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Abstract

Lakes and reservoirs agssentiatomponents otheglobal hydrological cycle. They
function as sentinels of climate change, pravide indispensable water supply, energy
generation, aquatic ecosystemsrfageting agricultural, industrighnd domestioeedsDespite
the importance of lakes and reservoarsatural systems and humsocietiestheir water
storagedynamicsarepoorly understood on a global scaéspecially in remotand harsh
environmentsuch aghe Tibetan Plateaurhe challengdéas beemvenamplified by the
currently decliningglobalnetwork of gaugingneasurements. This knowledge gap prevants
fundamental understanding of the terrestrial water cycle and surface water availability, and thus
impedes effective water resource manageniatent egional evidenchas suggestdthat
waterabundant regions show increasing trends in surface estiis whereas watelimited
regions exhibit decreasing trends. However, whethediiesgencealsoholds true fothe
storage obpen water badsacross the entire land surface remains unknéwsynergy offine
resolution optical imagergndlevel measunments by satellite altimetry has the potential to
accurately deduce lake/reservoir storage variations. Howtearxisting estimates of
lake/reservoistorage changes are mostly limited by the nufsizerof studiedwater bodiegand
the low temporal fregendesin time seriesprimarily owing toatmosphericontaminations in
satelliteimagery and inadequaspatiotemporatoverage in altimetry.

This dissertation aims tmitigatethe aboveechnicallimitationsthroughseveral remote
sensingnethodadvancementandto leverage multimission satellites tmvestigateherecent
lake/reservoir storage dynamics and their implicatfonsheregional and global water cysle
Specifically, thisdissertations orientated téhreeoverarchingquestionsl) how has the lake

water storagacrosghelandlockednnerTibetan Plateau changed over the recent decades and



whatwasthe dominat driver? 2) Can we improve the methodologyakfe/reservoiarea time
series mapping in order to bettsrablea temporaly consistenimonitoring of water storage
dynamicsin the world 3)Did the recentrends inglobal opersurface water storage exhibit a
divergencebetween arid and humid regions, and if so, what does this divergeicatefor the
global water cycle and water management?

Theabovequestions were addressed in three chap@rapter 2 providea
comprehensive and spatially expligitantificationof lake storage changes across the inner
Tibetan Plateagince 2002through asynergy ofsatellite imagerandfreely-availabledigital
elevationmodels.By furtherincorporating satellite gravity observatidiesa water balance
model,the dominant driver of thisegionallake storage variatiowasattributed tanet
precipitationi.e., precipitationminusevapotranspiratigrrather thamlacial melting Chapter 3
introduces a novel method thatbstantiallimproves thetemporal coveragm lake/reservoir
area mappingoy effectively recovering inundation areas from contamingpedtralimages
with a relativeerrorof 2.2%. Inclusion of recovereglaterareas from contaminated images
improved the monthly coverader 400+ lakes and reservoiia the worldby an average of 43%.
Chapter 4 combinesis novel mappingnethodanda constellation o$atellite altimegrsto
revealmonthly storage changes1000+ major lake#&eservoirsvorldwidefrom 1992 to 2018
the entire satellite altimetry etlus far The findingconfirms a multidecadal divergence in
global opersurface watestorage between endorhéarid/semiaridand exorhei¢morehumid)
regions This divergencendicatesan amplified contrast betweémsh and saline water
abundanceandwas partially induced by the increasing water impoundment behind @arago
the divergence, global lakes and reservsimved dowrthe observed sea lewgge by only ~1%

during the pastearly three decades
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Abstract

Lakes and reservoirs are essential components of the global hydrological cycle. They
function as sentinels of climate change, and provide indispensable water supply, energy
generation, aquatic ecosystems for meeting agricultural, industrial, and doreesisc Despite
the importance of lakes and reservoirs to natural systems and human societies, their water
storage dynamicarepoorly understood on a global scale, especially in remote and harsh
environments such as the Tibetan Plateau. The challengedras\®n amplified by the
currently declining global network of gauging measurements. This knowledge gap prevents a
fundamental understanding of the terrestrial water cycle and surface water availability, and thus
impedes effective water resource manageniRatent regional evidence has suggested that
waterabundant regions show increasing trends in surface water extents wheredsnitater
regions exhibit decreasing trends. However, whether this divergence also holds true for the
storage of open water bed across the entire land surface remains unknown. A synergy of fine
resolution optical imagery and level measurements by satellite altimetry has the potential to
accurately deduce lake/reservoir storage variations. However, the existing estimates of
lakereservoir storage changes are mostly limited by the number/size of studied water bodies and
the low temporal frequencies in time series, primarily owing to atmospheric contaminations in
satellite imagery and inadequate spatiotemporal coverage in altimetry

This dissertation aims to mitigate the above technical limitations through several remote
sensing method advancements, and to leverage-migkion satellites to investigate the recent
lake/reservoir storage dynamics and their implicatfonghe regimal and global water cycles.
Specifically, this dissertation is orientated to three overarching questions: 1) how has the lake

water storage across the landlocked inner Tibetan Plateau changed over the recent decades and



what was the domimadriver? 2) Ca we improve the methodology of lake/reservoir area time
series mapping in order to better enable a temporarily consistent monitoring of water storage
dynamics in the world? 3) Did the recent trends in global -Gpeface water storage exhibit a
divergencebetween arid and humid regions, and if so, what does this divergeicatefor the
global water cycle and water management?

The above questions were addressed in three chapters. Chapter 2 provides a
comprehensivand spatially expliciquantification of lake storage changes across the inner
Tibetan Plateau since 2002, through a synergy of satellite imagery aneavadable digital
elevation models. By further incorporating satellite gravity observations &iea alance
model, the dominant driver of this regional lake storage variation was attributed to net
precipitation, i.e., precipitation minus evapotranspiration, rather than glacial melting. Chapter 3
introduces a novel method that substantially imprakegemporal coverage in lake/reservoir
area mapping, by effectively recovering inundation areas from contaminated spectral images
with a relative error of 2.2%. Inclusion of recovered water areas from contaminated images
improved the monthly coverage #0d0+ lakes and reservoirs in the world by an average of 43%.
Chapter 4 combines this novel mapping method and a constellation of satellite altimeters to
reveal monthly storage changes in 1000+ major lakes/reservoirs worldwide from 1992 to 2018,
the entiresatellite altimetry era thus far. The finding confirms a raétcadal divergence in
global opersurface water storage between endorheic (arid/semiarid) and exorheic (more humid)
regions. This divergendadicatesan amplified contrast between fresh anihsavater
abundance, and was patrtially induced by the increasing water impoundment behind dams. Due to
the divergence, global lakes and reservoirs slowed down the observed sea level rise by only ~1%

during the past nearly three decades.
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Chapterl-I nt roducti o

1.1 Overview

Lakesare depressions on land surface that hold standing or slowly flowing water
permanently, seasonally goleemerdly (Hutchinson 1957; Williamson et al. 200@overing
~3% of global land are@rigure 1.1) lakes are important componentgiué hydrological and
biogeochemical cycle®astviken et al. 2011; Miller Schmied et al. 2004i and Kanae 2006)
Theystore the largegiroportionof liquid wateronE a r tahd&wsfaceand constitute millions
of unique aquatic ecosystems worldw{tiéessager et al. 201@pue to theiphysicalabundance
and easyopensurface)accessibility, dkes and reservoirs serve as onthefmajor water
suppliesalong with river discharge and groundwatgbally (Alsdorf et al. 2007)In addition
to water supply, thegrovide ecological, economic and sociological benefits, including the
cycling of cabon, pollutants and nutrients (Adrian et al. 2009; Bastviken et al. 2011; Williamson
et al. 2009), waterbird habitats (Jia et al. 2018; Wurtsbaugh et al. 2017), inland fishery and
shrimp production (Mclintyre et al. 2016), sand and mineral extraction @ioetics 2012; Lai
et al. 2014), energy generation (Conway et al. 2017), and many recreational gergices
swimming, boating, birdwatching, and ice skajifirammer et al. 2015; Polunin 2008).

Lakes are sentinels of climate chari§ehindler 2009; Shngy and Yao 2009; Williamson
et al. 2009)Several variables of lakes have been identified as essential climate wriable
(ECVs), including lake level, water extent, lake surface water temperature, lake ice thickness,
lake ice coverandlake color(WMO 2016). Some of the variables (e.g., surface water
temperature, lake ice, and lake color) are sensitive to changes in air temperature, while others
(e.g., lake level and water extent) are closely linked to natural variability and shifts (e.g., wetter

or drier)of hydroclimategWilliamson et al. 2009)Existing studies have revealed that warming



has resulted in increasing lake surface temperatures, expaakinghytoplankton blooms
decreasing ice covers, and changing mixing regiideset al. 2019; O'Reillyteal. 2015;

Sharma et al. 2019; Woolway and Merchant 20h6%ing significant stresses on water quality.

As warming has induced more climate extremes (flooding and droghes) and Ingram

2002) the precipitation and river discharge that feed lakds@servoirs are being increasingly
variable(Rodell et al. 2018; Syed et al. 201Begional evidence has shown dramatic changes in
water quantity (e.g., area and storage) in lakes and reservoirs, particularly in regions that are the
mostvulnerableto climate change, such as arctic, alpine, and arid/semiarid ré@ic¥taux et

al. 2016; Smith et al. 2005; Song et al. 2014b; Wang et al. 2018; Yang et al. 2017)

Climate change is not the only source that threatens lakes and resereoasing
anthropogenic stress on these aquatic systems is also evident. The human water use has doubled
over the past 50 yeaf¥/ada et al. 2011)lo meet the evegrowing water demand, twihirds of
the global rives are regulated bgams(Grill et al. 2019) butfour billion peoplearestill
sufferingwater shortagér one monthor more annuallfyMekonnen and Hoekstra 201&lobal
population is projected to increasednyotherd0% in 2050, requiring 11% more water from
reservoirgBruinsma 2009; Lehar et al. 2011)Unsustainable water withdrawal and recent fong
term droughts have resulted in the desiccation of many large saline lakes and the declines of
water levels in many reservoirs in arid and semiarid redidassanzadeh et al. 2012; Hoerling
etal. 2014; Wang et al. 2018; Wurtsbaugh et al. 20d/f)ch caused environmental degradation,
human health problems (e.g., dust storm owing to exposed saline lakebed), food and energy
shortages. By contrast, precipitation extremes taygered dozens aofiam failures per year
(Vahedifard et al. 2017})hreatening human life and property and flooding croplands

downstream. Thereforanimproved understanding of the changing water storage in global lakes



and reservoirs is crucial for predicting regional fgeelds, hydropowerproduction andhuman
and ecosystem heal(@onway et al. 2017; Gernaat et al. 2017; Griffin and Kellogg 2004;
Hassanzadeh et al. 2012; Micklin 1988; Wurtsbaugh et al. 2Afh7nproved monitoring of
lake/reservoir storage dynamigso serves as a fundamental basis for formulagurgjainable
water managemensndmigrating climate impacts asurfacewater(Crétaux et al. 2015; Gao et

al. 2012; Ho et al. 2017)
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1.2 Motivation and statement of the problem

Although lakes and reservoirs provide a large portion of the terrestrial water supply and
manifold benefits (ecologically, economically, and sociatatly), their water storage is poorly
monitored at large geographical scales, especially in remote regions (e.g., Tibetan Plateau), due
to limited gaugingnetworks(Calmant et al. 2008Consequently, spatial and temporal variations
of lake/reservoir watestorage and their implications for regional and global water cycles remain
less understoofBiancamaria et al. 2016)Nevertheless, satellitemote sensingrovides new
opportunities for measuring lake water storage changes. Changes in lake watercaiotage
deduced from area changes observed by satellite imagery and level changes measured by satellite
altimetry (Zhu et al. 2013)Since the 1990s, radar altimetry has been used to measure inland
water levels with repeatability varying from 10 to 35 d@ysétaux et al. 2011 hese radar
altimeters provided level measurements from space with decimeter accuracy, making accurate
assessments of storage variations posgiké® et al. 2012)0Owing tothe coarse footprints
(typically 10 km or so) and largeter-track distance (>70 km), only large water bodies (e.g.,
>10-50 kn?) could be effectively observed by the past and current satellite radar altimeters. The
lidar/laseraltimetes ICESat Ice, Cloud,and land Elevation Satellite) provide elevation
measurenents atfinerfootprint (70m). Thus, it can be applied to measure water level for
smallerwater bodiegSong et al. 2013; Zhang et al. 201HMpwever, its short duration (2003
2009) and long revisit time (~90 days) magroducelarge uncertainty fothe estimation of
long-term water level trere{Crétaux et al. 2016Pue to similar limitations, thillow-up
generation ICES&2, launched in 201&as not been able substantially benefit lortgerm
water levelmonitoring.Therefore, longterm water ¢ével recorddiave beemainly derived from

radar altimetersSeveral databases, including Hydroweb (Crétaux et al. 2011), Global Reservoir



and Lake Monitor (GREALM) (Birkett et al. 2011), and the Database for Hydrological Time
Series of Inland Waters (DAHI) (Schwatke et al. 2015), provide level variationsdbout six
hundredargelakes and reservoirs globaligrocessedrom the constellation oéxistingsatellite
radar altimetrs Although these databases combined consecutive altimeter missiaes (
1992), thé levelrecordshave inconsistent temporal coverages varyfrom one to two and

half decadegBirkett et al. 2011Crétaux et al. 201, Schwatke et al. 2015).



