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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 domestic needs. Despite 

the importance of lakes and reservoirs to natural systems and human societies, their water 

storage dynamics are poorly understood on a global scale, especially in remote and harsh 

environments such as the Tibetan Plateau. The challenge has been even 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 management. Recent regional evidence has suggested that 

water-abundant regions show increasing trends in surface water extents whereas water-limited 

regions exhibit decreasing trends. However, whether this divergence also holds true for the 

storage of open water bodies 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 

lake/reservoir 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 multi-mission satellites to investigate the recent 

lake/reservoir storage dynamics and their implications for the regional 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 dominant driver? 2) Can 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 open-surface water storage exhibit a 

divergence between arid and humid regions, and if so, what does this divergence indicate for the 

global water cycle and water management?  

The above questions were addressed in three chapters. Chapter 2 provides a 

comprehensive and spatially explicit quantification of lake storage changes across the inner 

Tibetan Plateau since 2002, through a synergy of satellite imagery and freely-available digital 

elevation models. By further incorporating satellite gravity observations to a water balance 

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 improves the temporal 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 for 400+ 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 entire satellite altimetry era thus far. The finding confirms a multi-decadal divergence in 

global open-surface water storage between endorheic (arid/semiarid) and exorheic (more humid) 

regions. This divergence indicates an amplified contrast between fresh and saline water 

abundance, and was partially 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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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 domestic needs. Despite 

the importance of lakes and reservoirs to natural systems and human societies, their water 

storage dynamics are poorly understood on a global scale, especially in remote and harsh 

environments such as the Tibetan Plateau. The challenge has been even 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 management. Recent regional evidence has suggested that 

water-abundant regions show increasing trends in surface water extents whereas water-limited 

regions exhibit decreasing trends. However, whether this divergence also holds true for the 

storage of open water bodies 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 

lake/reservoir 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 multi-mission satellites to investigate the recent 

lake/reservoir storage dynamics and their implications for the regional 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 dominant driver? 2) Can 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 open-surface water storage exhibit a 

divergence between arid and humid regions, and if so, what does this divergence indicate for the 

global water cycle and water management?  

The above questions were addressed in three chapters. Chapter 2 provides a  

comprehensive and spatially explicit quantification of lake storage changes across the inner 

Tibetan Plateau since 2002, through a synergy of satellite imagery and freely-available digital 

elevation models. By further incorporating satellite gravity observations to a water balance 

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 improves the temporal 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 for 400+ 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 entire satellite altimetry era thus far. The finding confirms a multi-decadal divergence in 

global open-surface water storage between endorheic (arid/semiarid) and exorheic (more humid) 

regions. This divergence indicates an amplified contrast between fresh and saline water 

abundance, and was partially 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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Chapter 1 - Introduction 

1.1 Overview 

Lakes are depressions on land surface that hold standing or slowly flowing water 

permanently, seasonally or ephemerally (Hutchinson 1957; Williamson et al. 2009). Covering 

~3% of global land area (Figure 1.1), lakes are important components of the hydrological and 

biogeochemical cycles (Bastviken et al. 2011; Müller Schmied et al. 2014; Oki and Kanae 2006). 

They store the largest proportion of liquid water on Earthôs land surface and constitute millions 

of unique aquatic ecosystems worldwide (Messager et al. 2016). Due to their physical abundance 

and easy (open-surface) accessibility, lakes and reservoirs serve as one of the major water 

supplies (along with river discharge and groundwater) globally (Alsdorf et al. 2007). In addition 

to water supply, they provide ecological, economic and sociological benefits, including the 

cycling of carbon, 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 (McIntyre et al. 2016), sand and mineral extraction (Bioeconomics 2012; Lai 

et al. 2014), energy generation (Conway et al. 2017), and many recreational services (e.g., 

swimming, boating, birdwatching, and ice skating) (Brammer et al. 2015; Polunin 2008).  

Lakes are sentinels of climate change (Schindler 2009; Sheng and Yao 2009; Williamson 

et al. 2009). Several variables of lakes have been identified as essential climate variables 

(ECVs), including lake level, water extent, lake surface water temperature, lake ice thickness, 

lake ice cover, and lake 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 hydroclimate (Williamson et al. 2009). Existing studies have revealed that warming 
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has resulted in increasing lake surface temperatures, expanding lake phytoplankton blooms, 

decreasing ice covers, and changing mixing regimes (Ho et al. 2019; O'Reilly et al. 2015; 

Sharma et al. 2019; Woolway and Merchant 2019), posing significant stresses on water quality. 

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

2002), the precipitation and river discharge that feed lakes and reservoirs are being increasingly 

variable (Rodell et al. 2018; Syed et al. 2010). Regional evidence has shown dramatic changes in 

water quantity (e.g., area and storage) in lakes and reservoirs, particularly in regions that are the 

most vulnerable to climate change, such as arctic, alpine, and arid/semiarid regions (Crétaux 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 reservoirs; increasing 

anthropogenic stress on these aquatic systems is also evident. The human water use has doubled 

over the past 50 years (Wada et al. 2011). To meet the ever-growing water demand, two-thirds of 

the global rivers are regulated by dams (Grill et al. 2019), but four billion people are still 

suffering water shortage for one month or more annually (Mekonnen and Hoekstra 2016). Global 

population is projected to increase by another 40% in 2050, requiring 11% more water from 

reservoirs (Bruinsma 2009; Lehner et al. 2011). Unsustainable water withdrawal and recent long-

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 regions (Hassanzadeh et al. 2012; Hoerling 

et al. 2014; Wang et al. 2018; Wurtsbaugh et al. 2017), which caused environmental degradation, 

human health problems (e.g., dust storm owing to exposed saline lakebed), food and energy 

shortages. By contrast, precipitation extremes have triggered dozens of dam failures per year 

(Vahedifard et al. 2017), threatening human life and property and flooding croplands 

downstream. Therefore, an improved understanding of the changing water storage in global lakes 



3 

and reservoirs is crucial for predicting regional food yields, hydropower production, and human 

and ecosystem health (Conway et al. 2017; Gernaat et al. 2017; Griffin and Kellogg 2004; 

Hassanzadeh et al. 2012; Micklin 1988; Wurtsbaugh et al. 2017). An improved monitoring of 

lake/reservoir storage dynamics also serves as a fundamental basis for formulating sustainable 

water managements and migrating climate impacts on surface water (Crétaux et al. 2015; Gao et 

al. 2012; Ho et al. 2017).  
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Figure 1.1 Global distribution of lakes and reservoirs in circa 2000 (source: Meng 2019; Wang et al. 2015). Lakes and 

reservoir shown here include perennial water bodies larger than 0.4 ha (excluding river channels), mapped from circa-2000 

Landsat images (Sheng et al. 2016). 
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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 sociologically), their water storage is poorly 

monitored at large geographical scales, especially in remote regions (e.g., Tibetan Plateau), due 

to limited gauging networks (Calmant et al. 2008). Consequently, spatial and temporal variations 

of lake/reservoir water storage and their implications for regional and global water cycles remain 

less understood (Biancamaria et al. 2016). Nevertheless, satellite remote sensing provides new 

opportunities for measuring lake water storage changes. Changes in lake water storage can be 

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 days (Crétaux et al. 2011). These radar 

altimeters provided level measurements from space with decimeter accuracy, making accurate 

assessments of storage variations possible (Gao et al. 2012). Owing to the coarse footprints 

(typically 10 km or so) and large inter-track distance (>70 km), only large water bodies (e.g., 

>10-50 km2) could be effectively observed by the past and current satellite radar altimeters. The 

lidar/laser altimeters ICESat (Ice, Cloud, and land Elevation Satellite) provide elevation 

measurements at a finer footprint (70m). Thus, it can be applied to measure water level for 

smaller water bodies (Song et al. 2013; Zhang et al. 2017). However, its short duration (2003-

2009) and long revisit time (~90 days) may introduce large uncertainty for the estimation of 

long-term water level trends (Crétaux et al. 2016). Due to similar limitations, the follow-up 

generation ICESat-2, launched in 2018, has not been able to substantially benefit long-term 

water level monitoring. Therefore, long-term water level records have been mainly derived from 

radar altimeters. Several databases, including Hydroweb (Crétaux et al. 2011), Global Reservoir 
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and Lake Monitor (G-REALM) (Birkett et al. 2011), and the Database for Hydrological Time 

Series of Inland Waters (DAHITI) (Schwatke et al. 2015), provide level variations for about six 

hundred large lakes and reservoirs globally, processed from the constellation of existing satellite 

radar altimeters. Although these databases combined consecutive altimeter missions (since 

1992), their level records have inconsistent temporal coverages that vary from one to two and 

half decades (Birkett et al. 2011; Crétaux et al. 2011; Schwatke et al. 2015). 
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Table 1.1 Summary of major existing lake storage studies on the Tibetan Plateau 

 

Study Number of 

studied lakes 

Monitoring Methods Duration  Temporal/spatial 

resolutions 

Main conclusions Main limitations  

(Zhang et al. 

2011) 

1 (Nam Co) Landsat, CBERS, HJ-

1A/1B, and 

bathymetric survey 

1976-2009 Monthly to a few 

years / 30-64m 

Lake water storage increased. 

Increased precipitation and 

runoff from glacier retreat 

contributed to lake expansion. 

Limited number of studied 

lakes 

(Lei et al. 

2013) 

6 Landsat and In Situ 

Measurements 

1976-2010 1-15 years / 30m Storage in six major lakes in the 

central Tibetan Plateau 

increased, which was caused by 

increased precipitation and 

runoff and decreased 

evaporation. 

