scene, which is likely to be operationally usehlgdrithm
can be fully automated by implementing automatic labelling using trained models, as demonstrated
by Leigh et al.(2014)for application to sea ice mapping.
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Chapter 4

Gener al Concl usi ons

4.1 Summary

Monitoringice conditions and variability on the Great Lalsesrucial formarine resource
managemendndthe shipping industrySatellte SARsystemgrovide high resolution and all weather
sensing capabilities that mattemwell suited for ice mappind-or operational purposes, the CIS

and NIC have been manually generating Great Lakes ice analysis charts based on mainly satellite
imagey. The availability of @ automated or seraiutomated ice classification algorittwould

benefit operationadte services. Numerous efforts have been madetmmate SAR ice mapping, but
little succeshadbeen achievetb date The overall objective of this study wtsereforeto

investigate the performance of the previously publigediautomatedea ice classification

al gor it hm 0 glakeiee aldssificatiduE® ddalgpolarized RADARSAiImagery

Chapter 3presetd t he resul ts of t hferlLake/Esidice dassifieation of A gl ¢
using26 dual polarized RADARSAT2 images in 2014 The classification results were evaluated
against the CIS Great Lakes image analysischiafisi s st udy showaldot hBGSt he
algorithm can effectively discriminate lake ice from open water in most ice conditghsan
overall accuracy d80.2% Thicknessbased lakéce typeswere effectivelyidentifiedin most cases,
butlargeoverlapping backscatter range of diffnt ice typesan sometimes confuse the algorithm
Texture features could be included for further improvement of the ice type classifidostudy
also demonstrateaislight improvement of using dugbl as opposed to singfm®l images for ice

waterseparation, espechalfor windy neafrange scenes.

In summary, this thesis demonstratedpgbeentialof thefi g | o ¢ a klgorithmRdB §erational
lake icewaterclassification using dual polarized SAR imagérkie classegenerated from the
algorithm are close to visual interpretation by ice analjtsisa promising algorithrthat can
overcome a number challenges includimgjdence angle effect arggheckle noiseAlthough the
algorithmrequiresmanual labellingthe whde classification process takes less than 10 mirandss

likely to be operationally useful.
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4.2 Limitations

There areseveral limitations in this study, particularly the validation proceddue.to the lack of
ground truth data for the Great Lakes iogar, the image analysis charts provided by the CIS were
used to quantitatively evaluate the classification results. The rbgeed image analysis charts have
much coarser representation than our pbasded results and is challenging to compare with.
Therefore, subjective iceoncentration threshold was applied for direct comparison with thevater
classification results. Evaluation of the lake ice type classification results is more difficult because
most ice analysis polygons areterogeneous andmtain multiple ice typed-urthermore, the image

analysis charts themselves may contain humade errors and may vary between ice analysts.

Although thefiglocab IRGS algorithmcan well discriminate open water from lake ice in most
cases, itannot effectively identify new lake ice from calm open waten lake ice haavery low
backscatter and little texture, which is similar to calm open water especially in the large incidence
angles.This drawback does not pose significant risks for afp@nal ice mapping. Another limitation
of the algorithm is the difficulty in ice identification during spring melt where melting snow or melt
pondson the ice surfacebscure the radar signal from the ice underneath.

Theimage segmentationasperformedn the MAGIC software which requires a human operator
to read in images, specify parameters, and export the reSuttently,the MAGIC systemdoes not
includeautomatidabellingsothat a visual inspection is required to manually label the imadesis

the main limitation for ice mapping Bnoperational perspective.

4.3 Recommendations for Future Work

The Aglocal 6 | RGS al iganunsupérvisedtappsoack that praduceashi s st udy
homogeneousegments with arbitrary class labdlbe aubmatic labelling can be achieved by

combining the nothabelledii g | oresalts with trained supervised classification resukggh,

Wang, and Claug014)successfly i mpl ement ed automatic | abelling by
IRGS with SVM classification using the IRGS framewoBRuture development difie automatic

labelling in the MAGIC system would greatly improve the algorithm.

IRGSis a promising algorithm for SAR lake ice mapping. Howeperforming ice classification
in the MAGC software requires a human operator to manually execute each step of the grizcess. |
recommended thahe IRGS algorithm be incorporated into a processing chain that can be fully

automated for operational use.
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This study demonstrated the good perfaintae  of t he fAgl ocal o-whtR GS al go
discrimination, but its ability to identify different lake ice types is limitéak future improvement,
additional image characteristics such as texture features could be conditierkxnlv ice type
classification accuracy @alsopartly due to the coarsepresentatioandthe sparse thicknedsased
ice type categories of the image analysis chitike sea icethere is no weltefined lake ice
categoy that captures the characteristics of each ice fifpe.standard terminology for lake ice used
in the operational ice services are generally sparse and cannot well describe the surface conditions.
Futuredevelopment od more comprehensive lake ice catggmould greatly benefit the lake ice
studies.
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Appendi x A

| cveat er <cl assi fiintaagteison r esul t

This appendix list the final ieevater classification results for the 12 scenes.ififagyes are displayed
in the following format:

Date of SAR scen@/D/Y)

HH-polarizedimage HV-polarizedimage

_ Image analysis chart reclassifie
Image analysis chart _ T )
_ _| into lake ice (ice concentration
color-coded in total concentratio
from 10 to 100%) and open wats

(CT) . :
(ice concentration from 0 to 109
Labell ed fAgl Labell ed dAgl
classification using HH classification using dugiol
polarizationonly images
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Total Concentration
CJ<«1/10
[CJ1-3/10
[14-6/10
E7-8/10

@ 9-10/10

[ Fast Ice

I Open water

Lake ice

1/11/2014

I Open water

Lake ice
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I Open water

Lake ice




1/12/2014

Total Concentration[g GRS .|| B Open water
C<1/10

CJ1-3/10
C14-6/10
E7-8/10
B 9-10/10
llFiglce

Lake ice

B Open water £ e ; o .|| B Open water :
Lake ice : A R i e Lake ice ,
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Total Concentration
C<1/10
J1-3/10
14-6/10
E7-8/10
Eo-10/10
Fast Ice

I Open water

Lake ice

1/14/2014

I Open water

Lake ice
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B Open water
Lake ice




Total Concentration
<1/10
[1-3/10
[4-6/10
=7-8/10

Bl o-10/10
Fast Ice

N Open water

Lake ice

1/15/2014
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I Open water

Lake ice

I Open water

Lake ice