Table 1.1 Summary of major existing lake storage studies on the Tibetan Plateau

Study Number of Monitoring Methods  Duration Temporal/spatial Main conclusions Main limitations
studied lakes resolutions
(Zhang etal. 1 (NamCo) Landsat, CBERS, HJ 19762009 Monthly to a few Lake water storage increased. Limited number of studied
2011) 1A/1B, and years/ 30-64m Increased precipitation and lakes
bathymetricsurvey runoff from glacier retreat
contributed to lake expansion.
(Lei et al. 6 Landsat and In Situ 19762010 1-15yeard 30m  Storage in six major lakes in the Limited number of studied
2013) Measurements central Tibetan Plateau lakes;low temporal
increased, which was caused b’ resolution
increased precipitation and
runoff and decreased
evaporation.
(Song et al. 30 ICESat and Landsat 1970s2011 1-2 decade$30m Lake water storage increased b Limited number of studied
2013) 92 Gt from 1970s to 2011. lakes;low temporal
resolution;lacking
examination of the driving
mechanisra
(Yang et al. 114 Digital elevation 19762013 5-15 yeard 30m  Lake water storage increased b Limited number of studied
2016) model (SRTM DEM) 103 Gt during 1972013. lakes;low temporal
and LANDSAT resolution;acking
examination of the driving
mechanism
(Zzhang etal. 68 ICESat and Landsa 197032015 1-15yeard 30m Lake water storage increased. Limited number of studied
2017) The net precipitation dominated lakes

the lake storage variations.




Table 1.2 Summary of major global studies on lake/reservoir storage changes

Study Number of Monitoring m ethods Duration Temporal/Spatial Main conclusions Main limitations
studied water resolutions
bodies
(Gao et al. 34 MODIS and radar 19922010 16-day/ 250m Reservoirstorage changes can t Limited number of studied
2012) altimetry estimated using satellites alone lakes;lacking scientific
Mean absolute error is about 49 investigations at global or
continental scales
(Crétaux etal. ~100 Landsat, MODIS, and 1992now Submonthly to Lakes show different responses Limited number of studied
2016) radar altimetry several year630-  to climate change; understandir lakes;low temporal
250m climate impacts on lake water  resolution;lacking scientific
budgets requires lonAgrm investigations at global or
monitoring of lake volume. continental scales
(Wang et al. 144 Landsat, MODIS, and 20022016  Monthly to inter  Widespreadake storage decline Limited number of studied
2018) radar altimetry annual / 3€250m  in endorheic regions. lakes short studied period,;
low temporal resolution for
most studied lakes.
(Schwatke et 32 Landsat, Sentine?, and  1984now Submonthly to A new automated method for  Limited number of studied
al. 2019) radar altimetry several year610-  constructing timevariable water lakes;lacking scientific
30m areas usig two satellite missions investigations at global or
and a data gap filling technique. continental scales
(Busker etal. 137 Landsatbased inundation 1984now Submonthlyto 42% of studied lakes have stror Limited number of studied

2019)

areas, radar altimetry

several years
30m

arealevel correlations. Validatec

by 18 lakes with irsitu

measurements, the mean relati

error is 7.42%

lakes;low temporal
resolution;lacking scientific
investigations aglobal or

continental scales




To provide a temporally consecutive monitoring of storage changes, previous work has
combined inconsistent altimetry level records with consecutive lake areas observed from high
temporal (i.e., Hay) Moderde Resolution Imaging Spectroradiomg@ODIS) imagery(Gao
et al. 2012; Tong et al. 2016jowever, many lakes and reservoirs (even for large ones) have
minor changes around their shores, which may ndidsernibleowing tothe coarseesolution
of MODIS imagery (256600 m in visual and neanfrared bands). Compared with MODIS,
Landsat imagery have a much finer spatial resolution (i.e., 30 m) and a nominal temporal
resolution of 16 days (or finer if multiple sensors, e.g., from Landsat 5 andcomabéned). But
due to frequent cloud covefRossow and Schiffer 199%ecent Landsabased estimates of lake
areas are limited at best to a monthly temporal resolution or, for large water bodies with frequent
cloud covers, up to once per a few yg@rsnchyts et al. 2016; Pekel et al. 2016; Yao et al.

2018) The tradeoff between spatial and temporal resolutions has been identified as a major
challenge for monitoring inundation extents, especially in lakes with large seasonal fluctuations
(Huang et al. 208). Compared with large water bodies, monitoring smaller lekegen more
challenging due to lacking water level dé@@ancamaria et al. 2016; Song et al. 2014a)

Owing to the above challenges, existing knowledge of recent lake water storage changes
is rather limited at large geographic scales, particularly in rearadeharsiiegions such as the
Tibetan Plateau (Tablel). The Tibetan Plateais home to more than one thousafmree lakes
larger than 1 kim(Messager et al. 2016; Zhang et al. 20b#) existing approaches for
estimating volume variations across fhbetan Plateaare restricted to a limited number of
lakes or multiyear to decadal temporal frequendi€able 1.1)Crétaux et al. 2016; Lei et al.

2013; Song et al. 2013; Yang et al. 80Zhang et al. 2017} or exampleYang et al. (2016)

estimatel volume variations in 114 lakes at 5 to-yidar intervals during 1978013, but



included only three discreet years (2000, 2005 and 2013) after 2000. Lake dyweamarsoss
the Tibetan Platauand exhibit different changing rates during different per{@igtaux et al.
2016) Particularly, in the past few yearsd., 20132015, expansions of many Tibetan lakes
have been decelerated or partially reve(d&hg et al. 2017; Zhang et al. 2Q;1Which suggests
the necessity of a continuous, letggm monitoring of their volume variatiornSlobally, storage
in lakesandreservoirs is poorly monitored (Table 1.2), even only for the ~400 largest lakes and
reservoirs greater than 500 k(Messageet al. 2016; Walter 2018%ao et al. (2012) used radar
altimetry and MOIDS data to estimate storage variatiomsiypdozers of largereservoirs
worldwidein a 16day interval from 1992 to 2010. Crétaeixal. (2016) provided storage
variations for abouvne hundredkes by combining satellite imagery and radar altimetry, but
the generated storage time series have inconsistent duth@bwsiryfrom a few yearg¢o more
than two decade$/ore recentlyBusker et al. (2019ombined historical water extents
delineated from Landsat imagery Bgkel et al. (2018)ith radar altimetry to construct storage
time series during 1984 to 2015 for 137 lakes. Howeaeenporal frequencies of the produced
area timeseries are still limited by the availability of clofie imagesThese limitations

prevent these studies from revealing scientific findimgthe global scale. Thereforej\anced
algorithms are needed to leverage information acquired by differerlitsatesions to
accurately assess storage charajdme spatial and temporal sca(€sétaux et al. 2016).

The «isting assessmef recent changes in surface water area shatablepatterns
(Donchyts et al. 2016; Pekel et al. 2016; Zou et al. 2(8i8he contiguous United Statder
examplehumidregions (e.g., the Southeast and the North Great Pkinsg) increasing trends
in surface water areas whereaigl and semiaridegions (e.g., the West and thautherrPacific

region)experienced a @éine in inundation areas during the past three decades (Zou et al. 2018).

10



Globally, water area losses are more concentrated than area gains, and are mainly located in the
worl doéos arid and semiarid r egi ohiscoffabBteeemshy t s
to reflecta hypothesized divergence in hydroclimdtes sec a | | e-getwetiere dryget

d r i patteri(Held and Soden 2004)ivergent trends in total water areas do not necessarily

lead to a synchronous divergence in total water stdragause different water bodies have

different bathymetries (Messager et al. 20Y@hether there is divergence in surface water

storage trends betweand andhumidregions, however, has not been examioed global

scale.

1.3 Science questions andogectives

The overarching goal of this dissertation is to advance the understanding of recent lake
and reservoir storagiynamicsonregional and global scales by leveraging raniission
satellite dataThis goalis approached bgddressing three sciengeiestions

Science question 1ol hasthelake water storage acrosgeinner Tibetan Plateau
changedver the recent decades and wiiasthe dominat driver (e.g., warming or wetting)?

Science question Ziow can we improve the methodology of water area time series
mapping using existing remote sensing images, in ordegtter enable a temporarily consistent
monitoring of water storage dynamics in the werld

Science question 8iid the recent global opesurface water storage changes exhibit a
divergence between endorheic (arid) and exorheic (humid) regions, and if so, what does this
divergencendicatefor the global water cycle and water resource management?

To answer these questions, four specific dbjes are pursued. Each objective is

associated with one hypothesis, as detailed below:
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Objective 1: To understand regional lake water storage changes and the link to climate change: a
case study in thenerTibetan Plateau.

TheinnerTibetan Plateau @eriencedvidespread lake area expansion since 280hg
et al. 2014h)although the lake expansion decelerated over the recent years (e.2028).3
(Yang et al. 2017; Zhang et al. 201Apwever, the driving mechanism of recent lake dynamics
remains aclear. Over the recent decades, the unprecedented warming hassogniednt
glacier retreafLei et al. 2012; Xu et al. 2008nfluenced by strengthened westerlies through
advection of moisturghe imerTibetan Plateau also experienced increasing net precipitation
(surplus between precipitation and evapotranspirati@ap et al. 2015)Both increasing net
precipitation and warmirghduced increasing runoff from glaciestreatcontribute to lake
expansbn. However,whetherthe lake expansiowasmainly due to warming or wetting remains
unknown.

Hypothesisl: The recent lake storage changes initiner Tibetan Plateaaredominated
by changes in net precipitatidie., precipitation minus evapotranspioa) rather than

warminginducedglacial meltingand permafrost degradation

Objective 2: To improve the temporal frequency of water area time series for global lake area
mapping.

Given inconsistent altimetry level records, consecutive lake areadmesareessential
for aconsecutive monitoring of storage changéswever,cloud contamination often poses a
major challenge for producing temporally continuausatime seriesThe £mporal monitoring

frequency could be potentially improved by usiogtaminated images (i.ehoseaffected by
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cloud or observation gaps). However, how to accurately estimate lake areas from the poor
guality contaminated images remanbig challenge.
Hypothesi2: Contaminated images can be used to increase the terfipqradncy of

water area time series without sacrificing the accuracy.

Objective 3: To compare lake water storage changes between endorhe@n@exi)rheic
(humid) basins.

Whether théwet-getwetterdry-getdriero patternholds ovetthe entire land surfaces
highly debated By r ne and O6Gor man 2015; Greve et al
2018) Although global surface water area changes shganaraldivergence between dry and
wet regiongDonchyts et al. 2016; Pekel et al1&), whetherthere is a divergenade surface
water storage trends betwegny andwet regionsremains unknowrDivergent trends in total
water area do not necessarily lead gymachronouslivergence in total water storagecause
different water bodiesave different bathymetries (Messager et al. 2016). Examples could be
found in the shrinking Great Salt Lake (Utah, USA) and the expanding Lake Seling (Tibet,
China) over the past two decades. The area decrease in the Great Salt Lake is much larger than
thearea increase in Lake Seling, leading to a net loss (~1080rkthe total area of these two
lakes (Crétaux et al. 2011; Wurtsbaugh et al. 2017). However, their combined storage increased
by 20 Gt due to a greater level increase (a steeper bathynmetigfeé Seling (Crétaux et al.
2011; Wurtsbaugh et al. 201 Therefore, a comprehensive assessment of lake and reservoir
storage changes is required to confidently test the possible divergence in open surface water

storage trends.
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Hypothesis3: The trendsn open surface water storage show a divergence in direction
between endorheic and exorheic basins. In other wbuisid exorheic regions show an

increasing trend whilarid endorheic regions exhibit a decreasing trend.

Objective 4: To compare storageamges among saline lakes, freshwater laked artificial
reservoirs.

Saline lakes are mostly found in arid regions while humid regions are dominated by
freshwater lakes and reservoifgcording to some of the finegtobal lake inventoriefMeng
2019;Messager et al. 201,6aline lakes account for 44% of the total lake volume, which is
slightly exceeded by freshwater lakes and reservoirs representing the majority th&2o.
hypothesized divergence in open surface water storage beswdandhumidregions is true, it
probablyalsoleads to anraplified contrast betweesurfacefresh and saline water abundance
Continued danbuildingin the developing world maesult in an increase in global reservoir
storaggGrill et al. 2019; Lehner et al. 201Walter 2018 Walter et al. 2010 Most ofthe
existing studiegstimatedylobalreservoir storage changesing reportetlegisteredeservoir
maximum capacities armbmmissioryears(Chao et al. 2008; Wada et al. 2018ince water
storages in reservoirggpecially large ones) fluctuate as a result of human water regulations and
climate variability, the static maximum capacitieay notreflect anaccurate estimaiaf the
actual reservoir storage variatiois contrast, egional evidencef salinewaterstorage decline
has beenseen in the desiccation wfanylarge saline lakefChen et al. 2017; Hassanzadeh et al.
2012; Wang et al. 2018; Wurtsbaugh et al. 2p&uggesting possiblenetlossof globalsaline
lake storagdlf this declineis proved to beérue, the water storage loss in saline lakesld

signify a positive contribution to the sea level rise. This positive contributiorparéiplly offset
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the negative contribution from reservoir impoundmedtsyever,to my best knowledge, no
previousstudieshaveprovided a comparisorof water storage changes among saline lakes,
freshwater lakes and reservainrsthe global scale

Hypothesigt: Thecontrast between fresh and saline water abundaasamplified
over the recent decades wéklecreasing saline water storage @mincreasing freshwater
storage. mcreasing freshwater storaggasmainly attributed to recently filled reservoirs. The
decreasing saline water storage largely offset the negative contribution from reservoir

impoundment®n sea level rise.