Limited number of studied 

lakes; low temporal 

resolution 

(Song et al. 

2013) 

30 ICESat and Landsat 1970s-2011 1-2 decades / 30m Lake water storage increased by 

92 Gt from 1970s to 2011. 

Limited number of studied 

lakes; low temporal 

resolution; lacking 

examination of the driving 

mechanisms  

(Yang et al. 

2016) 

114 Digital elevation 

model (SRTM DEM) 

and LANDSAT 

1976-2013 5-15 years / 30m Lake water storage increased by 

103 Gt during 1976-2013. 

Limited number of studied 

lakes; low temporal 

resolution; lacking 

examination of the driving 

mechanism 

(Zhang et al. 

2017) 

68 ICESat and Landsat 1970sï2015 1-15 years / 30m Lake water storage increased. 

The net precipitation dominated 

the lake storage variations. 

Limited number of studied 

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

 

Study Number of 

studied water 

bodies 

Monitoring m ethods Duration  Temporal/Spatial 

resolutions 

Main conclusions Main limitations  

(Gao et al. 

2012) 

34 MODIS and radar 

altimetry 

1992-2010 16-day / 250m Reservoir storage changes can be 

estimated using satellites alone; 

Mean absolute error is about 4% 

Limited number of studied 

lakes; lacking scientific 

investigations at global or 

continental scales 

(Crétaux et al. 

2016) 

~100  Landsat, MODIS, and 

radar altimetry 

1992-now Sub-monthly to 

several years / 30-

250m 

Lakes show different responses 

to climate change; understanding 

climate impacts on lake water 

budgets requires long-term 

monitoring of lake volume.  

Limited number of studied 

lakes; low temporal 

resolution; lacking scientific 

investigations at global or 

continental scales 

(Wang et al. 

2018) 

144 Landsat, MODIS, and 

radar altimetry 

2002-2016 Monthly to inter-

annual / 30-250m 

Widespread lake storage decline 

in endorheic regions.  

Limited number of studied 

lakes; short studied period; 

low temporal resolution for 

most studied lakes. 

(Schwatke et 

al. 2019) 

32 Landsat, Sentinel-2, and 

radar altimetry 

1984-now Sub-monthly to 

several years / 10-

30m 

A new automated method for 

constructing time-variable water 

areas using two satellite missions 

and a data gap filling technique.   

Limited number of studied 

lakes; lacking scientific 

investigations at global or 

continental scales 

(Busker et al. 

2019) 

137 Landsat-based inundation 

areas, radar altimetry  

1984-now Sub-monthly to 

several years / 

30m 

42% of studied lakes have strong 

area-level correlations. Validated 

by 18 lakes with in-situ 

measurements, the mean relative 

error is 7.42% 

Limited number of studied 

lakes; low temporal 

resolution; lacking scientific 

investigations at global or 

continental scales 
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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., 1 day) Moderate Resolution Imaging Spectroradiometer (MODIS) imagery (Gao 

et al. 2012; Tong et al. 2016). However, many lakes and reservoirs (even for large ones) have 

minor changes around their shores, which may not be discernible owing to the coarse resolution 

of MODIS imagery (250-500 m in visual and near-infrared 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 and 7, are combined). But 

due to frequent cloud covers (Rossow and Schiffer 1999), recent Landsat-based 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 years (Donchyts 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. 2018). Compared with large water bodies, monitoring smaller lakes is even more 

challenging due to lacking water level data (Biancamaria 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 remote and harsh regions such as the 

Tibetan Plateau (Table 1.1). The Tibetan Plateau is home to more than one thousand alpine lakes 

larger than 1 km2 (Messager et al. 2016; Zhang et al. 2014), but existing approaches for 

estimating volume variations across the Tibetan Plateau are restricted to a limited number of 

lakes or multi-year to decadal temporal frequencies (Table 1.1) (Crétaux et al. 2016; Lei et al. 

2013; Song et al. 2013; Yang et al. 2016; Zhang et al. 2017). For example, Yang et al. (2016) 

estimated volume variations in 114 lakes at 5 to 14-year intervals during 1976-2013, but 
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included only three discreet years (2000, 2005 and 2013) after 2000. Lake dynamics vary across 

the Tibetan Plateau and exhibit different changing rates during different periods (Crétaux et al. 

2016). Particularly, in the past few years (e.g., 2013-2015), expansions of many Tibetan lakes 

have been decelerated or partially reversed (Yang et al. 2017; Zhang et al. 2017), which suggests 

the necessity of a continuous, long-term monitoring of their volume variations. Globally, storage 

in lakes and reservoirs is poorly monitored (Table 1.2), even only for the ~400 largest lakes and 

reservoirs greater than 500 km2 (Messager et al. 2016; Walter 2018). Gao et al. (2012) used radar 

altimetry and MOIDS data to estimate storage variations in only dozens of large reservoirs 

worldwide in a 16-day interval from 1992 to 2010. Crétaux et al. (2016) provided storage 

variations for about one hundred lakes by combining satellite imagery and radar altimetry, but 

the generated storage time series have inconsistent durations that vary from a few years to more 

than two decades. More recently, Busker et al. (2019) combined historical water extents 

delineated from Landsat imagery by Pekel et al. (2016) with radar altimetry to construct storage 

time series during 1984 to 2015 for 137 lakes. However, temporal frequencies of the produced 

area time series are still limited by the availability of cloud-free images. These limitations 

prevent these studies from revealing scientific findings on the global scale. Therefore, advanced 

algorithms are needed to leverage information acquired by different satellite missions to 

accurately assess storage changes at fine spatial and temporal scales (Crétaux et al. 2016).  

The existing assessments of recent changes in surface water area show notable patterns 

(Donchyts et al. 2016; Pekel et al. 2016; Zou et al. 2018). At the contiguous United States, for 

example, humid regions (e.g., the Southeast and the North Great Plains) show increasing trends 

in surface water areas whereas arid and semiarid regions (e.g., the West and the southern Pacific 

region) experienced a decline in inundation areas during the past three decades (Zou et al. 2018). 
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Globally, water area losses are more concentrated than area gains, and are mainly located in the 

worldôs arid and semiarid regions (Donchyts et al. 2016; Pekel et al. 2016). This contrast seems 

to reflect a hypothesized divergence in hydroclimate, the so-called ñwet-get-wetter, dry-get-

drierò pattern (Held and Soden 2006). Divergent trends in total water areas do not necessarily 

lead to a synchronous divergence in total water storage because different water bodies have 

different bathymetries (Messager et al. 2016). Whether there is a divergence in surface water 

storage trends between arid and humid regions, however, has not been examined on a global 

scale. 

 

1.3 Science questions and objectives 

The overarching goal of this dissertation is to advance the understanding of recent lake 

and reservoir storage dynamics on regional and global scales by leveraging multi-mission 

satellite data. This goal is approached by addressing three science questions: 

Science question 1: how has the lake water storage across the inner Tibetan Plateau 

changed over the recent decades and what was the dominant driver (e.g., warming or wetting)? 

Science question 2: how can we improve the methodology of water area time series 

mapping using existing remote sensing images, in order to better enable a temporarily consistent 

monitoring of water storage dynamics in the world? 

Science question 3: did the recent global open-surface water storage changes exhibit a 

divergence between endorheic (arid) and exorheic (humid) regions, and if so, what does this 

divergence indicate for the global water cycle and water resource management? 

To answer these questions, four specific objectives 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 the inner Tibetan Plateau.  

The inner Tibetan Plateau experienced widespread lake area expansion since 2000 (Song 

et al. 2014b), although the lake expansion decelerated over the recent years (e.g., 2013-2015) 

(Yang et al. 2017; Zhang et al. 2017). However, the driving mechanism of recent lake dynamics 

remains unclear. Over the recent decades, the unprecedented warming has caused significant 

glacier retreat (Lei et al. 2012; Xu et al. 2008). Influenced by strengthened westerlies through 

advection of moisture, the inner Tibetan Plateau also experienced increasing net precipitation 

(surplus between precipitation and evapotranspiration) (Gao et al. 2015). Both increasing net 

precipitation and warming-induced increasing runoff from glacier retreat contribute to lake 

expansion. However, whether the lake expansion was mainly due to warming or wetting remains 

unknown. 

Hypothesis 1: The recent lake storage changes in the inner Tibetan Plateau are dominated 

by changes in net precipitation (i.e., precipitation minus evapotranspiration) rather than 

warming-induced glacial melting and 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 area time series are essential 

for a consecutive monitoring of storage changes. However, cloud contamination often poses a 

major challenge for producing temporally continuous area time series. The temporal monitoring 

frequency could be potentially improved by using contaminated images (i.e., those affected by 
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cloud or observation gaps). However, how to accurately estimate lake areas from the poor-

quality contaminated images remains a big challenge. 

Hypothesis 2: Contaminated images can be used to increase the temporal frequency of 

water area time series without sacrificing the accuracy. 

 

Objective 3: To compare lake water storage changes between endorheic (arid) and exorheic 

(humid) basins. 

Whether the ñwet-get-wetter-dry-get-drierò pattern holds over the entire land surface is 

highly debated (Byrne and OôGorman 2015; Greve et al. 2014; Rodell et al. 2018; Zou et al. 

2018). Although global surface water area changes show a general divergence between dry and 

wet regions (Donchyts et al. 2016; Pekel et al. 2016), whether there is a divergence in surface 

water storage trends between dry and wet regions remains unknown. Divergent trends in total 

water area do not necessarily lead to a synchronous divergence in total water storage because 

different water bodies have 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 

the area increase in Lake Seling, leading to a net loss (~1000 km2) in the 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 bathymetry) in Lake Seling (Crétaux et al. 