1.4 Dissertationstructure

Following this Introdugbn Chager, Chapter 2 focuses on a regional sttht
investigatesherecent lake storage dynamimsthe inner Tibetan Plateaund the link to climate
change (Objective 1 and Scier@aeestion 1). Chapter 3 addresses the challengater area
time series mapping in order to better assist the monitoring of temporarily consistent/continuous
water storage changéSbjective 2 and SenceQuestion 2). Chapter 4 reveals global patterns of
lake and reservoir storage changes and their implicatornise global water cycle and water
resource management (Objective 3 & 4, and SciQuesstion 3).

The objective of Chapter 2 is tmderstad regional lake water storage changes and the
link to climate changentheinnerTibetan Plateaun this chapter, integrated optical imagery
and digital elevation mode(®EMSs)to uncover the fine spatial details of lake water storage
(LWS) changes aoss thanner Tibetan Plateaat an annual timescale after #tart of the
currentmillennium (from 2002 to 2015).he lake storage trends estimated from D&EMived

hypsometry werealidated by hypsometric information based on loegn altimetry
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measuementsin an endorheic (hydrologically landlocked) environment such as the inner
Tibetan Plateawet precipitationi.e., the residual of precipitation after evaporative loss, equals
thechanges irtheterrestrial water storage, which was quantified giie gravity observations

of theGravity Recovery and Climate Experimé@®RACE) satellites Integrating these
observationgnto a mass balance modtie contribution of net precipitation was examined to
test whethetherecent lake water storaga theinner Tibetan Plateawas primarily driven by
wetting or warmingnduced melting runoff fronthe feedingylacies. The presented research in
this chapter has been publishednvironmental Research Lettgiéao et al., 2018)

The objective of Chapter 31is improve the temporal frequency of water area time series
for global lake area mappinghis chapter introduces a novel mappmethodthat can produce
temporallycontinuous longermwater area time series at a fine spatial resolution for lakes and
resevoirs worldwide. @ud contamination often poses a major challengéh®production of
temporally continuous time seriélo overcome this challenge,novel methodvas developetb
improve the temporal frequency of usable Landsat observations foingdakes and
reservoirs, by effectively recovering inundation areas from contaminated images. This method
automate three primary steps on the clebdsed platform Google Earth Engine. It first
leverage multiple spectral indices to optimize water mapgwegn archival Landsat images
acquired since 1992. Errors induced by minor contaminatvensnext corrected by the
topology of isobaths extracted from nearly cldtee images. The isobatherethen used to
recover water areas under major contaminatibreugh an efficient vectdvased interpolation.
This methodvas validatean 428 lakes/reservoirs worldwide that range from ~2 k82,000
km? with time-variable levels measured by satellite altimeters. The robustness of this method

wasfurther verified under five challenging mapping scenarios, including fluvial lakes in humid
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basins, reservoirs with complex geometries, saline lakes with high mineral concentrations,
lakes/reservoirs in mountainous regions, andAvantic lakes with frequent snow/ice wers.
Potential applicationsn other optical and SAR sensors (e.g., Senihahdthe Surface Water
and Ocean TopographiWOT) missior) werealso discussed in this chapt&he presented
research in this chapter has been publish&emote Sensing ohi@ronmentgYao et al., 2019)
The objectives of Chapter 4 are 1ctumpare lake water storage changes between
endorheic (aridandexorheic (humid) basin®) to reveal implications of opesurface water
storage changes ftine global water cycle anglater resource managemeBy leveraging the
novel water mapping method (as introduce@lapter3d) and satellite altimetry, this chapter
provides a comprehensive assessment of recent storage changes in major lakes and reservoirs
worldwide. Monthly storag anomaeswereestimated for more than one thousamajor water
bodies from 1992 to 2018 (i.e., the existing satellite altimetry €hee quantified lake storage
changesvere then used to test the hypothesized divergence between 1) arid and hum&d region
and 2) saline lakesndfreshwater bodies. Although this dissertation does not aim to dedbeple
influences ohuman forces and climate change on lake stalgigamics storage changes in
recently filled reservoirs were isolated to facilitate the dismn of possible impaxof human
water impoundments dhechanges in freshwater abundance. Fingjliyen this comprehensive
monitoringof global lake/reservoir storage dynamicgds able ta@alculatea more definite

impact of open surface water baoslen therecentsea level change.
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Chapter2-Lake svtyamriagteti on on the endorh

and Iits attribution to climate <cft

2.1 Introduction

Lakes are important hydrological components in alpine environments, where water budgets
are highly vulnerable to climate chan@mng et al. 2014b; Williamson et al. 2009)ne of the
worl dos | argest groups of alpine | akFRgareare | o
2.1). Here, surface water is landlocked due to arid climate and topographic barriers, forming a
cluster ofendorheic basins in the northwestern Tibetan Plateau (TP). Different from other arid
endorheic basins, the CP possesses a high lake density of¥a6gpet al. 2017)accounting for
~60% of the total lakevater storage (LWS) in the entire Messager et al. 201.68)nder
negligible human disturbance, these alpine | a
(Williamson et al. 2014)Influenced by strengthened westerlies through advection of heat and
moisture, the CP has undergone evident we(Bap et al. 20159nd warmingHansen et al.
2010; Xu et al. 2008)uring the recent decades, which posed inevitable impacts on the water
budget in its alpine lakggei et al. 2017; Liu et al. 2009)

Usingoptical and altimetric satellites, previous studies have revealed that many large lakes
on CP experienced dramatic increase in both area and volume during the past couple of decades,
especially since thstart of the currenmillennium(Lei et al. 2013; Liet al. 2012; Song et al.
2013, 2014a; Zhang et al. 2011; Zhang et al. 2017b; Zhou et al. 2a88@ver, existing
approaches for estimating volume variations across the CP are restricted to a limited number of
lakes or multiyear to decadal temporal fregncieqCrétaux et al. 2016; Lei et al. 2013; Song et
al. 2013; Yang et al. 2016; Zhang et al. 201 Aoy exampleZhang et al. (2017@pplied

ICESat altimetry and satellite imagery to quantify volume variations in 68 Tibetan lakes annually
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from 1989 t02015. Yanget al(Yang et al. 2016)ised satellite imagery amibital elevation
model (DEM) to estimate volume variations in 114 lakes at 5 {peb4 intervals during 1976
2013, but included only three discrete years (2000, 2005 and 2013) after 2k®@yhamics
vary across the CP and exhibit different changing rates during different periods. Particularly, in
the past few years (since ~2013), expansions of many Tibetan lakes have been decelerated or
partially reversedCrétaux et al. 2016; Pekel et 2016; Yang et al. 2017; Zhang et al. 2017b)
which suggests the necessity of a continuous,-teng monitoring of their volume variations.
Different fromwaterarea change, volume variatima more direct measure thle mass
balance amongater fluxes such as precipitation (Byapotranspiration (ETand runoff Thus,
an accurate monitoring of CP lake volume is fundamental for a quantitative attribution of lake
changing mechanism. Specifically, we aim at applying estimated volume changes to answer:
werethe observed lake dynamics across the CP (e.g., rapidsapdrom ~2000 and then
deceleration since ~2013) predominantly driven by the net change in precipitation and
evapotranspiration (thereafter net precipitation) or by waramdgced glacier melt or
permafrost degradation? Receni#fpang et al. (2017t5uggested that net precipitation is likely
the key driver for lake volume variations on CP during 2@089 (when the ICESat
observations were available). Nevertheless, the 68 lakes they studied cover ~53% of the total
lake area across the @&heng et al. @L6), and the impact of net precipitation after 2009,
including the period of decelerated lake expansion, remained unquantified.
Our recent effor{Yang et al. 2017applied multisource satellite imagery (Landsat and
Huanijing) to produce a detailed mampof all lakes greater than 1 Kifaccounting for ~97% of
the total lake are@Messager et al. 2016across the CP from 2009 to 2014. Despite a limited

period, our applied mapping methods and revealed lake area dynamics (see23:2tibn
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provide a dtical basis that allows for an extended and more thorough monitoring of LWS

variations across the CP. Thuaghis study, we synergized our recent mapping with extended

archival imagery and existing global DEMs (SRTM DESuUrvey)and ASTER GDEMTeam

20)) to estimate water storage variations in the 871 lakes greater thanatrass the CP

annually from 2002 to 2015. This estimate, to our best knowledge, achieved some of the highest
spatial and temporal details in LWS monitoring on the clirsatesitie TP. Calculated LWS

changes were next validated against the estimates derived froftefomgadar altimetry, and

then used along with the total water storage (TWS) variations observed by the Gravity Recovery

and Climate Experiment (GRACE) satelliteseaost t he hypot hesi s that #@An
dominant driver fother ecent | ake dynamics across the CPO.
uncertainty in net LWS changes and improve our understanding of the recent and ongoing

climate impacts on stace water budgets in the endorheic Tibet.
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Figure 2.1 Studied alpine lakes across the Changtarnglateau (CP), a total area of ~700
thousand kmz2 in the northwestern Tibetan Plateau (TP), home to 396 endorheic basins.

2.2 Methods

2.2.1Monitoring lake water storage (WS) variations

We calculated the annual time series of water storage variatieadorstudied lake from
2002 to 2015 through a synergy of water area changes mapped from satellite imagery and
bathymetric information retrieved from freedyailable DEMs. Detailed methods are explained
below.

2.2.1.1Mapping lake area dynamics
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Imagery fom the Landsat archive (5, 7and 8:d&éy r epeat <cycle) and
satellites (1A and 1B;-Bay repeat cycle) were combined to improve the temporal coverage of
cloud-free observations through data blending and fusion. All imagery have theesohgion
(30 m) in visible and nedanfrared bands (se&'ang et al. 201 7for details), and were collected
from September to December during which lake extents on Tibetan Plateau are generally stable
(Lei et al. 2013; Lyons and Sheng 2017; Song et(dl4B; Song et al. 2017; Yang et al. 2017)
Combined imagery from Landsat and Huanjing were used to extract annual extents in 871 lakes
larger than 1 krfrom 2009 to 2015. Among them, lake areas from 2009 to 2014 were directly
obtained from our previous mappifgang et al. 2017)For the period before 2009 (2G§@D08)
when Huanjing imagery were unavailable, images from Landsat 5 and 7 were fusedeaising th
planetaryscale platform Google Earth Engine (GEEB)prelick et al. 2017)GEE provides
parallel computation for large amounts of satellite data, making fusion of optical images
efficient. For each lake, images acquired from September to Decemberligese foy the
SimpleCloudScore algorithm provided in the GEE algorithms API, and then mosaicked using
medianvalue composite. Despite an improved coverage through Landsat image fusion, cloud
free observations were not always feasible for each year antb&acs a compromise, annual
lake areas prior to 2009 were mapped only for 126 lakes larger thar?50 km

A self-adaptive lake mapping scheme (similati@and Sheng (2012ndSheng et al.

(2016)) was modified to extract lake extents from the opiitages (se&ang et al. (201 7hor
details). In brief, the High Resolution Water Index HR@&o et al. 2015)vas applied to
enhance the contrast between the water andvad@r pixels in each image. Then, an initial
threshold () of HRWI (To= 0) was apleed to flag possible water bodies. For each possible

water body, the HRWI threshold was further fin@ed by an iterative buffering method which
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updates the water extents and its local buffering region until the water extents converge. After
that, any rennant errors in the automation results were removed manually with assistance of an
interactiveediting tool(Wang et al. 2014)Our previous results have shown that lake extents
extracted from both Landsat and Huanjing imagery using the proposed appehighly

consistent (slope=1.002R0.99) (refer torang et al. (201 7jor details). As our studied

minimum lake area (1 kfpfar exceeds the spatial resolution of both imagery (30 m), the error in
mapped lake areas was considered to be t(ijains etal. 2013; Pekel et al. 2016; Verpoorter

et al. 2014)nnd thus not included in the uncertainty propagation for lake volume changes (see

Section2.2.3).
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2.2.1.2Calculating lake volume changes
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Figure 2.2 Derived hypsometry for Xiangyang Lake (89.42° N, 35.80° E) from the SRTM
DEM. The hypsometric curve was calibrated by the monotonic cubic spline fitting.

A DEM may provide useful bathymetric information for inferring lake volume changes if
the lakebed topgraphy between the minimum and maximum water levels during the study
period was well exposed at the acquisition time of the OBMng et al. 2013a; Yang et al.
2016) As most lakes on the CP have expanded since at leas(Zty et al. 2017ajhe
expased topography surrounding each expanded lake on the SRTM DEM, which was acquired in
February 2000, reveals the bathymetry that su
during our study period from 2002 to 2015. In other words, the hypsothetryevelarea

curve) derived from the SRTM DEM covers the range needed for volume change calculation
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without any downward extrapolation. For the remaining lakes where minimum water levels in
the study period were higher than those in February 2008Sfi&R GDEM acquired during
2001 2008 was further considered if it could reduce the uncertainties of hypsometry
extrapolation.