2011; Wurtsbaugh et al. 2017). 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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Hypothesis 3: The trends in open surface water storage show a divergence in direction 

between endorheic and exorheic basins. In other words, humid exorheic regions show an 

increasing trend while arid endorheic regions exhibit a decreasing trend. 

 

Objective 4: To compare storage changes among saline lakes, freshwater lakes, and artificial 

reservoirs.  

Saline lakes are mostly found in arid regions while humid regions are dominated by 

freshwater lakes and reservoirs. According to some of the finest global lake inventories (Meng 

2019; Messager et al. 2016), saline lakes account for 44% of the total lake volume, which is 

slightly exceeded by freshwater lakes and reservoirs representing the majority 56%. If the 

hypothesized divergence in open surface water storage between arid and humid regions is true, it 

probably also leads to an amplified contrast between surface fresh and saline water abundance. 

Continued dam building in the developing world may result in an increase in global reservoir 

storage (Grill et al. 2019; Lehner et al. 2011; Walter 2018; Walter et al. 2019). Most of the 

existing studies estimated global reservoir storage changes using reported/registered reservoir 

maximum capacities and commission years (Chao et al. 2008; Wada et al. 2016). Since water 

storages in reservoirs (especially large ones) fluctuate as a result of human water regulations and 

climate variability, the static maximum capacities may not reflect an accurate estimate of the 

actual reservoir storage variations. In contrast, regional evidence of saline water storage decline 

has been seen in the desiccation of many large saline lakes (Chen et al. 2017; Hassanzadeh et al. 

2012; Wang et al. 2018; Wurtsbaugh et al. 2017), suggesting a possible net loss of global saline 

lake storage. If this decline is proved to be true, the water storage loss in saline lakes would 

signify a positive contribution to the sea level rise. This positive contribution may partially offset 
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the negative contribution from reservoir impoundments. However, to my best knowledge, no 

previous studies have provided a comparison of water storage changes among saline lakes, 

freshwater lakes and reservoirs on the global scale.       

 Hypothesis 4: The contrast between fresh and saline water abundance was amplified 

over the recent decades with a decreasing saline water storage and an increasing freshwater 

storage. Increasing freshwater storage was mainly attributed to recently filled reservoirs. The 

decreasing saline water storage largely offset the negative contribution from reservoir 

impoundments on sea level rise.  

 

1.4 Dissertation structure 

Following this Introduction Chapter, Chapter 2 focuses on a regional study that 

investigates the recent lake storage dynamics on the inner Tibetan Plateau and the link to climate 

change (Objective 1 and Science Question 1). Chapter 3 addresses the challenge in water area 

time series mapping in order to better assist the monitoring of temporarily consistent/continuous 

water storage changes (Objective 2 and Science Question 2). Chapter 4 reveals global patterns of 

lake and reservoir storage changes and their implications for the global water cycle and water 

resource management (Objective 3 & 4, and Science Question 3).  

The objective of Chapter 2 is to understand regional lake water storage changes and the 

link to climate change on the inner Tibetan Plateau. In this chapter, I integrated optical imagery 

and digital elevation models (DEMs) to uncover the fine spatial details of lake water storage 

(LWS) changes across the inner Tibetan Plateau at an annual timescale after the start of the 

current millennium (from 2002 to 2015). The lake storage trends estimated from DEM-derived 

hypsometry were validated by hypsometric information based on long-term altimetry 
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measurements. In an endorheic (hydrologically landlocked) environment such as the inner 

Tibetan Plateau, net precipitation, i.e., the residual of precipitation after evaporative loss, equals 

the changes in the terrestrial water storage, which was quantified using the gravity observations 

of the Gravity Recovery and Climate Experiment (GRACE) satellites. Integrating these 

observations into a mass balance model, the contribution of net precipitation was examined to 

test whether the recent lake water storage on the inner Tibetan Plateau was primarily driven by 

wetting or warming-induced melting runoff from the feeding glaciers. The presented research in 

this chapter has been published in Environmental Research Letters (Yao et al., 2018) 

The objective of Chapter 3 is to improve the temporal frequency of water area time series 

for global lake area mapping. This chapter introduces a novel mapping method that can produce 

temporally continuous long-term water area time series at a fine spatial resolution for lakes and 

reservoirs worldwide.  Cloud contamination often poses a major challenge for the production of 

temporally continuous time series. To overcome this challenge, a novel method was developed to 

improve the temporal frequency of usable Landsat observations for mapping lakes and 

reservoirs, by effectively recovering inundation areas from contaminated images. This method 

automated three primary steps on the cloud-based platform Google Earth Engine. It first 

leveraged multiple spectral indices to optimize water mapping from archival Landsat images 

acquired since 1992. Errors induced by minor contaminations were next corrected by the 

topology of isobaths extracted from nearly cloud-free images. The isobaths were then used to 

recover water areas under major contaminations through an efficient vector-based interpolation. 

This method was validated on 428 lakes/reservoirs worldwide that range from ~2 km2 to ~82,000 

km2 with time-variable levels measured by satellite altimeters. The robustness of this method 

was further 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, and pan-Arctic lakes with frequent snow/ice covers. 

Potential applications on other optical and SAR sensors (e.g., Sentinel-2 and the Surface Water 

and Ocean Topography (SWOT) mission) were also discussed in this chapter. The presented 

research in this chapter has been published in Remote Sensing of Environments (Yao et al., 2019)  

The objectives of Chapter 4 are 1) to compare lake water storage changes between 

endorheic (arid) and exorheic (humid) basins; 2) to reveal implications of open-surface water 

storage changes for the global water cycle and water resource management. By leveraging the 

novel water mapping method (as introduced in Chapter 3) and satellite altimetry, this chapter 

provides a comprehensive assessment of recent storage changes in major lakes and reservoirs 

worldwide. Monthly storage anomalies were estimated for more than one thousand major water 

bodies from 1992 to 2018 (i.e., the existing satellite altimetry era). The quantified lake storage 

changes were then used to test the hypothesized divergence between 1) arid and humid regions 

and 2) saline lakes and freshwater bodies. Although this dissertation does not aim to decouple the 

influences of human forces and climate change on lake storage dynamics, storage changes in 

recently filled reservoirs were isolated to facilitate the discussion of possible impacts of human 

water impoundments on the changes in freshwater abundance. Finally, given this comprehensive 

monitoring of global lake/reservoir storage dynamics, I was able to calculate a more definite 

impact of open surface water bodies on the recent sea level change.  
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Chapter 2 - Lake storage variation on the endorheic Tibetan Plateau 

and its attribution to climate change since the new millennium 

2.1 Introduction  

Lakes are important hydrological components in alpine environments, where water budgets 

are highly vulnerable to climate change (Song et al. 2014b; Williamson et al. 2009). One of the 

worldôs largest groups of alpine lakes are located in the remote Changtang Plateau (CP) (Figure 

2.1). Here, surface water is landlocked due to arid climate and topographic barriers, forming a 

cluster of endorheic basins in the northwestern Tibetan Plateau (TP). Different from other arid 

endorheic basins, the CP possesses a high lake density of 4.6% (Yang et al. 2017), accounting for 

~60% of the total lake water storage (LWS) in the entire TP (Messager et al. 2016). Under 

negligible human disturbance, these alpine lakes act as ñsentinelsò of regional climate change 

(Williamson et al. 2014). Influenced by strengthened westerlies through advection of heat and 

moisture, the CP has undergone evident wetting (Gao et al. 2015) and warming (Hansen et al. 

2010; Xu et al. 2008) during the recent decades, which posed inevitable impacts on the water 

budget in its alpine lakes (Lei et al. 2017; Liu et al. 2009).   

Using optical 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 the start of the current millennium (Lei et al. 2013; Lei et al. 2012; Song et al. 

2013, 2014a; Zhang et al. 2011; Zhang et al. 2017b; Zhou et al. 2015). However, existing 

approaches for estimating volume variations across the CP are restricted to a limited number of 

lakes or multi-year to decadal temporal frequencies (Crétaux et al. 2016; Lei et al. 2013; Song et 

al. 2013; Yang et al. 2016; Zhang et al. 2017b). For example, Zhang et al. (2017b) applied 

ICESat altimetry and satellite imagery to quantify volume variations in 68 Tibetan lakes annually 
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from 1989 to 2015. Yang et al (Yang et al. 2016) used satellite imagery and digital elevation 

model (DEM) to estimate volume variations in 114 lakes at 5 to 14-year intervals during 1976ï

2013, but included only three discrete years (2000, 2005 and 2013) after 2000. Lake dynamics 

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 reversed (Crétaux et al. 2016; Pekel et al. 2016; Yang et al. 2017; Zhang et al. 2017b), 

which suggests the necessity of a continuous, long-term monitoring of their volume variations.   

Different from water area change, volume variation is a more direct measure of the mass 

balance among water fluxes such as precipitation (P), evapotranspiration (ET), and 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: 

were the observed lake dynamics across the CP (e.g., rapid expansion from ~2000 and then 

deceleration since ~2013) predominantly driven by the net change in precipitation and 

evapotranspiration (thereafter net precipitation) or by warming-induced glacier melt or 

permafrost degradation? Recently, Zhang et al. (2017b) suggested that net precipitation is likely 

the key driver for lake volume variations on CP during 2003ï2009 (when the ICESat 

observations were available). Nevertheless, the 68 lakes they studied cover ~53% of the total 

lake area across the CP (Sheng et al. 2016), and the impact of net precipitation after 2009, 

including the period of decelerated lake expansion, remained unquantified.   

Our recent effort (Yang et al. 2017) applied multi-source satellite imagery (Landsat and 

Huanjing) to produce a detailed mapping of all lakes greater than 1 km2 (accounting for ~97% of 

the total lake area (Messager et al. 2016)) across the CP from 2009 to 2014. Despite a limited 

period, our applied mapping methods and revealed lake area dynamics (see Section 2.2.2.1) 
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provide a critical basis that allows for an extended and more thorough monitoring of LWS 

variations across the CP. Thus in this study, we synergized our recent mapping with extended 

archival imagery and existing global DEMs (SRTM DEM (Survey) and ASTER GDEM (Team 

2009)) to estimate water storage variations in the 871 lakes greater than 1 km2 across 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 climate-sensitive TP. Calculated LWS 

changes were next validated against the estimates derived from long-term radar altimetry, and 

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

and Climate Experiment (GRACE) satellites to test the hypothesis that ñnet precipitation is the 

dominant driver for the recent lake dynamics across the CPò. Our goal is to further eliminate the 

uncertainty in net LWS changes and improve our understanding of the recent and ongoing 

climate impacts on surface water budgets in the endorheic Tibet.  
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Figure 2.1 Studied alpine lakes across the Changtang Plateau (CP), a total area of ~700 

thousand km2 in the northwestern Tibetan Plateau (TP), home to 396 endorheic basins. 

 

2.2 Methods 

2.2.1 Monitoring lake water storage (LWS) variations  

We calculated the annual time series of water storage variation for each studied lake from 

2002 to 2015 through a synergy of water area changes mapped from satellite imagery and 

bathymetric information retrieved from freely-available DEMs. Detailed methods are explained 

below.  

2.2.1.1 Mapping lake area dynamics  
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Imagery from the Landsat archive (5, 7 and 8; 16-day repeat cycle) and Chinaôs Huanjing 

satellites (1A and 1B; 2-day repeat cycle) were combined to improve the temporal coverage of 

cloud-free observations through data blending and fusion. All imagery have the same resolution 

(30 m) in visible and near-infrared bands (see (Yang et al. 2017) for 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 al. 2014b; 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 km2 from 2009 to 2015. Among them, lake areas from 2009 to 2014 were directly 

obtained from our previous mapping (Yang et al. 2017). For the period before 2009 (2002ï2008) 

when Huanjing imagery were unavailable, images from Landsat 5 and 7 were fused using the 

planetary-scale platform Google Earth Engine (GEE) (Gorelick 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 December were filtered by the 

SimpleCloudScore algorithm provided in the GEE algorithms API, and then mosaicked using 

median-value composite. Despite an improved coverage through Landsat image fusion, cloud-

free observations were not always feasible for each year and each lake. As a compromise, annual 

lake areas prior to 2009 were mapped only for 126 lakes larger than 50 km2.  

A self-adaptive lake mapping scheme (similar to Li and Sheng (2012) and Sheng et al. 

(2016) ) was modified to extract lake extents from the optical images (see Yang et al. (2017) for 

details). In brief, the High Resolution Water Index HRWI (Yao et al. 2015) was applied to 

enhance the contrast between the water and non-water pixels in each image. Then, an initial 

threshold (T0) of HRWI (T0 = 0) was applied to flag possible water bodies. For each possible 

water body, the HRWI threshold was further fine-tuned 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 remnant errors in the automation results were removed manually with assistance of an 

interactive editing tool (Wang et al. 2014). Our previous results have shown that lake extents 

extracted from both Landsat and Huanjing imagery using the proposed approach are highly 

consistent (slope=1.00, R2>0.99) (refer to Yang et al. (2017) for details). As our studied 

minimum lake area (1 km2) far exceeds the spatial resolution of both imagery (30 m), the error in 

mapped lake areas was considered to be trivial (Lyons et al. 2013; Pekel et al. 2016; Verpoorter 

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

Section 2.2.3).   
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2.2.1.2 Calculating lake volume changes  

 

Figure 2.2 Derived hypsometry for Xiangyang Lake (89.42º N, 35.80º 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 topography between the minimum and maximum water levels during the study 

period was well exposed at the acquisition time of the DEM (Wang et al. 2013a; Yang et al. 

2016). As most lakes on the CP have expanded since at least 2000 (Zhang et al. 2017a), the 

exposed topography surrounding each expanded lake on the SRTM DEM, which was acquired in 

February 2000, reveals the bathymetry that suffices the estimation of this lakeôs volume changes 

during our study period from 2002 to 2015. In other words, the hypsometry (i.e., level-area 

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 2000, the ASTER GDEM acquired during 

2001ï2008 was further considered if it could reduce the uncertainties of hypsometry 

extrapolation.  

Specifically, we used the SRTM DEM version 3.0 (Survey) and the ASTER GDEM 

version 2 (Team 2009), both under the same resolution (1 arc 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 in Fujisada et al. (2012). Such a lake area (hereafter referred to as ñbase areaò) corresponds to 

the water level (hereafter referred to as ñbase levelò) at the acquisition time of the DEM (Figure 

2.2). Given higher vertical accuracy and quality consistency (Rodríguez 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 simulated to increase 

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 period (Figure 2.2). These level-area pairs 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 

ñsplinesò package of the R software was implemented to fit the hypsometry considering the 

cubic spline generally outperforms other models (e.g., polynomial) in fitting statistics 

(Bloomfield 2014; Messager et al. 2016). Finally, lake volume variations were calculated by the 

integral of the fitted hypsometry (Ὢ) as in Equation 1:  
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Ўὠ ὪὒὨὒ Ὢ ὃὨὃ 
 

(1) 

where Ўὠ denotes the water storage change from time (t1) with lake area (ὃ  and water level 

(ὒ ) to time (t2) with lake area ὃ  and water level (ὒ ).  

The proposed approach using DEM hypsometry was applied to estimate volume variations 

in all studied lakes except Zhuonai Lake (35.55º N, 91.94º E) because there was a drastic decline 

in its water level caused by a moraine dam failure in September of 2011 (Liu 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 Croysat-2 altimetry, respectively, 

in order to reduce the error from directly extrapolating the DEM hypsometry.  

As previously described, annual time series of volume variation for all 871 lakes larger than 

1 km2 were estimated from the period 2009ï2015, while those for the 126 lakes larger than 50 

km2 were further estimated for 2002ï2008 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 the CP (Messager et al. 2016; Yang et al. 2017). Given 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 2009ï2015 (Figure 2.3b). This relationship 

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 Section 2.3.1). The best-fit linear regression was 

applied to calculate the trends in LWS time series (hereafter referred as ñDEM-derived trendsò), 

and the uncertainty analysis is given in Section 2.2.3. 
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2.2.2 Attributing 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 database (http://hydroweb.theia-land.fr; hereafter Hydroweb-derived trends) (Crétaux 

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 imagery (Crétaux et al. 2016; Crétaux et al. 2011). A total 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% of the total lake 

volume across the CP (Messager et al. 2016). For a comparison purpose, we also validated the 

LWS trends from 2002 to 2015 using hypsometric curves constructed from ICESat altimetry and 

Landsat imagery by Zhang et al. (2017b) (hereafter ICESat-derived trends). This validation is 

limited to 14 lakes where hypsometric curves are available in both Zhang et al. (2017b) and 

Hydroweb.   

Following standard error propagation rules, uncertainties of our estimated annual LWS 

changes were integrated from two major sources: (i) the bias of DEM-derived trends, calculated 

as their discrepancy from Hydroweb-derived trends, and (ii) the uncertainty of estimated volume 

changes in small lakes during 2002ï2008, calculated as the root mean square error (RMSE) of 

the rescaling relationship between volume variations in large lakes and all lakes (Figure 2.3b). 

Uncertainties of estimated annual P-ET were directly estimated from the storage errors provided 

in the GRACE mascon (mass concentration) data, and the additional uncertainties induced by 

signal leakage in the fringe mascons are further explored in Discussion. Propagated uncertainties 

http://hydroweb.theia-land.fr/
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were next applied to infer 95% confidence intervals of the calculated linear trends using a Monte 

Carlo approach similar to Wang et al. (2017).  

 

2.3 Results and analysis  

2.3.1 Accuracy of estimated LWS trends  

 

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

DEM-derived trends (blue) and ICESat-derived trends (red) in lake volume from 2002 to 

2015 by Hydroweb-derived trends. Points represent volume trends in individual lakes (see 

geographic coordinates in Table 2.1) while histograms represent the aggregated trends in 

all assessed lakes. (b) Calibrated scaling relationship between annual water storage changes 

in large lakes (>50 km2) and all lakes (>1 km2) from 2009 to 2015. Dashed lines are best-fit 

regression lines.   

 

Our DEM-derived LWS trends from 2002 to 2015 are validated against the trends derived 

from Hydroweb hypsometry (Figure 2.3a). DEM-derived trends in the 18 assessed lakes appear 

to be highly consistent with the Hydroweb-derived results (slope: 1.008, R2: 0.968). Their 

aggregated storage change (the histogram in the upper left corner of Figure 2.3a) shows a minor 

bias less than 5% of that derived from Hydroweb hypsometry. ICESat-derived trends, by 
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contrast, are less consistent with the Hydroweb-derived trends (slope: 0.762, R2: 0.936). The 

aggregated storage change (the histogram in the lower-right corner of Figure 2.3a) is ~20% lower 

than that derived from Hydroweb hypsometry. This poorer consistency between ICESat- and 

Hydroweb-derived storage trends is likely caused by the extrapolation of hypsometric curves 

constructed from ICESat altimetry levels that are only available during 2003ï2009 (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 longer-term radar 

altimetry measurements, and is fairly reliable for estimating lake volume dynamics across the 

CP.  