Specifically, we used the SRTM DEM version 83urvey)and the ASTER GDEM
version 2(Team 2009)both under the same resolutidnarc second or ~30 meters). The
inundation area of a lake in the SRTM DEM was obtained from the SRTM Water Body Dataset
(SWBD) (SWBD 2005)while that in the ASTER GDEM was detected based on surface flatness
as inFujisada et al. (2012puch alake ardah er eaf t er ref erred to as |
the water | evel (hereafter referred FRgareas fiba
2.2). Given higher vertical accuracy and quality consistéRogriguez et al. 2005; Tachikawa
et al.2011) the SRTM DEM was prioritized: it was chosen if 1) the base area is lower than the
minimum lake area during the study period, or 2) the base area is lower than that in ASTER
GDEM. Otherwise, the ASTER GDEM was applied. Then, base level was simuaatedease
at a step of 1 m (the precision for these two DEMs) and the corresponding area below the
simulated level in the chosen DEM was calculated until the area is greater than maximum lake
area during the study periokigure 22). These levearea pas were used to construct the
hypsometry. If the number of pairs is less than six, base level was further extended until the
number reaches six for a better curve fitting purpose. Monotonic cubic spline fitting from the
Asplinesd pack awpsimplementedite fit tRe hgpsdmetny eonsalering the
cubic spline generally outperforms other models (e.g., polynomial) in fitting statistics
(Bloomfield 2014; Messager et al. 201B)nally, lake volume variations were calculated by the

integral of thefitted hypsometryQ) as in Equation 1:
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(1)

whereYw denotes the water storage change from titjewith lake area  and water level
(0 ) to time €2) with lake area0  and water level{ ).

The proposed approach using DEM hypsometry was applied to estimate volume variations
in all studied lakes except Zhuonai Lake (35.55° N, 91.94° E) because there was a drastic decline
in its water level caused by a moraine dam failure in Septem2édfLiu et al. 2016) The
DEM hypsometry for Zhuonai Lake was, thus, extended by an additional pair of water area and
level after the dam failure observed by Landsat 5 imagery and Gidgdainetry, respectively,
in order to reduce the error from ditly extrapolating the DEM hypsometry.

As previously described, annual time series of volume variation for all 871 lakes larger than
1 kn? were estimated from the period 20@915, while those for the 126 lakes larger than 50
km? were further estimated f®002 2008 during which smaller lakes were not estimated
because of a poor temporal coverage caused by the absence of Huanjing imagery before 2009.
These 126 larger lakes account for ~83% of the total lake area and ~96% of the total lake volume
across th&€P (Messager et al. 2016; Yang et al. 20Given such dominance, their total
volume changes may well represent those in all CP lakes. This is corroborated by a strong linear
relationship between the two during the period of 2Q@095 Eigure2.3b). Thisrelationship
was used as a scaling function to infer annual volume variations in all CP lakes from 2002 to
2008 from those in the 126 large lakes (also see S&&8dl). The bestit linear regression was
applied to calculate the trends in LWS timesesi ( her eaf t er-dereif wed etdr earsd ¢

and the uncertainty analysis is given in Sec#@n3.
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2.2.2Attributing LWS variations
DEM-derived LWS trends from 2002 to 2015 were validated against the trends during the
same period but calculated using available hypsometric curves provided in the LEGOS

Hydroweb databaséitp://hydroweb.theidand.fr, hereafter Hydrowelerived trendsjCrétaux

et al. 2011)Many hypsometric curves provided by Hydroweb were constructed from multi
decadal records of water levels observed by radar altimeters and water extents mapped from
satellite imageryCrétaux et al. 2016; Crétaux et al. 2014 Yotal of 18 lakes on the CP with
Hydroweb hypsometry were used for the validation. Volume of these lakes varies from ~0.2 to
~100 gigaton (see table S1); collectively, they account for approximately 70%tofahiake
volume across the CRMessager et al. 201GFor a comparison purpose, we also validated the
LWS trends from 2002 to 2015 using hypsometric curves constructed from ICESat altimetry and
Landsat imagery bghang et al. (2017khereafter ICESadlerived trends). This validation is
limited to 14 lakes where hypsometric curves are available indtathg et al. (2017k@nd
Hydroweb.

Following standard error propagation rules, uncertainties of our estimated annual LWS
changes were integrated from tw@jor sources: (i) the bias of DEMerived trends, calculated
as their discrepancy from Hydrowelerived trends, and (ii) the uncertainty of estimated volume
changes in small lakes during 20@R08, calculated as the root mean square error (RMSE) of
the rescaling relationship between volume variations in large lakes and all Fdrese@.3b).
Uncertainties of estimated annuaERF were directly estimated from the storage errors provided
in the GRACE mascofmass concentratiomjata, and the additional certainties induced by

signal leakage in the fringe mascons are further explored in Discussion. Propagated uncertainties
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were next applied to infer 95% confidence intervals of the calculated linear trends using a Monte

Carlo approach similar t¢/ang et al(2017)

2.3Results and analysis

2.3.1 Accuracy of estimated LWS trends
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Figure 2.3 Accuracy assessment of estimated lake volume variations. (a) Validation of

DEM -derived trends (blue) and ICESatderived trends (red) in lake volume from 2002 to
2015 by Hydrowebderived trends. Points represent volume trends in individual lakes (see
geographic coordinates inTable 2.1) while histograms represent the aggregated trends in

all assessed lakes. (b) Calibratestaling relationship between annual water storage changes
in large lakes (>50 km2) and all lakes (>1 km2) from 2009 to 2015. Dashed lines are Hist
regression lines.

Our DEM-derived LWS trends from 2002 to 2015 are validated against the trendsiderive
from Hydroweb hypsometryFgure2.3a). DEMderived trends in the 18 assessed lakes appear
to be highly consistent with the Hydrowelerived results (slope: 1.008%R.968). Their
aggregated storage change (the histogram in the upper left cofgui@2.3a) shows a minor

bias less than 5% of that derived from Hydroweb hypsometry. |ICESated trends, by
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contrast, are less consistent with the Hydrowekived trends (slope: 0.762%R.936). The
aggregated storage change (the histogram in theogle corner ofFigure 2.3a) is ~20% lower
than that derived from Hydroweb hypsometry. This poorer consistency between-l@&Hat
Hydrowebderived storage trends is likely caused by the extrapolation of hypsometric curves
constructed from ICESat altimgtlevels that are only available during 202809 (Crétaux et

al. 2016) This contrast suggests that our proposed approach, using bathymetric information
exposed in the DEMs, yields a comparable result with that produced by-tengeradar

altimetry mesurements, and is fairly reliable for estimating lake volume dynamics across the
CP.

Table 2.1 Detailed information of lakes used for volume validationgource: Messager et al.
2016)

Size Total Volume Elevation
Lake Name Longitude Latitude (km? (GY) (m)

SilingCo 89.05 31.78 1748.21 49.00 4539
NamCo 90.66 30.71 1961.90 87.12 4724
Ayakkum 89.43 37.56 616.65 6.16 3876
LexieWudan 90.21 35.74 220.80 3.68 4870
Aksayquin 79.82 35.22 165.96 1.59 4844
UlanUla 90.36 34.76 480.82 7.98 4855
Dogai Coring 89.00 34.55 360.11 6.63 4818
LumajangdongCo 81.64 34.05 346.93 15.64 4812
Namru 90.84 32.08 207.02 2.63 4568
Ngangla Ringco 83.05 31.57 497.66 5.00 4716
TarongCo 84.33 31.18 473.29 16.15 4567
ZhariNamco 85.64 30.95 957.20 23.95 4612
Tangra 86.50 30.95 824.31 99.01 4535
Dorsoidongco &

Migriggyangzhamco 90.25 33.62 877.81 20.15 4936
DogaicoringQ* 89.26 35.32 208.99 1.33 4787
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DagazeCo* 87.53 31.89 251.37 2.13 4465
PengCo* 90.97 31.51 148.02 1.81 4529
Xuelian* 90.23 34.11 40.22 0.23 5275

* indicatedakes without ICESat hypsometry

As shown inFigure2.3b, calculated annual volume changes from 2009 to 2015 in all studied
871 lakes (>1 kif) are closely correlated to those in the 126 large 16k&€ kntf) with a slope
of 1.153, R of 0.993, and RMSE of 0.856 Gt. Therefore, net annual volume changes in the
missing smaller lakes (< 50 Kjrfrom 2002 to 2008 were inferred by this scaling relationship
between volume changes in all lakes and largeslaind the scaling errors (RMSE) were

integrated for propagating LWS change uncertainties (refer to Se2tth8sand2.4.3).
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2.3.2Spatial distribution of LWS changes
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Figure 2.4 Spatial distribution of lake storage changes across the CP. (a) Storage trends in
large lakes (>50 km2) from 2002 to 2015. (b) Aggregated lake storage changes in different
size groups from 2002 to 2015 (aggregated storage changes in lakes between 1 and 50 km2
were estimated fron the calibrated scaling relation as in Figure 2.3b). (c) Storage trends in
all lakes (>1 km2) from 2009 to 2015. (d) Aggregated lake storage changes in different size
groups from 2009 to 2015. Error bars in (b) and (d) illustrate 95% confidence intervals

the estimations.

Alpine lakes across the CP experienced a widespread storage increase from 2002 to 2015

(Figure2 .4a). The magnitude of volume increase generally reduces along do-e@st

direction, which is consistent with the spatial gradient of decreasing lake abundance and size. As
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summarized irfFigure2.4b, LWS increase is proportional to lake size. For exentpe largest
lake Selingco (31.81°N, 89.07°E) in the southeastern CP experienced the fast volume increase of
1.22 + 0.10 Gt yt, accounting for 17% of the total LWS increase across the CP. About 78% of
the total storage increase fed into lakes gretater 100 kr (Figure 2.4b), while only 9%
occurred in lakes with size betweenB00 knf and 12% (estimated from the scaling relation as
in Figure 2.3b) occurred in smaller lakes (<50 Rn(Figure 2.4b).

Figure2.4c shows storage trends in all 871 lakesater than 1 kdfrom 2009 to 2015.
Storage variations in large lakes vary spatially, whereas the spatial patterns in small lakes are
generally much more homogeneous. However, during the-gesigperiod (2002015), rates
of volume changes in all size$ lakes decreaseéfigure2.4b and2.4d). Some large lakes in the
southern CP, e.g., Namco (30°Blf 90.60E) and Tangra Yumco (31.60, 86.55E), even

began to shrinkHigure2.4c).
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2.3.3Trends in LWS across theendorheic Tibetan Plateauand associatns with

net precipitation
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Figure 2.5 Variations in lake water storage (LWS) and total terrestrial water storage

(TWS) across the CP from 2002 to 2015. The red curve shows monthiERF anomalies
(climatology removed) observed by GRACE satellites, while the connected blue dots
represent annual LWS anomalies estimated from the proposed approach. All anomalies are
relative to the longterm means during 20022015. Straight lines (dashed and solid)
represent linear trends using besfit regression for two periods (20022012 and 2002

2015). Transparent shades illustrate 95% confidence intervals.

The trajectory of net LWS across the CP exhibits three distinct pliagase.5): a
monotonic increasedm 2002 to 2012, a general cessation and pause in 2013 and 2014, and then
an evident decline from 2015. Coherently, net precipitation (kET)Ryenerally increased from
2002 to 2012 but declined from 2013 to 2015. Increasing net precipitation fronic?R022
concurred with rapid lake expansion and the decreasing net precipitation after 2013 concurred
with the recent cessation of lake expansion and the subsequent LWS loss. However, the
decreased net precipitation did not seem to trigger an immedateed@ LWS. Instead, LWS

started to decline in 2015, about two years after the turning point of net precipitation in 2013.
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This time lagndicatesthat NLWS (e.g., warminghduced glacier melting and permafrost
thawing) may have compensated for the LW@&uction caused by immediate net precipitation
decrease in the early period, but was unable to completely offset thtetomgffect of net
precipitation decline.

As further summarized in TabB2, net precipitation on the CP increased at an average rat
of 4.11 + 0.19 Gt ytduring our study period (2002015), which explains 56.0 + 5.4 % of the
concurrent increase in LWS (7.34 + 0.62 Gt)ylFrom 2002 to 2012, net precipitation increased
at 6.31 + 0.27 Gt y, accounting for 69.7 *+ 5.8 % of the i WS increase of 9.05 + 0.65 Gt
yr, while net precipitation declined at a rate 18.61 + 2.03 Gt yt from 2013 to 2015, which
completely explains the concurrent LWS declis&@9 + 3.37 Gt yt). Given these calculations,
net precipitation appeats be the firstorder contributor to the recent LWS changes across the
CP.

Table 2.2 Summary of changes in lake water storage (LWS),-ET (net precipitation) and

non-lake water storage (NLWS) on the CP. Uncertaintiesdicate 95% confidence
intervals.