Table 2.1 Detailed information of lakes used for volume validation (source: Messager et al. 

2016) 

Lake Name Longitude Latitude 

Size 

(km2) 

Total Volume 

(Gt) 

Elevation 

(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 

Zhari Namco 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 

Dogaicoring-Q* 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 

* indicates lakes without ICESat hypsometry 

 

As shown in Figure 2.3b, calculated annual volume changes from 2009 to 2015 in all studied 

871 lakes (>1 km2) are closely correlated to those in the 126 large lakes (> 50 km2) with a slope 

of 1.153, R2 of 0.993, and RMSE of 0.856 Gt. Therefore, net annual volume changes in the 

missing smaller lakes (< 50 km2) from 2002 to 2008 were inferred by this scaling relationship 

between volume changes in all lakes and large lakes, and the scaling errors (RMSE) were 

integrated for propagating LWS change uncertainties (refer to Sections 2.2.3 and 2.4.3). 
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2.3.2 Spatial distribution of LWS changes  

 

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 from 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 in 

the estimations. 

 

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

(Figure 2.4a). The magnitude of volume increase generally reduces along an east-to-west 

direction, which is consistent with the spatial gradient of decreasing lake abundance and size. As 
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summarized in Figure 2.4b, LWS increase is proportional to lake size. For example, the largest 

lake Selingco (31.81°N, 89.07°E) in the southeastern CP experienced the fast volume increase of 

1.22 ± 0.10 Gt yr-1, accounting for 17% of the total LWS increase across the CP. About 78% of 

the total storage increase fed into lakes greater than 100 km2 (Figure 2.4b), while only 9% 

occurred in lakes with size between 50-100 km2 and 12% (estimated from the scaling relation as 

in Figure 2.3b) occurred in smaller lakes (<50 km2) (Figure 2.4b).  

Figure 2.4c shows storage trends in all 871 lakes greater than 1 km2 from 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 last 6-year period (2009ï2015), rates 

of volume changes in all sizes of lakes decreased (Figure 2.4b and 2.4d). Some large lakes in the 

southern CP, e.g., Namco (30.67°N, 90.60°E) and Tangra Yumco (31.00°N, 86.55°E), even 

began to shrink (Figure 2.4c).  
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 2.3.3 Trends in LWS across the endorheic Tibetan Plateau and associations with 

net precipitation  

 

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 monthly P-ET 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 long-term means during 2002ï2015. Straight lines (dashed and solid) 

represent linear trends using best-fit regression for two periods (2002ï2012 and 2002ï

2015). Transparent shades illustrate 95% confidence intervals.   

 

The trajectory of net LWS across the CP exhibits three distinct phases (Figure 2.5): a 

monotonic increase from 2002 to 2012, a general cessation and pause in 2013 and 2014, and then 

an evident decline from 2015. Coherently, net precipitation (i.e., P-ET) generally increased from 

2002 to 2012 but declined from 2013 to 2015. Increasing net precipitation from 2002 to 2012 

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 immediate decline in 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 lag indicates that NLWS (e.g., warming-induced glacier melting and permafrost 

thawing) may have compensated for the LWS reduction caused by immediate net precipitation 

decrease in the early period, but was unable to completely offset the long-term effect of net 

precipitation decline.  

As further summarized in Table 2.2, net precipitation on the CP increased at an average rate 

of 4.11 ± 0.19 Gt yr-1 during our study period (2002ï2015), which explains 56.0 ± 5.4 % of the 

concurrent increase in LWS (7.34 ± 0.62 Gt yr-1). From 2002 to 2012, net precipitation increased 

at 6.31 ± 0.27 Gt yr-1, accounting for 69.7 ± 5.8 % of the rapid LWS increase of 9.05 ± 0.65 Gt 

yr-1, while net precipitation declined at a rate of -13.61 ± 2.03 Gt yr-1 from 2013 to 2015, which 

completely explains the concurrent LWS decline (-8.09 ± 3.37 Gt yr-1). Given these calculations, 

net precipitation appears to be the first-order contributor to the recent LWS changes across the 

CP.  

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

non-lake water storage (NLWS) on the CP. Uncertainties indicate 95% confidence 

intervals. 

 

Periods 

LWS P-ET NLWS 

Gt yr-1 Gt yr-1 % of æLWS Gt yr-1 % of æLWS 

Increasing P-ET period (2002ï2012) 9.05 ± 0.65 6.31 ± 0.27 69.72 ± 5.83 -2.74 ± 0.70 -30.28 ± 8.08 

Decreasing P-ET period (2013ï

2015) 

-8.09 ± 3.37 -13.61 ± 2.03 168.23 ± 74.44 -5.52 ± 3.93 -68.23 ± 56.33 

Entire study period (2002ï2015) 7.34 ± 0.62 4.11 ± 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) (b), southwestern 

(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 consistent with several existing studies (Lei et al. 2014; Lei et al. 2013; Song 

et al. 2015; Song et al. 2014b; Zhang et al. 2017b; Zhou et al. 2015). However, this finding may 

contradict those of some other studies. For instance, Li et al. (2014) found limited impacts 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 of glacier retreat. Jiang et al. (2017) also 

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 four sub-regions of the 

CP (Figure 2.6). In northeastern, northwestern, and southwestern CP, rapid lake expansion 

accompanied with dramatic increase in P-ET during 2002 to 2015 (Figure 2.6a-2.6c), which 

confirms the dominant contribution of net precipitation. However, the covariation between LWS 

and net precipitation is not evident in the southeastern CP (Figure 2.6d). This may be caused by 

the substantial contribution from glacier retreat, as indicated in previous studies (Wang 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 contribute to the uncertainty of this study. First, 

we ignored the additional uncertainty from hypsometry extrapolation for 6% of studied lakes 

(Figure 2.7), where neither of the two DEM products could reveal the complete bathymetry 

required for storage change recovery during the study period. However, these lakes only account 

for less than 4% of the total lake area on CP (Sheng et al. 2016), so their hypsometry 
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extrapolation should not substantially affect our estimated net LWS variations. Second, except 

the errors provided by the RL05M 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 uncertainty, we here 

explore two solutions that implement the same procedure as described in Section 2.2.2 to 

partition TWS variations into changes in LWS and NLWS. The first solution only includes 

mascons that are fully contained by the CP (Table 2.3), while the second solution applies the 

mascon set of 0.5-degree scale factors simulated by the Community Land Model (CLM) 

(Watkins et al. 2015) (Table 2.4). It is worth noting that, despite a partial recovery of the signal 

variation within each mascon, the scale factors may not be suitable for deriving TWS trends at 

sub-mascon 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 correction involved in the factor calculation tends to be dominated by the annual cycles of 

water storage variations (Landerer and Swenson 2012; Watkins et al. 2015). For these reasons, 

we did not apply the scale factors in the calculations as reported in Section 2.3, but 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 more) of the 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 predominantly attributed to the variations in net precipitation. Finally, limited 

by data availability, the attribution of lake storage changes in this study were based on the net 

impacts of potential drivers (i.e. net precipitation and NLWS including glaciers and permafrost). 
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The quantified impact of glaciers and permafrost reflect their integrated storage changes rather 

than their actual amounts of melting runoff to the lakes. The difference between their net storage 

change and melting runoff mainly depends on how net precipitation is intercepted by or stored as 

glaciers and permafrost. While being difficult to quantify, such an impact seems to be relatively 

trivial because only less than 10% of precipitation fell during the winter (Xu et 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 

precipitation continued to drop. This evidence also supports that the net precipitation has the 

dominant determinant of the recent lake storage changes across the inner Tibet. 
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Table 2.3 Trends in lake water storage (LWS), P-ET (net precipitation) and non-lake water 

storage (NLWS) in full mascons within the CP 

 

Periods 

LWS P-E NLWS 

Gt yr-1 Gt yr-1       % of æLWS Gt yr-1       % of æLWS 

Increasing P-ET period (2002ï2012) 3.59 ± 0.28 2.51 ± 0.19 69.92 ± 7.60 -1.08 ± 0.34   -30.08 ± 9.71 

Decreasing P-ET period (2013ï2015)  -2.43 ± 

1.01 

-4.57 ± 1.38 188.06 ± 

96.62 

-2.14 ± 1.71   88.07 ± 79.33 

Entire study period (2002ï2015)  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), P-ET (net precipitation, 

estimated from mascon data with GLDAS-modeled scale factors) and non-lake water 

storage (NLWS) across the CP. All uncertainties are 95% confidence intervals. 

 

Periods 

LWS P-ET NLWS 

Gt yr-1 Gt yr-1 % of æLWS Gt yr-1 % of æLWS 

Increasing P-ET period (2002ï2012) 9.05 ± 0.65 6.89 ± 0.27 76.13 ± 5.83 -2.16 ± 0.70 -23.87 ± 8.08 

Decreasing P-ET period (2013ï2015) -8.09 ± 3.37 -14.98 ± 2.03 185.17 ± 74.44 -6.89 ± 3.93  -85.17 ± 56.33 

Entire study period (2002ï2015) 7.34 ± 0.62 4.66 ± 0.18 63.49 ± 5.39 -2.68 ± 0.65 -36.51 ± 9.58 

 

2.5 Summary 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 freely-available DEMs 

(SRTM DEM and ASTER GDEM). The sheer number of lakes (871) analyzed in our estimate, 

which account for 97% of total lake area across the CP (Sheng et al. 2016), is substantially 

greater than any number recently studied for lake volume changes on the Tibetan Plateau (e.g., 

68 lakes in Zhang et al. (2017b) and 114 lakes in Yang et al. (2016)). Compared with existing 

estimates (Song et al. 2013; Zhang et al. 2017b) using hypsometric curves extrapolated from 

short-term ICESat observations (available during 2003ï2009), our LWS trends are more 

consistent with values derived from longer-term radar altimetry measurements (slope=1.01, 

R2=0.97). This indicates that 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 study advances our understanding of recent variations in lake water budget 

across the remote Tibetan Plateau. Our produced lake area and storage change data set is publicly 

available at the scientific data repository PANGAEA (doi:10.1594/PANGAEA.888706). 

From 2002 to 2015, the net LWS increased at an average rate of 7.34 ± 0.62 Gt yr-1 

(cumulatively 95.42 ± 8.06 Gt), manifested as a dramatic monotonic increase of 9.05 ± 0.65 Gt 

yr-1 before 2012, a deceleration and pause in 2013ï2014, and then an intriguing decline after 

2014. Using TWS anomalies from GRACE observations and a water balance model, we 

quantified that ~70% of the monotonic LWS increase before 2012 was attributed to the increase 

in net precipitation (P-ET). Despite a smaller total influence, warming-induced NLWS changes, 

including glacier retreat and permafrost thawing, might compensate for the LWS reduction 

caused by the initial net precipitation decrease in 2013ï2014, which is manifested by a 2-year 

time lag between net precipitation and LWS declines. However, the impact of NLWS was unable 

to offset the longer-term effect of net precipitation decline, leading to an evident LWS decrease 

in 2015: the first major reverse of a double-decadal lake expansion on the CP (Zhang et al. 

2017b). To this end, we conclude that net precipitation (i.e., P-ET) is a first-order contributor to 

alpine lake dynamics across the CP since at the least the new millennium. 
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Chapter 3 - Constructing long-term high-frequency time series of 

global lake and reservoir areas using Landsat imagery 

 3.1 Introduction 

Lakes and reservoirs cover about 2-3% of Earthôs non-glaciated land area and store the 

largest mass of liquid freshwater on the terrestrial surface (Feng et al. 2016; Lehner and Döll 

2004; Messager et al. 2016; Sheng et al. 2016; Verpoorter et al. 2014). Due to easy accessibility 

and a broad spatial distribution, these inland water bodies serve as one of the primary water 

sources for irrigation, industrial, and domestic purposes (Alsdorf et al. 2007). However, their 

uneven distribution and vulnerability to environmental changes (e.g., warming and climate 

variability) result in temporally and spatially variable abundance that often does not meet local 

water demands (Crétaux et al. 2016). In recent decades, stress on surface water has been 

significantly intensified by population growth and climate change (Oki and Kanae 2006). Due to 

the ever-growing water demand, more than half of the global river systems are regulated by 

reservoirs (Grill et al., 2019; Lehner et al. 2011; Pokhrel et al. 2012), but two-thirds of the 

worldôs population are facing severe water shortage at least one month per year (Mekonnen and 

Hoekstra 2016). Under recent global warming, extreme events such as floods and droughts have 

become more intense and frequent, which further increases the unevenness of the distribution of 

surface water reserves (Alexander et al. 2013; Wang et al. 2018). Improved monitoring of extent 

variations in lakes and reservoirs is critical for assessing human and climate impacts on 

terrestrial water resources (Gao et al. 2012; Haddeland et al. 2014; Wang et al. 2017b; Zhan et al. 

2019). Such knowledge is fundamental for evaluating global water availability, projecting future 

water stress, and formulating sustainable management plans (Gleick 2010; Van Beek et al. 

2011). 
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Remote sensing provides 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 established (Donchyts et al. 2016; Du et al. 2014; Feng 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; Yang et al. 2017b; Yao et al. 2015). However, most of 

the established methods involve a practical tradeoff between spatial and temporal resolutions 

(Cooley et al. 2017; Huang et al. 2018). As a result, existing water extent products often do not 

meet the desirable spatial or temporal resolutions, such as 20 m and a daily frequency suggested 

by the Global Climate Observing System (GCOS) 2016 Implementation Plan (WMO 2016). 

High temporal resolution sensors, such as the Moderate Resolution Imaging Spectroradiometer 

(MODIS) Terra and Aqua, have been used to assess water extents at daily to 16-day timescales 

(Bergé-Nguyen 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. 2018). Yet, areal changes in many small water 

bodies (e.g., 10ï50 km2 or less) and the larger ones with irregular shapes, may not be discernible 

owing to the coarse resolution of MODIS imagery (250-500 m in visible and near-infrared 

bands) (Tao et al. 2015). Compared with MODIS, Landsat imagery (e.g., Landsat 5 Thematic 

Mapper (TM), 7 Enhanced Thematic Mapper Plus (ETM), and 8 Operational Land Imager 

(OLI)) have a much finer spatial resolution (30 m) and a nominal temporal resolution of 16 days 

(or finer if multiple Landsat sensors are combined). But due to cloud contamination (Rossow and 

Schiffer 1999), the temporal frequencies of previous Landsat-based water mapping are typically 

much lower than the nominal resolution, and could extend to one year for lakes with prolonged 

ice cover (Yao et al. 2018; Zhang et al. 2017). The Multispectral Instruments (MSI) onboard the 
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recently launched twin satellites Sentinel 2A and 2B provide a 10-m resolution in visible and 

near-infrared bands at 5- to 10-day intervals. However, their observations are currently limited to 

the latest 4 years (since 2015) and cannot yet considerably benefit decadal-scale monitoring.  

In addition to the tradeoff between spatial and temporal resolutions, several other factors 

challenge high-resolution monitoring of long-term changes in global surface water extent (Klein 

et al. 2017). They include (i) intrinsic heterogeneity in spectral reflectance of water itself and (ii) 

spectral contaminations by atmosphere (clouds and aerosols), topographic shadows, aquatic 

vegetation, and ice/snow covers. An integration of multiple techniques is usually required to 

provide a robust water extraction under these complex scenarios. Recently, Pekel et al. (2016) 

used an extensive training dataset and combined expert systems with visual analytics, to identify 

the existence/absence of surface water on a monthly basis for every pixel in archival Landsat 

imagery during 1984-2015. 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 cloud-free pixels, so the mapped extent of a specific water 

body is only complete when the cloud cover in a monthly-composite image is low. A follow-up 

study by Busker et al. (2019) extracted monthly areas in 137 lakes/reservoirs using a subset of 

the GSW dataset with cloud covers lower than 5%. The produced areas for nearly half of the 

lakes/reservoirs show correlations greater than 0.8 with water levels measured by radar altimetry. 

Nevertheless, temporal frequencies of the produced area time series are still limited by the 

availability of cloud-free images, and the time series discontinued after October 2015 due to the 

current availability of the GSW.  

A potential way to increase the temporal frequency for Landsat-based lake mapping is to 

estimate water areas from contaminated images (e.g., affected by clouds or observation gaps). 
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Although these images have relatively poor quality, the partial lake extents exposed in them may 

provide useful information to infer the complete extents. Recently, Zhao and Gao (2018) applied 

monthly water mappings in the GSW dataset to produce area time series for 6817 reservoirs 

documented by the Global Reservoir and Dam Database (Lehner et al. 2011) from 1984 to 2015. 

Their method includes a novel recovery of full reservoir extents from partial observations due to 

cloud contamination, by segmenting the pixels of water occurrence probability provided in the 

GSW. Compared to the result of Busker et al. (2019), their produced area time series increased 

the number of observation by ~80%. However, dependence on the existing GSW dataset 

constrained their reservoir area records to the period from 1984 to 2015, and the validation of 

their recovery method was limited to nine reservoirs with time-variable water levels.  

Here we propose a new mapping method that aims to produce temporally continuous 

inundation areas for both lakes and reservoirs globally at 30-m resolution during the past nearly 

three decades (from 1992 to 2018). The proposed method leveraged six spectral water indices, 

and used water extent time series extracted from high-quality Landsat images to recover the 

missing water areas under contaminations, thus enabling a monthly to bi-monthly monitoring 

frequency closer to Landsatôs nominal temporal resolution. Our algorithm was implemented 

automatically on the Google Earth Engine (Gorelick et al. 2017), a cloud-based platform for 

planetary-scale geospatial analysis with free access to the entire Landsat archive. To evaluate the 

performance of this mapping method, we applied it to 428 lakes and reservoirs worldwide 

(Figure 3.1) that currently have time-variable water level measurements by multi-mission 

satellite radar altimeters, as provided in three major altimetry archives (see Section 3.2.1). The 

robustness of the method was further tested for 25 water bodies (14 lakes and 11 reservoirs) 

under five challenging scenarios. These scenarios considered different combinations of spatial 
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location, water body type, and disturbing factors of water mapping. Our overall objectives are: 

(i) to improve the temporal frequency and accuracy of long-term water mapping using Landsat 

imagery, (ii) to produce an update-to-date high-resolution 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.  