LWS P-ET NLWS
Periods Gtyr!? Gtyr? % of el Gtyrt % of eL
Increasing FET period (20022012) 9.05 + 0.65 6.31+£0.27 69.72 +5.83 -2.74£0.70 -30.28 £ 8.08
Decreasing FET period (2018 -8.09+3.37 -13.61+2.03 168.23+74.44 -552+393 -68.23 +56.33
2015)
Entire study period (2002015) 7.34 £0.62 411 +0.19 56.00 +5.39 -3.23£0.65 -44.01 £ 9.58
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Figure 2.6 Variations in the lake water storage (LWS) and total terrestrial water storage
(TWS) from 2002 to 2015 for northeastern (NE) (a), northwestern (NW) (bgouthwestern
(SW) (c) and southeastern (SE) (d) CP. Symbol and color illustrations are the same as in
Figure 2.5.
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2.4 Discussion

Our results indicate a dominant role of net precipitation on the recent decadal lake dynamics
on the CP, which is consistenith several existing studigkei et al. 2014; Lei et al. 2013; Song
et al. 2015; Song et al. 2014b; Zhang et al. 2017b; Zhou et al.. 20dbgver, this finding may
contradict those of some other studies. For instdnad,al. (2014)ound limited im@cts of
glacier retreat and hypothesized that permafrost thawing was the primary cause for Tibetan lake
expansion in recent decades, although Zhang et al. (2017) concluded that the magnitude of
permafrost thawing is not substantially more than that ofeglaetreatJiang et al. (20173lso
suggested the important role of permafrost on rapid lake expansion in the northeastern CP. Thus,
we here compare the relationships between LWS and net precipitation in feegguis of the
CP Figure2.6). In northastern, northwestern, and southwestern CP, rapid lake expansion
accompanied with dramatic increase #&P during 2002 to 2015-gure2.6a2.6¢), which
confirms the dominant contribution of net precipitation. However, the covariation between LWS
and net pecipitation is not evident in the southeastern E§ufe 2.6d). This may be caused by
the substantial contribution from glacier retreat, as indicated in previous gNudieg et al.

2013b; Zhu et al. 2010)
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Figure 2.7 Base areas and minimum areas for 871 studied lakes. Lakes with extrapolated
hypsometry are those with minimum areas less than base areas (red dots below the
diagonal line).

Several error sources limit our results and cbnota to the uncertainty of this study. First,
we ignored the additional uncertainty from hypsometry extrapolation for 6% of studied lakes
(Figure2.7), where neither of the two DEM products could reveal the complete bathymetry
required for storage changecovery during the study period. However, these lakes only account

for less than 4% of the total lake area on(SReng et al. 2016¥0 their hypsometry
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extrapolation should not substantially affect our estimated net LWS variations. Second, except
the erors provided by the RLO5M mascon data, we did not explicitly quantify the uncertainty in
GRACE-derived TWS anomalies arising from signal leakage from the surrounding basins in the
fringe mascons (which override the CP boundaries). To perceive this umiyessa here

explore two solutions that implement the same procedure as described in 32c2idn

partition TWS variations into changes in LWS and NLWS. The first solution only includes
mascons that are fully contained by the T&hbje 23), while thesecond solution applies the
mascon set of O-8egree scale factors simulated by the Community Land Model (CLM)

(Watkins et al. 2015()Table 24). It is worth noting that, despite a partial recovery of the signal
variation within each mascon, the scale dastmay not be suitable for deriving TWS trends at
submascon resolutions. This is because 1) the CLM does not include lake or glacier components
so the simulated surface storage variations on the CP may be highly uncertain, and 2} the least
square corre@n involved in the factor calculation tends to be dominated by the annual cycles of
water storage variatiorftanderer and Swenson 2012; Watkins et al. 208&) these reasons,

we did not apply the scale factors in the calculations as reported in S28fibat only used

them for inferring possible uncertainty scales induced by signal leakage in the fringe mascons.
Results of both solutions are consistent with our previous findings. The increase in net
precipitation (TWS) accounts for most (~70% or Mmafethe LWS increase from 2002 to 2012

and the net precipitation decrease fully explains the LWS loss from 2013 to 2015. Therefore,
potential uncertainties due to signal leakage are not likely to alter our primary conclusion that
LWS changes are predomintly attributed to the variations in net precipitatidmally, limited

by data availabilitythe attribution of lake storage changes in this study were bastukopt

impacts of potential drivers (i.e. net precipitation and NLWS including gkearet permafrost).
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Thequantifiedimpact of glacies and permafrosteflecttheirintegratedstorage changaather

than th& actual amourstof melting runoffto the lakesThedifferencebetween their net storage
change and melting runoff mainly depenashow net precipitatioms intercepted by or stored as
glacies and permafrost. While being difficult to quantify, such an impact seemsraddbieely

trivial because only less than 10% of precipitation fell during the wiKieef al. 2008; Yang et

al. 2017). Additionally, the LWS across the inner Tibet ceased in expansion right after the
turning point of net precipitation around 2013, and it eventually declined in 2015 when the net
precipitationcontinued to dropThis evidence also suppsthat the et precipitation has the

dominantdeterminanbf therecentiake storage changacross the inner Tibet
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Table 2.3 Trends in lake water storage (LWS), PET (net precipitation) and non-lake water
storage (NLWS) in full mascons within the CP

LWS P-E NLWS
Periods Gtyr! Gtyr! % of e  Gtyr’ % of el

Increasing FET period (20022012) 3.59+0.28 251+0.19 69.92+7.60 -1.08+0.34 -30.08 £9.71

Decreasing FET period (20182015) -2.43 % -4.57 +1.38 188.06 + -214+1.71 88.07 + 79.33
1.01 96.62
Entire study period (2002015) 2.86+0.24 1.46=+0.13 51.05+6.25 -1.40%0.27 -48.95 £ 10.39

Table 2.4 Summary of changes in lake water storage (LWS),-ET (net precipitation,
estimated from mascon data with GLDASmodeled scale factors) and noiake water
storage (NLWS) across theCP. All uncertainties are 95% confidence intervals.

LWS P-ET NLWS
Periods Gty Gty % of WS Gty % of WS
Increasing FET period (20002012)  9.05£0.65  6.89%0.27 7613:583  216%0.70 23.87+8.08
Decreasing FET period (20182015) ~ -8.09+3.37  -14.98+203  18517+74.44  -6.89+3.93 -85.17 + 56.33
Entire study period (2002015) 7344062  4.66+0.18 6349539  -2.68+0.65 36,51+ 9.58

2.5Summary and concluding remarks

This study provides a comprehensive estimate of LWS variations across the CP from 2002
to 2015, by synergizing satellite imagery (Landsat and Huanjing) and-freailable DEMs
(SRTM DEM and ASTER GDEM). The sheer number of lakes (871) analyzed in moatest
which account for 97% of total lake area across th¢SPieng et al. 2016js substantially
greater than any number recently studied for lake volume changes on the Tibetan Plateau (e.g.,
68 lakes inZhang et al. (2017k@nd 114 lakes iivang et al(2016). Compared with existing
estimategSong et al. 2013; Zhang et al. 201dbing hypsometric curves extrapolated from
shortterm ICESat observations (available during 2&m9), our LWS trends are more
consistent with values derived from londgem radar altimetry measuremeiistope=1.01,
R2=0.97). Thisindicatesthat volume change estimates using extrapolated hypsometry may need

to be interpreted with cautions. Given such improved spatiotemporal coverage and reduced
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estimation biases, this studgvances our understanding of recent variations in lake water budget
across the remote Tibetan Plateau. Our produced lake area and storage change gatdiclgt is
available athescientificdata repositorfPANGAEA (doi:10.1594/PANGAEA.888706).

From 2®2 to 2015, the net LWS increased at an average rate of 7.34 Gt0y62
(cumulatively 95.42 + 8.06t), manifested as a dramatic monotonic increase of 9.05 #31.65
yribefore 2012, a deceleration and pause in 22084, and then an intriguing dediafter
2014. Using TWS anomalies from GRACE observations and a water balance model, we
guantified that ~70% of the monotonic LWS increase before 2012 was attributed to the increase
in net precipitation (HET). Despite a smaller total influence, warminguced NLWS changes,
including glacier retreat and permafrost thawing, magithpensate for the LWS reduction
caused by the initial net precipitation decrease in 22AB4, which is manifested lay2-year
time lag between net precipitation and LWS declikisyvever, the impact of NLWS was unable
to offset the longeterm effect of net precipitation decline, leading to an evident LWS decrease
in 2015: the first major reverse of a doublecadal lake expansion on the (@Rang et al.
2017b) To this end, we cmlude that net precipitation (i.e;B¥) is a firstorder contributor to

alpine lake dynamics across the CP since at the least the new millennium.
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Chapter3-Construc-t eng-fhrbeggguency t i me
gl obal | ake and reservoir areas

3.1 Introduction

Lakes and reservoirs covabout 23% ofE a r t h-glaciatedaml area and store the
largest mass of liquid freshwater on the terrestrial suffeeeg et al. 2016; Lehner and Doll
2004; Messager et al. 2016; Sheng et al. 2016; Verpoorter et al. PO®4)p easyaccessibility
and a broad spatial distribution, these inland wadelies serve as one of the primargter
sources for irrigation, industrial, and domestic purp¢aésiorf et al. 2007)However, the
uneven distribution andulnerabilityto environmental changée.g., warming and climate
variability) result intemporally and spatially vable abundance thaften does not meet local
water demandgCrétaux et al. 2016)n recent decades, stresssumface watehas been
significantly intengied by population growth and climate char(@ki and Kanae 2006Pue to
the evergrowing water demand, more than half of the global river systems are regulated by
reservoirGrill et al., 20191 ehner et al. 2011; Pokhrel et al. 2012)t twothirds d the
worl dos popul ation are facing seWekomenaadt er sh
Hoekstra 2016)Under recenglobal warming, extreme events such as floods and droughts have
become more intense and frequent, which further increaseselienness of the distribution of
surface water reservéslexander et al. 2013; Wang et al. 2018)proved monitoring of extent
variations in lakes and reservoirs is critical for assessing human and climate impacts on
terrestrial water resourcéGao et & 2012; Haddeland et al. 2014; Wang et al. 2017b; Zhan et al.
2019) Such knowledge is fundamental for evaluating global water availalpitdjectingfuture
water stress, and formulatisgstainable managemeptans(Gleick 2010; Van Beek et al.

2011)
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Remote sensingrovides a unique and effective way to monitor spatial and temporal
variability of surface water extents at broad geographic scales. Water extraction methods using
optical sensors are well establisi{@dbnchyts et al. 2016; Du et al. 2014ig et al. 2016;

Feyisa et al. 2014; Haas et al. 2009; Hui et al. 2008; Jiang et al. 2014; Li and Sheng 2012;
McFeeters 1996; Murray et al. 2019; Pekel et al. 2014; Sheng et al. 2016; Verpoorter et al. 2014;
Wang et al. 2014; Yamazaki et al. 2015; YangleR017b; Yao et al. 2015However, most of

the established methodisvolve a practical tradeoff between spatial and temporal resolutions
(Cooley et al. 2017; Huang et al. 2018} a resultexistingwater extent productsften do not
meetthe desirablspatial or temporal resolutisnsuch a20 m andadaily frequency suggested

by the Global Climate Observing System (GCOS) 2016 Implementatior(\RTsl® 2016)

High tenporal resolution sensorsuch agthe Moderate Resolution Imaging Spectroradiometer
(MODIS) Terra and Aqughave been used to assess water extents at dailydaylfimescales
(BergéNguyen and Crétaux 2015; Gao et al. 2012; Khandelwal et al. 2017; Klein et al. 2017;
Sun et al. 2011; Wang et al. 2014; Wang et al. 2046%) ared changesn many small water
bodies(e.g., 1050 kn? or less)andthelarge ones with irregular shapes, may not be discernible
owing tothe coarseesolution ofMODIS imagery (256600 m invisible and neaiinfrared

bands)Tao et al. 2015)Compared with MODIS, &ndsat imagerge.g., Landsat $hematic
Mapper(TM), 7 Enhanced Thematic Mapper PIETM), and 8 Operationdland Imager

(OLI)) havea much finer spatial resolution (30 m) and a nominal temporal resolution of 16 days
(or finer if multiple Landsat sensoase combined). But due to cloud contaminati@Bossow and
Schiffer 1999) thetemporal frequenciesf previous Landsabasedvatermapping are typically
much lower than the nominal resolution, and could extend to one year for lakes with prolonged

ice cove (Yao et al. 2018; Zhang et al. 201The Multispectral Instruments (MSI) onboard the
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recently launched twin satellites Sentindl @hd 2Bprovidea 16 m resolutionin visible and
nearinfrared bandsit 5 to 10-day intervas. However, their observations arerrentlylimited to
the latest years(since 2015and cannot yet considerably benefit decadalle monitoring.