  



63 

 

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 on 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 

3.2.1 Data 

3.2.1.1 Landsat images 

This study used orthorectified top-of-atmosphere (TOA) reflectance data (L1T) Tier 1 

from Landsat 5 TM, 7 ETM+ and 8 OLI sensors. We opted to use the TOA data rather than 

surface reflectance data, which is consistent with some existing studies on global surface water 

extents and dynamics (Allen 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 does not lead to evident improvement in mapping 

accuracy or temporal coverage (see Figure 3.2 for details). All applied images have 30-m spatial 

resolution and were acquired during October 1, 1992 to October 31, 2018. The period was set 

with regard to the availability of the validation dataset (see Section 3.2.1.2). Different from most 

existing studies (Busker et al. 2019; Sheng et al. 2016; Yang et al. 2017a), we considered the 

entire Landsat archive over the past 26 years (1992-2018) for each of the studied 428 lakes and 

reservoirs, including those with reasonable contaminations of clouds, aerosols, mountain 

shadows and the ETM+ Scan Line Corrector (SLC) errors (more details in Section 3.2.2.1). 

Inclusion of contaminated images could further increase the temporal resolution of water 

mapping. For water bodies in high-latitude or high-altitude regions, we excluded the images 

during the freezing period considering that water extents and boundaries can hardly be detected 

when they were severely covered by snow/ice (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).  

  

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 bodies. (a) 

Area-level rank correlation (Spearmanôs rho). (b) Temporal coverage of extracted area 

time series. (c) The number of Landsat scenes in the Tier 1 collection. The results show that 

using SR imagery, the strength of area-level correlations is not improved (Figure 3.2a), and 

the temporal coverage of area time series is lower (Figure 3.2b), partially owing to fewer 

Landsat scenes compared with TOA images (Figure 3.2c). 

 

3.2.1.2 Altimetry levels  

As part of the validation procedure, we compared our produced lake/reservoir area time 

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

from three major altimetry archives including the Hydroweb (http://hydroweb.theia-land.fr) 

(Crétaux et al. 2011), the Global Reservoir and Lake Monitor database (G-REALM; 

https://ipad.fas.usda.gov/cropexplorer/global_reservoir) (Birkett et al. 2011), and the Database 

http://hydroweb.theia-land.fr/
https://ipad.fas.usda.gov/cropexplorer/global_reservoir
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for Hydrological Time Series of Inland Waters (DAHITI; https://dahiti.dgfi.tum.de/en) 

(Schwatke et al. 2015). While most level time series in Hydroweb and DAHITI were processed 

from multi-mission altimetry measurements at a (sub-)monthly basis, G-REALM implemented a 

more frequent but less accurate Interim Geophysical Data Record (IGDR) altimeter to produce 

10-day level products (Birkett et al. 2011). Thus, levels from Hydroweb and DAHITI were 

prioritized here. If a lake or reservoir has level products from both Hydroweb and DAHITI, the 

longer record was used. Typically, the accuracy of radar altimetry levels ranges from a few 

centimeters (e.g., for large lakes and reservoirs) to several decimeters (e.g., for small or narrow 

water bodies) (Crétaux et al. 2016).  

https://dahiti.dgfi.tum.de/en
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3.2.2 Monthly water area mapping 

 

Figure 3.3 Schematic workflow of the proposed water mapping and recovery method.  

 

We follow the schematic flowchart in Figure 3.3 to demonstrate the procedure of 

mapping and recovering water areas for each studied lake/reservoir. In brief, our method started 

with maximizing the proportion of available high-quality observations, by masking cloud and 

terrain shadow contaminations in individual Landsat scenes and then mosaicking them to 

monthly composite imagery (Section 3.2.2.1). Next, the initial water extent from each composite 

image was optimized by comparing the mapping results of six water indices (Section 3.2.2.2). 

Remnant mapping errors in the initial water extents from both good (contamination-free) and 
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contaminated composite images were further reduced by a refining process (Section 3.2.2.3). 

Then, the complete water areas for the partial lake/reservoir extents affected by cloud and SLC-

error contaminations, were recovered by the complete water extents (isobaths) mapped from 

good images (Section 3.2.2.4). Finally, complete water areas, both directly mapped from good 

images and recovered from bad images, were combined to construct the area time series. Details 

of each step are elaborated below.  

3.2.2.1 Compositing monthly images  

We applied the SimpleCloudScore algorithm provided in the Google Earth Engine to 

mask cloud covers in the individual TOA reflectance images acquired by Landsat 5 TM, 7 

ETM+ and 8 OLI sensors. The SimpleChouldScore algorithm is a widely-used thresholding 

method for detecting clouds in Landsat TOA imagery (Donchyts et al. 2016; Gorelick et al. 

2017; Wang et al. 2017a; Wayand et al. 2018). The detection was based on the ñsimple cloud-

likelihood scoreò, which is determined by a combination of brightness, temperature and 

Normalized Difference Snow Index (NDSI) (Gorelick et al. 2017). The brightness score reflects 

that clouds are bright in visible bands. The temperature score 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 references (Wang et al. 2017a; 

Wayand et al. 2018) and our own visual inspections. In addition to clouds, deep terrain shadows 

can also contaminate the TOA reflectance, and thus were masked out from individual scenes 

before the composition. We applied the 30-m resolution SRTM digital elevation model (Farr et 

al. 2007) to generate slope and hillshade at the image acquisition time using the provided solar 

angles. The slope and hillshade information was then used to generate mountain shadow masks 

as per Li and Sheng (2012). The masked TOA images were then mosaicked using median-value 
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composite on a monthly basis during our study period (October 1, 1992 to October 31, 2018). 

The monthly composite images, by combining cloud-free pixels in multiple scenes, improved the 

overall proportion for high-quality observations. Masked pixels that remain in each composite 

image are hereafter referred to as ñcontaminationsò, which are a combination of cloud covers, 

deep mountain shadows, and missing observations such as due to the SLC error.  

3.2.2.2 Extracting initial water extents  

For each lake or reservoir, its time-variable water areas were extracted from a fixed 

region of interest (ROI) on the monthly TOA composite images. The ROI was defined as a 

buffer region that contains a reference extent of this water body as depicted in the circa-2000 

global lake inventory (Sheng et al. 2016). We 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 extraction, we 

considered six commonly applied water indices including the Normalized Difference Water 

Index (NDWI) (McFeeters 1996), the Modified Normalized Difference Water Index (MNDWI)  

(Xu 2006), the High Resolution Water Index (HRWI) (Yao et al. 2015), the 2015 Water Index 

(WI2015) (Fisher et al. 2016), and two Automatic Water Extraction Indices (AWEInsh and 

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

Water index Reference Configuration 

NDWI McFeeters (1996) (GïNIR)/(G+NIR) 

MNDWI Xu (2006) (G-SWIR1)/(G+SWIR1) 

AWEInsh Feyisa et al (2014) 4×(G-SWIR1) -(0.25×NIR+2.75×SWIR1) 

AWEIsh Feyisa et al (2014) B+2.5×G-1.5×(NIR+SWIR1) -0.25×SWIR2 

HRWI Yao et al (2015) 6×G ï R - 6.5×NIR + 0.2 

WI2015 Fisher et al (2016) 1.7204+171×G+3×R-70×NIR-45×SWIR1-71×SWIR2 

Note: B, G, R, NIR, SWIR1, SWIR2 represent Landsatôs blue, green, red, near infrared, short-

wave infrared 1, and short-wave infrared 2 bands, respectively.  

 

For each lake/reservoir with altimetry levels, the available water levels were applied to 

identify the best-performing water index. On typical conditions, lake inundation areas are 

positively correlated to water levels, and this correlation would decrease if the mapping error 

increases. Therefore, the strength of correlation to water level, here measured as Spearmanôs 

rank correlation (Lyerly 1952), was used to rank the performance of different water indices. For 

high-quality composite images (here defined as <5% contaminations within the ROI, thereafter 

ñgoodò images), each of the six indices was employed to extract two sets of water area time 

series within the ROI, one at a default threshold (here defined as 0) and the other at adaptive 

thresholds. We considered adaptive thresholds to segment water and land pixels because default 

thresholds may not always yield satisfactory water extraction due to various image qualities 

(presence of aerosols, water vapor, water turbidity, mineral and chlorophyll contents, and 

surrounding settings across space and time (Li and Sheng 2012; Sheng et al. 2016; Wang et al. 

2014). The adaptive thresholds were determined by the Otsuôs method(Otsu 1979) using the 
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pixels of each monthly composite image within the ROI, so the threshold is automatically 

adapted to the spectral condition for each month (see Li and Sheng (2012) for details). This 

generated 12 sets of water area time series for this lake/reservoir. The set of water areas that 

exhibit the strongest correlation to water levels, were used as the initial extents of this 

lake/reservoir. Preliminary 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 than those produced by any one of the six indices at either default or adaptive 

thresholds (Figure 3.4). For contaminated images (>=5% contaminations within the ROI, 

thereafter ñbadò image), adaptive thresholds can be sensitive to the disturbance of clouds and 

cloud shadows (Fisher 2014). Therefore, the initial lake/reservoir extents were generated by the 

selected best-performing index at the default threshold.  