In addition to the tradeoff between spatial and temporal resolutions, several other factors
challenge lgh-resolution monitoring of longerm changes in global surface water ex{&iein
et al. 2017)They include (i)intrinsic heterogeneity in spectral reflectance of water itsadf (ii)
spectral contaminations by atmosphere (clouds and aerosols), topogtatows, aquatic
vegetation, and ice/snow covefs) integration of mltiple techniquess usually requiredo
provide a robust watextractionunderthese complescenariosRecently Pekel et al. (2016)
used an extensive training dataset emehbinedexpert systems with visual anabg, to identify
the existencdabsenc®f suface watelona monthly basisor every pixelin archivalLandsat
imageryduring 19842015 The product was entitled the European Commission Joint Research
Centre(JRC)Global Surface Water dataset (hereafter referred to as GSW). Despite remarkable
achievements, GSW was based on cltred pixels, so the mapped extent of a specific water
body is only complete whethe cloud covelin amonthly-composite image is low. A followp
study byBusker et al. (201%xtractednonthlyareain 137 lakes/reservoirasinga subset of
the GSWdataset with cloud covers lower tha%. The produced areas for nearly half of the
lakes/reservoirs show correlations greater thh&nvith water levels measured by radar altimetry.
Neverthelesgemporal frequencies of the produced area time series are still limited by the
availability of cloudfree imagesand the time series discontinued after October 2015 due to the
current availabity of the GSW

A potential way to increase the temporal frequency for Larasstd lake mapping is to

estimate water areas from contaminated images, &ffected by clouds or observation gaps).
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Although these images have relatively poor quality, #mtigd lake extents exposed in them may
provide useful information to infer the complete eteRecently,Zhao and Gao (201&)pplied
monthly water mappings in the GSW dataset to produce area time series for 6817 reservoirs
documented by th&lobal Reseroir and Dam Databageehner et al. 201fyom 1984 to 2015.
Their method includes a novel recovery of full reservoir extents from partial observations due to
cloud contamination, by segmenting the pixels afex occurrencprobability provided in the
GSW. Compared tahe result oBusker et al. (2019}heir produced area time seriasreased
the number obbservation by-80%. However, dependence on thesting GSWdataset
constrairdtheir reservoirarea record® the period fromi984 to 2015andthe validation of
their recovery method was limited to nine reservoirs with-wagable water levels

Here we proposa new mapping method thaitms toproduce temporallgontinuous
inundation areas for both lakes and reservglmbally at 30m resolutio during the past nearly
three decadedrom 1992to 2018. The proposed method leverdgex spectral water indices
and usd water extentime series extracted fromgh-quality Landsat images to recover the
missingwaterareas under contaminat®nhus enabling enonthly to bimonthly monitoring
frequency closer to Landsatdéds nominal tempor a
automaticallyon the Google Earth Engiri&orelick et al. 2017)a cloudbased platform for
planetaryscalegeospatl analysis with freaccess to the entire Landsathive. To evaluate the
performance of this mapping method, we &pit to 428lakes and reservoimgorldwide
(Figure 3.1) thatcurrentlyhave timevariable water levaineasurementsy multi-mission
satllite radaraltimeters, as provided threemajor altimetry archives (see Secti®2.1). The
robustness of the method was further teste@5 water bodies (14akesand 11lreservoiry

underfive challenging scenarios. These scenarios consideredegiffeombinations of spatial

61



location, watebodytype and disturbing factorsf water mappingOur overall objectives are:

(i) to improve the temporal frequency and accuracy of-kengn water mapping using Landsat
imagery, (ii) to produce an updai®date highresolution record of global lake/reservoir area
time series (GLATS), and (iii) to suggest a generic method that can assist in temporally
continuous water area monitoring based on similar spectral or synthetic aperture radar (SAR)

images.
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Figure 3.1 Distribution of 428 water bodies worldwide (223 lakes and 205 reservoirs) that are used for evaluating the proposed
water mapping method. Robustness of the method was further tested 25 water bodies (14 lakes and 11 reservoirs,
highlighted by red circles) under various scenarios (refer to Section 3.3.2 and Table 3.2).
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3.2 Methodology

3.2.1Data
3.2.1.1Landsat images

This study used orthorectified ta-atmosphere (TOA) reflectance data (LTTgr 1
from Landsat 5 TM, 7 ETM+ and 8 OLI sensdfge opted to use the TOA data rather than
surface reflectance data, which is consistent with some existing studies on gifzlza water
extents and dynamid¢gllen and Pavelsky 2018; Donchyts et al. 2016; Pekel et al. 2016; Sheng
et al. 2016)We also compared the mapping performance using TOA data with that from surface
reflectance data, and confirmed that the latter doeleadtto evident improvement in mapping
accuracy or temporal coverage (seeuFeg.2 for details).All appliedimages have 3tn spatial
resolution and were acquiredringOctoberl, 192 to October 31, 208. The period was set
with regard to the availality of the validation dataset (s&ection3.2.1.2). Different from most
existing studiegBusker et al. 2019; Sheng et al. 2016; Yang et al. 20W&agonsidered the
entire Landsat archive over the past 26 years (P893) for each of the studied 42&¢s and
reservoirs, including those with reasonable contaminations of clouds, aerosols, mountain
shadows and the ETMScan Line CorrectqiSLC) errors (more details in Secti@R.2.1).
Inclusion of contaminated images could further increase the temporal resolution of water
mapping. For water bodies in higdititude or highaltitude regions, we excluded the images
during thefreezing period considering that water extents and bamigglcan hardly be detected
whenthey wereseverelycovered by snow/icé€Cooley et al. 2017; Yao et al. 2018) (also refer to
Discussion) All used images were accessed online from the Google Earth Engine

(https://earthengine.google.cOm
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Figure 3.2 Comparison of the performances of the proposed method on top of atmosphere
(TOA) images vs surface reflectance (SR) images for 50 randomly selected water bodjak.

Area-l evel rank correlation (Spearmandés rho).

time series. (c) The number of Landsat scenes in the Tier 1 collection. The results show that
using SR imagery, the strength of aredevel correlations is not improvel (Figure 3.23), and

the temporal coverage of area time series is lower (FiguB2b), partially owing to fewer
Landsat scenes compared with TOA images (Figur@.29.

3.2.1.2Altimetry levels
As part of the validation procedure, we compared our prodakeleservoir areime

serieswith water levels measured by satellite radar altimeters. Level time series were acquired

from three major altimetry archives including the Hydrowettp(//hydroweb.theidand.fr)
(Crétaux et al. 2011)he Global Reservoir and Lake Monitor datab&@SeREALM;

https://ipad.fas.usda.gov/cropexplorer/global_reseyyBirkett et al.2011) and the Database
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for Hydrological Time Series of Inlant/aters(DAHITI; https://dahiti.dgfi.tum.de/gn

(Schwatke et al. 2015)Vhile mostleveltime series in Hydroweb and DAHITI wepeocessed

from multi-mission altimetry measurements at a (ymonthly basis, GREALM implemented a
more frequent but less accurate Interim Geophysical Data Record (IGDR) altimeter to produce
10-day level productéBirkett et al. 2011)Thus, levels from Hydroweb and DAHIWere

prioritized here. If a laker reservoihas level products froimoth Hydroweb and DAHITI, the
longer record was usedlypically, the accuracy of radar altimetry levels ranfyemn a few
centimeters (e.gfpr large lakes and reservaite severatlecimeters(e.g., for smalbr narrow

water bodies(Crétaux et al. 2016)
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Figure 3.3 Schematic workflow of the proposed water mapping and recovery method.

We follow the schematidlowchart in Figure 3.3 to demonstrate the procedure of
mapping and recovering water areas for each studied lake/resenlwief, our method started
with maximizing the proportion of available higjuality observations, by masking cloud and
terrain shadow contaminations in individual Landsat scenes and then mosaicking them to
monthly composite imagery (Secti@2.2.1).Next, the initial water extent from each composite
image was optimizedy comparinghe mapping resultsf six water indicegSection3.2.2.2)

Remnant mapping errors ihd initial water extents frofnoth good(contaminatioAree)and
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contaminate@ompositamages werdurther reduced bgrefining process (Sectidi2.2.3)
Then thecompletewaterarea for the partiallaketeservoirextens affected by cloud and SI-C
error contaminationsyererecovered byhe completewaterextents(isobaths) mappefiom
good imageg¢Section3.2.2.4). Finally, complete wateareas bothdirectly mappedrom good
imagesandrecovered fronbadimageswerecombinedto construct the area time seriBgtails
of each step arelaboratedelow.
3.2.2.1Compositing monthly images

We applied th&impleCloudScoralgorithm provided in the Google Earth Engine to
mask cloud covers in thedividual TOA reflectance images acquired by Landsat 5 TM, 7
ETM+ and 8 OLI sensor3.he SimpleChouldScoralgorithm is a widelyused thresholding
method for detecting clouds in Landsat TOA imag@&gnchyts et al. 2016; Gorelick et al.
2017; Wang et al. 2017a; Wayd et al. 2018)The detection was based onihe i mpl-e ¢l oud
I i kel i honichisdeteomineddy combination obrightness, temperature and
Normalized Difference Snow Ind€NDSI) (Gorelick et al. 2017)The brightness score reflects
that cloudsare bright in visible bands. Themperaturecore reflects that clouds have a cool
temperature measured by thermal bands. The NDSI score was used to separate clouds from
snow. We set the threshold score to be 30 according to previous refé&aoeset & 2017a;
Wayand et al. 2018nd our own visual inspections. In addition to clout#®p terrain shadows
can also contaminate the TOA reflectance, and thus were masked out from individual scenes
before the composition. We applied therBGesolutionSRTM digital elevationmodel (Farr et
al. 2007)to generate slope and hillshade at the image acquisition time using the provided solar
angles. The slope and hillshade informatiasthenused to generate mountain shadow reask

as petLi and Sheng (2012)he masked TOAmages were then mosaicked using medialue
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composite on a monthly bagisring our study period (Octobgr1992to October 312018)
The monthly composite images, by combining ckbiee pixels in multiple scenes, improved the
overallproportion for highquality observationdMasked pixels that remain in each composite
i mage are hereafter referred to as fAcontamina
deep mountain shadows, and missing observations such as due to the SLC error
3.2.2.2Extracting initial water extents

For each laker reservoir,ts timevariablewater areas were extractedm a fixed
region of interest (ROI) on the monthly TOA composite images. The ROl was defiaed as
buffer region that contains a referenextent of thisvaterbodyasdepicted in the circ2000
global lake inventorySheng et al. 2016YVe set this ROI to be roughly double to triple the size
of the reference extent in order to fully encompass the largest possible inundation extent of this
water body during the study period. We also ensured that other major water bodies except the
studied one were excluded from the ROI. To optimize the accuracy of water extraetion, w
consideredsix commonly appliedvater indicesncluding the Normalized Diierence Water
Index (NDWI) (McFeeters 1996the Modified Normalized Difference Water IndéANDWI)
(Xu 2006) the High Resolution Water IndéldRWI) (Yao et al. 2015)the 2015 Watelndex
(WI2015) (Fisher et al. 2016and two Automatic Water Extractidndices AWElnshand

AWElIsh) (Feyisa et al. 2014petailed index configurations are given in TaBle.
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Table 3.1 Six water indices considered for initial water extent extraction

Water index Reference Configuration
NDWI McFeeters (1996) (GINIR)/(G+NIR)
MNDWI Xu (2006) (G-SWIR1)/(G+SWIR1)
AWE | nsh Feyisa et al (2014) 4%(G-SWIR1)-(0.25xNIR+2.75xSWIR1)
AWEIsh Feyisa et al (2014) B+2.5xG1.5%(NIR+SWIR1)-0.25xSWIR2
HRWI Yao et al (2015) 6xGT R-6.5NIR+ 0.2
WI2015 Fisher et al (2016) 1.7204+171xG+3xH0XNIR-45xSWIR171xSWIR2

Not e: B, G, R, NI R, SWI R1, SWI R2 represent
wave infrared 1, and shewntave infrared 2 bands, respectively.

For eachlake/reservoiwith altimetrylevels the available water levels were applied to
identify the besperforming water indexOn typical conditions,dkeinundation areas are
positively correlated to watdevels, andthis correlation would decreasettie mappingrror
increass. Therefore, the strength of correlation to water Iehere measureesSp e ar man o6 s
rank correlatior(Lyerly 1952) was used toank the performance of different water indices. For
high-quality composite image(here defined as5% contaminationsvithin the ROI, thereafter
i g oodndhges), each of the six indices was employed to extraotsets ofvaterarea time
series within the ROI, onat a default thresholdhére defined as)@ndthe other aadaptive
threshold. We consided adaptive thresholds to segment water and land pixels because default
thresholds may not always yield satisfactory water extraction due to various image qualities
(presencef aerosols, water vapor, water turbidity, minenadl chlorophyll contestand
surrounding settings across space and ({lthand Sheng 2012; Sheng et al. 2016; Wang et al.

2014) The adaptive thresholds wetetermined by the Otéus  m gtsi I®Pusing the

70

L a



pixels of each monthly composite image within the ROI, so the threshaldomatically

adapted to the spectral condition for each month (see Li and Sheng (2012) for déiiils).
generated 18ets ofwaterarea time series for this lake/reservdineset of water areas that
exhibitthe strongestorrelation towvaterlevels, were used as the initi@xtents of this
lake/reservoirPreliminary tests on 86 randomly selected lakes/reservoirs with altimetry levels
confirm that the water areas optimized by the consideration of multiple indices yield a higher
average accuracy thémose produced by any one of the six indices at either default or adaptive
thresholdsKigure 34). Forcontaminatedmages (>=5% contaminations within the ROQI

t her e a bimage), adaptimedhreshadan besensitive to the disturbance of clouds and
cloudshadowgFisher 2014)Therefore, the initidlake/reservoir extestweregenerated by the
selected begterforming index at the default threshold.

For the purpose of method validation (Sectah4), all 428lakes/reservoirs in this study
have afimetry levelmeasurements. Howevéhe rationale of the abowedex selection can be
similarly applied to watebodies without level measurements. A feasible solution is to replace
the numeric levels by an ordinal sequence of water levels inferredHeopositions of the
mapped shorelines. This is based on the fact that rising and falling shorelines of a lentic water
body constitute a set of elevatimobatts (contours). If a water index is effective, the mapped
waterarea is expected to increase asisbbathexpands outward. The correlation betweeter
area andshorelineordeis would decrease if the index introduces more omissi@ommission
errors (as illustrated iRigure 3.%). For this reason, the optimal ind@{utioncan be
determined athe one yielding thetrongestank correlation between the mapped lake saed

shoreline ordex
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Figure 3.4 Comparison between initial water mappings optimized by multiple index
solutions and thosausing only one of the solutions. The comparison is based on rank
correlations (Spearmands rho) between alti met
imagery for 86 randomly sampled lakes and reservoirs. Each box and whisker diagram
represents the distibution of area-level correlations for all 86 lakes/reservoirs, where
water areas were mapped using (1) any one of the six water indices (Table 1) at either the
default threshold (0) or the adaptive thresholds (the first 12 diagrams), and (2) the areas
optimized by the bestperforming index solution for each lake/reservoir (the last diagram).
Bottom, middle, and top lines of each box illustrate the 25th, 50th (median), and 75th
percentiles, respectively. Bottom and top whiskers illustrate the 5th and 95thepcentiles,
respectively.
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3.2.2.3Refining water extents in good imagery

Despite the consideration of multiple waitgdlex solutions remnant mappingrrors
could still occur due to minor contaminations such as sporadic clouds, cloudsbadows,
and aquatic vegtation The expansion and shrinkageawater bodyis constraied by its
bathymetry, which could be usedrexuce theemnanterrors(Khandelwal et al. 2017}or a
lentic water body, the edge or shoreline of its water extent can beltesasam isobath. Amaller
waterextent which is typicallyassociated with a lownnerisobath should be contained by a
larger extent associated with a higbeterisobath The water extents/isolines were thus ranked
by their containment topology baken the overall positions of the pixels along the shorelines.
This design also reduces the influence of the shorelines that may occasionally intersect due to
mapping errors or sevehgsteresigunstable lake surfaces$jor each water extent mapped from
agood image, the two higheobatls and two lowersobatls that are closest to this extent were
used to reduceommission and omission errors. As illustrate&igure 3.3, if the mapped
extent contains an fislando \vibbatsh it$shehdwsVamd
treated as an omission error and thus corrected to water. Similarly, if this water extent has a
portionbeyondboth highersobatls, this portbn was treated as a commission error and
removed.
3.2.2.4Recovering lake areas in contaminated imagery

Although etracted shorelines fromontaminated/basinagesareincompletethe
positions of these partial shorelines stilicatea sequence in elevatioRigure 3.% and3.5c).
Following the same rationalasdescribed in Sectiod.2.2.3, if ashorelinesegment (the solid
yellow line inFigure 3.B) locatedetween a loer isobath and a higher isobdgreenand

purple inFigure 35b), we expect that the complete shoreline (the solid and dash yellow line in
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Figure 3.B) recovered from this segment will be bound/enclosed by the isobaths on both sides of
the segmentCorrespondingly, the complete waextentfor this segmenshould gso fall

between the smallextentassociated witthe lowerisobath and the largextent with the higher
isobath.The closer the bounding isobaths are, the less uncertain the recovered area is. For this
reasonthecomplete wateareaassociated with th shoreline segmectainbeestimated as an
interpolaton betweerthe areas of the minimum boundiisgbatts. Here, the minimum
boundingisobathsare defined as a pair of comple&tater shorelinemapped from good images,

which are immediatelgbove andelowthe incomplete shorelingurple and green iRigure

3.5 and3.5c) so that the interpolation uncertainty can be minimized.
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Figure 3.5 lllustration of the proposed lake/reservoir area recovery metbhd using a case
study of Walker Lake (38.70°N, 118.71°W) in Nevada, USA. (a) Refinement of lake area
extracted from good imagery. Black dash line shows the extent of this lake ROI. Small
yellow polygon represens omission errors. A total of 254 isobaths @mplete shorelines)
were mapped for this lake (see Figure 36Y), but only a few were shown in this figure for
the clarity of method illustration. (b) Recovery of partial lake area from bad imagery. (c)
Enlargement of the red box region in (b). (d) Estimabn of the full lake area from partial
lake extents.

Similar to Sectior8.2.2.3, he boundingsobathswvere first applied to remove any

mapping errorgrom the partial lak@eservoirextent Figure 3.B). Assumingthatbetween the
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bounding isobathghe variation of water aresin the goodvalid portion ofabad image is
proportional to that of their full areaBi§ure 3.49l), the full aread) associated witthe partial

extent () was recovereds.
oe— 0 w 0 [1]

Where6 and0 representhefull areas of thénigher and loweminimumboundingisobatts,
respectivelyand@® and® thepartial areas of the boundimgpbatts observed in the valid
portion of the bad imagds implied in Equation 1, our area recovery was based on a linear
interpolation between the water extents of the closest isobaths. This design enables an efficient
estimation of lake areas based on shoreline positions with evabkld accuracy (see Resllt
By using our own mapping of completgtentsisobathsthis recovery method is less dependent
on other inundation products (e.g., GSW as applied in Zhao and Gao (2018)), and thus more
generic tgpotential applications usingleersensorand forextended periods (e.g., beyond 2015)
(see Discussions). Howevdrjs worth noting that in occasional cases, incomplete shoreline
segments may go beyond the maximum (or minimum) extents mapped from available good
imagery during our sty period. If this happened, the maximum (or minimum) water extents
recorded in GSW were considered as the highest (or lowest) bounding isobaths for our
interpolation.

The full water areas, either recovefeain bad imagesr directly mapped frongood
imageswerecombinedio generate the area time series for eachegervoir Similar to Zhao
and Gao (2018), weneasuredhe improvement in temporabveragdor each time series by
fimprovementrato, defined as t he nuuiddedbyithd numberofover ed
complete areas observed in good imayés here only used imagery with effective observations

(free of clouds, terrain shadows, and SLC errors) greater than 50% within an ROI. By doing so,
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the areaof obsenationare larger tharhbse of interpolation, so the reliability of our area
recovery is better assured. Sinke aiccuracyf delineated water extents may decrease as the
cloudpercentage increasewe further excluded theanageswherecloud coverexceed0% of
the valid pixe$ (excludingno datagaps) within the ROI. This cloud coviérresholdgives a
reasonabléradeoff betweethe mapping accura@ndtheincreaseof observatiomumber(more
details in Discussions)
3.2.3Quality assurance and quality control (QA/QC)

Outliers in the produced area time series may exist due to imagery quality and
unavoidable mapping errofBekel et al. 2016; Sheng et al. 2QIK) assure the quality of our
produced time series, we visually inspected the results for each of the 428 lakesearairse

For each inspected water extent, if classification errors were substantial, the image was

reclassified by using other water indices until the satisfactory result was achieved. If none of the

water indices could achieve a reasonable accuracgrélaeoutlier was removed. A total of 289
areas were identified as outliers, accounting for 0.4% of all water areas in our produced time
series for the 428 water bodies. This low outlier occurrence suggests that our mapping and
recovery methods are reliahleder most circumstances. However, we found relatively more
outliers for six saline lakes (Lake Urmiy50°W, 37.64N), Great Salt Lake (112.57°W,
41.13N), Salton Seal(15.82°W,33.31°N), Aral Sea Easb9.82°W, 44.90N), Aral Sea West
(58.7Z2W, 45.02N), and Lake Khyargas (93.38°W9.16'N)) owing to misclassification of
salty lake bed as clouds. For these six saline lakes, we applied the proposed method on the

surface reflectance data where cloud mask appears more accurate.
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3.2.4Accuracy assessment
3.2.4.1Validation methods

We assessed our recovered lake/reservoir aréa® imspectsOneis a direct validation
against observed lake areas, andatheris a comparison with altimetmyaterlevels. For the
first validation completdake areasnaged from good imagesere used tassessherecovered
areadrom simulated partial observatisim the samemages.Specifically,we randomly selected
10 good image®or each reservoir or lake. For each image, we randamabkked a proportion
(i.e., betwen 5%50%) ofthe pixelswithin the lake/reservoiROI to simulate a partial
contamination. The remaining pixels in the ROI served as the simulated partial observation, from
which the complete water area was recovergdg the proposed methodSaction3.2.2. The
recovered areas were then compared with the actual areas dimapfhedrom good images
using linear regressionh€&slope R? value and root mean square error (RM®Ejhelinear
regressiomwere used to assess the fidelityoaf proposeanapping/recovery method.

Alternatively, he performance of the proposed method was evaluatet hypsometric
relationship between our produde#tereservoirareasand theiraltimetrywaterlevels.For each
of the 428 studied lakes/reservoirs, we ciali|d the correlation between altimetry levels and
our produced areas froboth good and bad imagemd then compared it with the ailleael
correlation usinggood imageglone The correlation wasieasuredaSpear manés r ank
correlation, giverihatlakearea and level do not necessarily follow a linear relationstigalso
assessed the change of Arelative hypsometric
Here, relative hypsometric range is definedhasdifference betweahe maximum and
minimum waterlevels that are paired with availablaterareas, divided by the full range of the

observed altimetry levelé&n increase of hypsometric rangelicatesa more complete depiction
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of the lake/reservoipathymetry, and thus improved accuracyniving water volume changes.
To further evaluateur proposed methodith recent approachese compared our results with
those oBusker et al. (2019Wwho calculated water areas for7llakegreservoirs using subset
of the GSWwaterclassificationgrom onlygoodLandsaimages. Ifany of our studied 428
lakes/reservoirss not included in their study, we applied their approach on thatdsezvoir
3.2.42 Overall accuracy

The overall accuracy of the proposed method was assessed by applying the above two
validations orall the 428akesand reservoirsvith available altimetryvaterlevels. These water
bodies have a diverse range of size faiyout2 km? to 82,000km? (Shenget al. 2016andare
located in various geographic and climatic zor{fegyure 3.1).
3.2.43 Robustness

We further evaluated the proposed methgdesting its robustness on 25 out of the 428
lakes/reservoirs that represent faeenariosvith regard tospatial location, lake typand
mappingdifficulty. Thesefive scenarios include fluvial lakes in the Amazwmsin, reservoirs in
(sub)tropicalindia, lakes and reservoirs in High Mountain Assaline lakes in western United
States, and highatitude l&es innorthwesterrRussia(dotshighlighted by red circlem Figure
3.1). These scenariaover a wide range afisturbing factordor water mappingsuch asloud
and cloud shadow contaminations (particularly in humid regj@oshplicatecshoreline
geometriege.g., dendritic reservoir shapg®rrain shadows (e.g., in mountainous regionig
mineral concentratian(e.g., in saline lakesgndsnowice covers (e.g., in highatitude lakes)In
order to objectively evaluate the mapping robustribsse 25 lakes/reservoirs were sampled

among some of the most challenging examples for each scenario.
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3.3Results

3.3.10verall performance of the proposed method
3.3.1.1Accuracy of water area recovery

The recovered lakeeservoirareas from simulatepartial observations agree well with
the actuahreas observed from good images. frfean relativd)RMSEis only 2.2%, and the
slope and Rvalues of the linear fitting between simulations and observations both approach 1
(Figure 3.@). As further summazied inFigure 3.®, R? values for each of the 428 studied
lakes/reservoirs reach a median valu@.68, with over 75% of them above 0.90eToffset in
slopeamong the lakes/reservoirs2%, where over 90% of them are within £10Phe medan
relativeRMSE is only 0.3%, with over 75% of them below 1%. These resudfgesthat our

proposed area recovery metheaverall reliable
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Figure 3.6 Validation of recovered lake/reservoir areas from simulatedcontaminations on
good images. (a) Overall agreement for all lakes/reservoirs. Different colors represent each
of the 428 lakes/reservoirs. A total of 4, 280 validation samples is shown. (b) Agreements
for individual lakes/reservoirs. The box and whisker dagrams summarize the fitting R2

and slopes between recovered and observed areas of each of the 428 lakes/reservoirs.
Statistical interpretation of the box and whisker diagrams is as in Figure &.

3.3.1.2Correlation with altimetry water levels

Among he 428 lakes and reservoirsetipper quartilemedianand lower quartile of the
correlation (P e a r ma)rbétweenrmeasured altimetry levels and mapped/recovered water
areadrom both good and bad imagaee 0.94, 0.79 and 0.44, respectivdlieseare
comparable to the ardavel correlations by using good images alone (upper quartile, median,
lower quartileare 0.95, 0.80 and 0.4iespectively (Figure 3.4). Formore than 80%f the

lakegreservoirs adding recovered water areas from bad imagedegdebmparable or improved
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arealevel correlations [figure 3.&). Thiswas partially owing tdheincreasedrealevel pairs
andthus a more completepresentation dheir covariationHowever, a few lakéseservoirs
(12%, red dots irFigure 3.8&) showsome degree adecrease iarealevel correlation
(Spearmands r ho r e dhisevasdrimarily affectedl bydow areawariaipns
(<2%) and mapping challenges posed by snow and ice iddtigide or altitude regionsee
Figure 3.& and Sectin3.3.25). Compared witlthe GSWbased estimate using good imagery
only (Busker et al. 2019pur medianarealevel correlationwas improvedrom 0.64to0 0.79, and
the interquartile range (i.e., interval between 25 to 75 percentiles) of thieaeeaorelations

reduced fran 0.64 t00.50(Figure 3.3).
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Figure 3.7 Evaluation of the proposed lake/reservoir mapping method by altimetry water

|l evels. (a) Comparison of rank correlations
water areas estimated from good images alone (this study), both good and bad images (this
study), and the study of Busker et al. (2019) using a subset of GSW water mappings based

on good images. (b) Comparison of monthly coverages among the three results (as in a).
Values indicate the number of months with available mapping as a fraction of thetal

number of months during the study period (19922018). (c) Comparison of relative

hypsometric ranges among the three results (as in a). Each box and whisker diagram
summarizes the distribution of the results from each of the 428 studied lakes and

reservoirs. Statistical interpretation of the diagrams is as in Figure 3L
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3.3.1.3Improvements of temporal coverage and hypsometric range

Includingrecoveredakereservoirareas froncontaminatedmages increasithe average
monthly coverageuring our study period (1992018)from 37% to50%, achievingamean
improvement ratio o3% (Figure 3. and3.8b). Particularly, high improvement ratios (e.g.,
>50%) generally occur in tropical and subpical regions where clouzbversarehigh (Figure
3.8). Compared witla GSWbased estimate using good imagery dBlysker et al. 2019pur
monthly coverage during the overlapping period (Oct 1982 2015)increass substantiallyby
an average of8% (Figure 3.D).

In addition totheimprovedtemporal coverag®ur recovered water areas from bad
images also incread¢he ranges athe hypsometric curvegrealevel relationshipsjFigure
3.7c). For the studied 428 lakes/reservoirgrenthan half of thie hypsometric curvesow cover
at leas95% ofthelevel variations observed by altimetry satellitds.previously stated,
extended hypsometric curves better representalkedreservoibathymetric informatiopand

thusallow for moreaccurate estimates of lake volume variati@ietaux et al2016)
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Figure 3.8 Impacts of water area recovery from contaminated imagery on areéevel

correlations and temporal coverage for the studied 428 lakes/reservoirs. (a) Changes in
arealevel (A-L)correlat i on (i n Spearmands rho). Values
including recovery subtracted by correlations after including recovery. (b) Improvement of
temporal coverage at monthly timescale (in %).
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3.3.2Robustness under different scenarios
3.3.2.1Fluvial lakes in the Amazon

Fluvial lakes areisually shallow freskwvaterbodiesformed on floodplains and deltas by
fluvial processegCohen 2003)Water levels in fluvial lakes are often influencedlihy stage of
the connectedvers, which leads to ghly dynamic inundation areas in these lakes (Wang et al.
2017b) Increasinghe mappindgrequencyfor fluvial lakes is significant to the monitoring of
freshwater availability and potential flood managements, particularly in humid regions.
However,high-frequencymappingof fluvial lakesis notoriously difficult due to enduring and
frequent cloud covelis humid regions, such as the Amaz8wo for our first scenarioivie
fluvial lakes inthe Amazon Basitwith sizes in between ~100000km? (Table 3.2)were
selected to evaluate the performancewfproposednapping method

As shown inFigure 3.9, lake areas recovered from simulated contaminations are
generally consistent with the actual areas, with a negligible relative error of 1.1%. The combined
waterarea time serielsom both good and bad imagesproved themappingfrequencyfor
nearly all of thes@luvial lakes (except for Amana) tobi-monthlylevel (Table 3.2; Figre
3.10). Such an improved temporal frequeneyeat new details othe seasonatycles of these
fluvial lakes(Figure 3.10.

The combined area time series (from both good and bad imagjesye fairlystrong
correlationswith altimetry levels § p e a r mabet@&eer0.78amd0.95, which are highly
comparable to tharealevel correltionsusing good images alon8 p e a r mabet@eer0.82h o
and 0.9% (Table 2 andrigure 3.10. This is further illustrated in the example for Lake Badajos
(Figure 3.1) that shows the water extents extracted from a good image and a bad image of

roughly eyual water levels. The water extent from the bad image (Figutd)3slincomplete
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due to contaminations by both sporadic clouds and the ETM+ SLC error (the linear strips). As a
result, the extracted water extent is 0856 of that extracted from the gdomage (Figure

3.11b). But after our area recovery, the estimated full lake area for the bad image matches 98%
of the area in the good image. The above results indicate that our area recovery method
substantially improves the monitoring frequency for ¢éiihgvial lakes, without a significant

sacrifice of the mapping accuracy.
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Figure 3.9 Validation of recovered lake/reservoir areas from simulated contaminations on good images for differestenarios.
(a) Five fluvial lakes in the Amazon basin. (b) Six reservoirs in India. (c) Five lakes and reservoirs in High Mountain Asial)
Four saline lakes in western United States. (e) Five hightitude lakes in northwestern Russia.
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Figure 3.10 Produced water area time series for five fluvial lakes in the Amazon and their

Water level (m}

relationships with altimetry water levels. (a}(b) Lake Aiapua. (c)}(d) Lake Amana. (e}(f)

Lake Badajos. (g}(h) Lake Biarim. (i)-(j) Lake Coari. Refer to Table 2 for their geographic

coordinates. Area time series are shown in the left panel, while hypsometric (arbzvel)

relationships in the right panel. Lake areas mapped from good imagery are shown in blue

circles,and areas recovered from contaminated (bad) images in red circles.
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a 63°0'0"W 62°40'0"W

Figure 3.11 Comparison between extracted water extents for Lake Badajg8.24°S,

62.78°W) under nearly equal levels from good and contaminated images. (a) Good image in
July 2009 (cloud cover: 0.5%, water level: 30.73 m). (b) Extracted water extent of (a). (c)
Contaminated image in June, 2014 (cloud/SL<rror cover: 15%, water level: 30.57 m). (d)
Extracted partial water extent of (c). Landsat images are displayed in conventional false
color composite (neatinfrared, red, and green as RGB). Contaminations are masked in
black and regions beyond the lake ROI is masked in transpant grey (same for Figures.

3.12, 3.14, 3.16, and 3.18). The recovered area (i.e., 268.1 km2) of (d) is close to the area
(274.6 km2) of (b).
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Table 3.2 Summary of monthly area coverages and arekevelc or r el ati ons ( Spear
rho) for the selected 25 lakes and reservoir under different scenarios

Monthly area coverage AL correlation
rho)
Good Good GSW Good Good GSW
Name Type Area Ccv images and (Good images andbad (Good
(Location) (km?) (%) bad images) images  images)
images
Fluvial lakes in the Amazon Basin
Aiapua @.44°S,62.16°W) lake 234 34.98 0.31 0.52 0.22 0.82 0.84 0.80
Amana @.56°S,64.69°W) lake 152 9.13 0.22 0.40 0.16 0.84 0.78 0.65
Badajos 8.24°S,62.78W) lake 274 16.53 0.27 0.50 0.17 0.95 0.95 0.88
Biarim (3.50°S,63.32°W) lake 407 22.26 0.32 0.51 0.20 0.85 0.87 0.83
Coari 4.09°S,63.36W) lake 862 17.26 0.30 0.51 0.17 0.85 0.83 0.85
Mean 386 20.03 0.28 0.49 0.18 0.86 0.85 0.80
Reservoirs in India
Bansagar (24.11°N81.08°B reservoir 137 71.62 0.54 0.65 0.41 1.00 1.00 0.99
Gandhisagar24.44°N 75.50°H reservoir 421 48.02 0.57 0.73 0.43 0.99 0.99 0.98
Indrawati (19.24°N\82.83°E) reservoir 108 46.89 0.53 0.63 0.34 0.96 0.96 0.95
Srisailam 16.00°N 78.29°B reservoir 507 61.18 0.36 0.56 0.25 0.97 0.97 0.97
Ujani (18.21°N 75.01°B reservoir 215 19.93 0.49 0.66 0.35 0.85 0.87 0.84
Ukai (21.35°N 73.81°F) reservoir 469 22.54 0.50 0.72 0.36 0.93 0.93 0.93
Mean 310 45.03 0.50 0.66 0.36 0.95 0.95 0.94
Water bodies in HigiMountainAsia
Bears 82.00°N 76.03°B reservoir 179 26.00 0.50 0.70 0.31 0.94 0.93 0.94
Pangong (33.73°\9.29 °B lake 627 2.76 0.25 0.36 0.16 0.69 0.69 0.08
Tarbela 84.23°N 72.82°B reservoir 175 23.10 0.35 0.68 0.26 0.87 0.90 0.94
Tehri 30.41°N 78.46°B reservoir 19 73.60 0.35 0.61 0.39 0.95 0.96 0.93
Toktogulskoye24.11°N 81.08°B reservoir 224 13.12 0.28 0.41 0.26 0.99 0.99 0.96
Mean 245 27.72 0.35 0.55 0.28 0.89 0.89 0.77
Saline lakesn the Western United States
Eagle 40.64°N 120.74°W lake 102 12.87 0.59 0.65 0.45 0.95 0.95 0.96
Great Salt41.19°N 112.54°W lake 3555 16.07 0.66 0.89 0.31 0.87 0.84 0.85
Salton 33.31°N 115.82°W lake 942 3.01 0.90 0.95 0.65 0.99 0.99 0.96
Walker 38.69°N 118.71°W lake 142 7.47 0.81 0.93 0.57 0.99 0.99 0.98
Mean 1185 9.86 0.74 0.86 0.50 0.95 0.94 0.94
High-latitude lakes in northwestern Russia
Beloye 60.18°N 37.63°H lake 1187 0.65 0.25 0.29 0.16 0.54 0.56 0.27
Ladoga 60.83°N 31.48°B lake 17349 0.23 0.27 0.36 0.15 0.65 0.4 -0.08
Onega §1.79°N 35.42° lake 9531 0.22 0.28 0.35 0.14 0.03 0.03 -0.01
Sheksia 69.66°N 38.44°B reservoir 315 1.78 0.22 0.27 0.15 0.08 0.05 -0.13
Vygozero 63.58°N 34.78°5 lake 1217 0.88 0.2 0.27 0.11 0.21 0.27 0.02
Mean 5920 0.75 0.24 0.31 0.14 0.30 0.26 0.01
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Note: Vau e s 1 e feldl rApresent the average lake/reservoir area inferréebgirca2000

global lake inventorySheng et al. 2016§ C V 0
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3.3.2.2Reservoirs in (sub)tropical India

Reservoirs are artificialater impoundments on the natural rivénsprder to provide
different purposes such as hydropower generation, water supply, flood control, and navigation.
Timely monitoringof reservoir inundation extentsirmportant forlocal food security and water
managementgCrétaux et al. 2015; Zhang et al. 2014)addition tocloud contamination,
accurate detection of area changeeservoirgs challengingpecause their shorelinesea
usually underdeveloped and thus complex in geomé&lys for the second scenario, we
selected ig reservoirs with complegeometric shapes tropical/subtropicalindia (Table 2)

Areas of these reservoirs range from 108 to 507(&heng et al. 2016)

Figure 8b shows that inundation areas of the six reservoirs recovered from simulated
contaminations are highly comparable to the actual areas mapped from good images, with an
average error of 1.6% and both fitting slopes afidaRies close to Includng recoveredareas
from bad images improved the number of observaiiotise final time series by 186% (Table
2 and Figire3.12). As a result, thaverageamonthly coverage for the six reservoirs reache%66
(exceeding a bmonthly frequency)Theaccuracyof our produced time serierealso
corroboratedy the aredevel correlations (Table 2; Fige 312), which remain strong
(Spearmands rho >0.85) for all sixFartheser voi r s
Srisailam reservoir, visuahspectionon the mapped extents from two significantly contaminated
images show satisfactory results (ig3.13). After applying area recovery, recovered areas
from contaminated imagery show a similar pattern in-teal relationship as areas fromagb
imagery (Figire3.12h). The ared e v e | correlation is very high (

areas from contaminated imagery are includedu(f€ig.12h).
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Figure 3.12 Produced water area time ses for six reservoirs in India (left panel) and their
relationships with altimetry water levels (right panel). (a}(b) Reservoir Bansagar. (cXd)
Reservoir Gandhisagar. (eXf) Reservoir Indrawati. (g)-(h) Reservoir Srisailam. (i}(j)
Reservoir Ujani. (k)-(I) Reservoir Ukai. Refer to Table 3.2 for their geographic coordinates.
Reservoir areas mapped from good imagery are shown in blue circles, and areas recovered
from contaminated images in red circles.
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Figure 3.13 Extracted water extents of Srisilam reservoir (16.00°N, 78.29°E) from two
contaminated images. (a) Contaminated image in August 2016 with conventional false
color composite (cloud cover: 14%). (b) Extracted water extent df). This incomplete
extent (382.81 km2, shown here) was recovered to a full area of 413.89 km2 as in Figure
2.11g. (c) Contaminated image in September 2008 (cloud/SteCror cover: 26%). (d)
Extracted water extent of (c). This incomplete extent (419.17 knmp&vas recovered to a full
area of 539.19 km2 as in Figure 32p.

3.3.2.3Lakes and reservoirs in High Mountain Asia

Lakes and reservoirs are also common landscape features in mountain regions, and serve
as climate indicators and important water soufoethe downstream users (Nie et al., 2018;
Song et al., 2017; Yang et al., 2017). However, mountain shadows often cause commission
errors in water misclassification and impede the understanding of water area dynamics (Li and
Sheng 2012). Five lakes andeevoirs in High Asia were selected to assess the performance of
our method in mountain regions. These water bodies have various sizes ranging fromd. 9 km

627 knt (Sheng et al. 2016)

95



Figure 3.14 Produced water area time series for five water bodies in High Mountain Asia
(left panel) and their relationships with altimetry water levels (right panel). (a)(b) Lake
Bears. (c}(d) Pangong Lake. (e)f) Tarbela Lake. (g)(h) Tehri Lake. (i)-(j) Toktogulskoye.
Refer to Table 3.2 for their geographic coordinates. Reservoir areas mapped from good
imagery are shown in blue circles, and areas recovered from contaminated (bad) images in
red circles.

The produced time series well reveal the seasonality of the aratein these five

mountain lakes (Figre 3.14). Recovered water areas from contaminated images improve the
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