For the purpose of method validation (Section 3.2.4), all 428 lakes/reservoirs in this study 

have altimetry level measurements. However, the rationale of the above index selection can be 

similarly applied to water bodies without level measurements. A feasible solution is to replace 

the numeric levels by an ordinal sequence of water levels inferred from the positions of the 

mapped shorelines. This is based on the fact that rising and falling shorelines of a lentic water 

body constitute a set of elevation isobaths (contours). If a water index is effective, the mapped 

water area is expected to increase as the isobath expands outward. The correlation between water 

areas and shoreline orders would decrease if the index introduces more omission or commission 

errors (as illustrated in Figure 3.5a). For this reason, the optimal index solution can be 

determined as the one yielding the strongest rank correlation between the mapped lake areas and 

shoreline orders.  
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Figure 3.4 Comparison between initial water mappings optimized by multiple index 

solutions and those using only one of the solutions. The comparison is based on rank 

correlations (Spearmanôs rho) between altimetry levels and water areas mapped from good 

imagery for 86 randomly sampled lakes and reservoirs. Each box and whisker diagram 

represents the distribution 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 best-performing 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 95th percentiles, 

respectively. 
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 3.2.2.3 Refining water extents in good imagery   

Despite the consideration of multiple water index solutions, remnant mapping errors 

could still occur due to minor contaminations such as sporadic clouds, cloud/terrain shadows, 

and aquatic vegetation. The expansion and shrinkage of a water body is constrained by its 

bathymetry, which could be used to reduce the remnant errors (Khandelwal et al. 2017). For a 

lentic water body, the edge or shoreline of its water extent can be treated as an isobath. A smaller 

water extent, which is typically associated with a lower/inner isobath, should be contained by a 

larger extent associated with a higher/outer isobath. The water extents/isolines were thus ranked 

by their containment topology based on 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 severe hysteresis (unstable lake surfaces). For each water extent mapped from 

a good image, the two higher isobaths and two lower isobaths that are closest to this extent were 

used to reduce commission and omission errors. As illustrated in Figure 3.5a, if the mapped 

extent contains an ñislandò which is however inundated by both lower isobaths, the ñislandò was 

treated as an omission error and thus corrected to water. Similarly, if this water extent has a 

portion beyond both higher isobaths, this portion was treated as a commission error and 

removed.  

3.2.2.4 Recovering lake areas in contaminated imagery 

Although extracted shorelines from contaminated/bad images are incomplete, the 

positions of these partial shorelines still indicate a sequence in elevation (Figure 3.5b and 3.5c). 

Following the same rationale as described in Section 3.2.2.3, if a shoreline segment (the solid 

yellow line in Figure 3.5b) locates between a lower isobath and a higher isobath (green and 

purple in Figure 3.5b), we expect that the complete shoreline (the solid and dash yellow line in 
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Figure 3.5b) recovered from this segment will be bound/enclosed by the isobaths on both sides of 

the segment. Correspondingly, the complete water extent for this segment should also fall 

between the smaller extent associated with the lower isobath and the larger extent with the higher 

isobath. The closer the bounding isobaths are, the less uncertain the recovered area is. For this 

reason, the complete water area associated with this shoreline segment can be estimated as an 

interpolation between the areas of the minimum bounding isobaths. Here, the minimum 

bounding isobaths are defined as a pair of complete water shorelines mapped from good images, 

which are immediately above and below the incomplete shoreline (purple and green in Figure 

3.5b and 3.5c) so that the interpolation uncertainty can be minimized.  
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Figure 3.5 Illustration of the proposed lake/reservoir area recovery method 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 represents omission errors. A total of 254 isobaths (complete shorelines) 

were mapped for this lake (see Figure 3.16g), 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) Estimation of the full lake area from partial 

lake extents. 

 

Similar to Section 3.2.2.3, the bounding isobaths were first applied to remove any 

mapping errors from the partial lake/reservoir extent (Figure 3.5b). Assuming that between the 
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bounding isobaths, the variation of water areas in the good/valid portion of a bad image is 

proportional to that of their full areas (Figure 3.5d), the full area (ὃ) associated with the partial 

extent (ὥ) was recovered as:   

ὃḙ ὥ ὥ ὃ                                                             [1]  

Where ὃ  and ὃ represent the full areas of the higher and lower minimum bounding isobaths, 

respectively, and ὥ and ὥ the partial areas of the bounding isobaths observed in the valid 

portion of the bad image. As 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 considerable accuracy (see Results). 

By using our own mapping of complete extents/isobaths, this recovery method is less dependent 

on other inundation products (e.g., GSW as applied in Zhao and Gao (2018)), and thus more 

generic to potential applications using other sensors and for extended periods (e.g., beyond 2015) 

(see Discussions). However, it is worth noting that in occasional cases, incomplete shoreline 

segments may go beyond the maximum (or minimum) extents mapped from available good 

imagery during our study 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 recovered from bad images or directly mapped from good 

images, were combined to generate the area time series for each lake/reservoir. Similar to Zhao 

and Gao (2018), we measured the improvement in temporal coverage for each time series by 

ñimprovement ratioò, defined as the number of recovered water areas divided by the number of 

complete areas observed in good images. We 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 areas of observation are larger than those of interpolation, so the reliability of our area 

recovery is better assured. Since the accuracy of delineated water extents may decrease as the 

cloud percentage increases, we further excluded the images where cloud cover exceeds 20% of 

the valid pixels (excluding no data gaps) within the ROI. This cloud cover threshold gives a 

reasonable tradeoff between the mapping accuracy and the increase of observation number (more 

details in Discussions). 

3.2.3 Quality assurance and quality control (QA/QC) 

Outliers in the produced area time series may exist due to imagery quality and 

unavoidable mapping errors (Pekel et al. 2016; Sheng et al. 2016). To assure the quality of our 

produced time series, we visually inspected the results for each of the 428 lakes and reservoirs. 

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 accuracy, the area outlier 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 reliable under most circumstances. However, we found relatively more 

outliers for six saline lakes (Lake Urmia (45.50°W, 37.64°N), Great Salt Lake (112.57°W, 

41.13°N), Salton Sea (115.82°W, 33.31°N), Aral Sea East (59.82°W, 44.90°N), Aral Sea West 

(58.72°W, 45.02°N), and Lake Khyargas (93.38°W, 49.16°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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3.2.4 Accuracy assessment 

3.2.4.1 Validation methods  

We assessed our recovered lake/reservoir areas in two aspects. One is a direct validation 

against observed lake areas, and the other is a comparison with altimetry water levels. For the 

first validation, complete lake areas mapped from good images were used to assess the recovered 

areas from simulated partial observations in the same images. Specifically, we randomly selected 

10 good images for each reservoir or lake. For each image, we randomly masked a proportion 

(i.e., between 5%-50%) of the pixels within the lake/reservoir ROI to simulate a partial 

contamination. The remaining pixels in the ROI served as the simulated partial observation, from 

which the complete water area was recovered using the proposed method in Section 3.2.2. The 

recovered areas were then compared with the actual areas directly mapped from good images 

using linear regression. The slope, R2 value, and root mean square error (RMSE) of the linear 

regression were used to assess the fidelity of our proposed mapping/recovery method.  

Alternatively, the performance of the proposed method was evaluated by the hypsometric 

relationship between our produced lake/reservoir areas and their altimetry water levels. For each 

of the 428 studied lakes/reservoirs, we calculated the correlation between altimetry levels and 

our produced areas from both good and bad images, and then compared it with the area-level 

correlation using good images alone. The correlation was measured as Spearmanôs rank 

correlation, given that lake area and level do not necessarily follow a linear relationship. We also 

assessed the change of ñrelative hypsometric rangeò owing to the use of recovered water areas. 

Here, relative hypsometric range is defined as the difference between the maximum and 

minimum water levels that are paired with available water areas, divided by the full range of the 

observed altimetry levels. An increase of hypsometric range indicates a more complete depiction 
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of the lake/reservoir bathymetry, and thus improved accuracy in deriving water volume changes. 

To further evaluate our proposed method with recent approaches, we compared our results with 

those of Busker et al. (2019), who calculated water areas for 137 lakes/reservoirs using a subset 

of the GSW water classifications from only good Landsat images. If any of our studied 428 

lakes/reservoirs is not included in their study, we applied their approach on that lake/reservoir. 

3.2.4.2 Overall accuracy 

The overall accuracy of the proposed method was assessed by applying the above two 

validations on all the 428 lakes and reservoirs with available altimetry water levels. These water 

bodies have a diverse range of size from about 2 km2 to 82,000 km2 (Sheng et al. 2016) and are 

located in various geographic and climatic zones (Figure 3.1).  

3.2.4.3 Robustness  

We further evaluated the proposed method by testing its robustness on 25 out of the 428 

lakes/reservoirs that represent five scenarios with regard to spatial location, lake type, and 

mapping difficulty. These five scenarios include fluvial lakes in the Amazon basin, reservoirs in 

(sub-)tropical India, lakes and reservoirs in High Mountain Asia, saline lakes in western United 

States, and high-latitude lakes in northwestern Russia (dots highlighted by red circles in Figure 

3.1). These scenarios cover a wide range of disturbing factors for water mapping, such as cloud 

and cloud shadow contaminations (particularly in humid regions), complicated shoreline 

geometries (e.g., dendritic reservoir shapes), terrain shadows (e.g., in mountainous regions), high 

mineral concentrations (e.g., in saline lakes), and snow/ice covers (e.g., in high-latitude lakes). In 

order to objectively evaluate the mapping robustness, these 25 lakes/reservoirs were sampled 

among some of the most challenging examples for each scenario.  

 



80 

3.3 Results 

3.3.1 Overall performance of the proposed method 

3.3.1.1 Accuracy of water area recovery  

The recovered lake/reservoir areas from simulated partial observations agree well with 

the actual areas observed from good images. The mean relative RMSE is only 2.2%, and the 

slope and R2 values of the linear fitting between simulations and observations both approach 1 

(Figure 3.6a). As further summarized in Figure 3.6b, R2 values for each of the 428 studied 

lakes/reservoirs reach a median value of 0.99, with over 75% of them above 0.90. The offset in 

slope among the lakes/reservoirs is 2%, where over 90% of them are within ±10%. The median 

relative RMSE is only 0.3%, with over 75% of them below 1%. These results suggest that our 

proposed area recovery method is overall reliable.  
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Figure 3.6 Validation of recovered lake/reservoir areas from simulated contaminations 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 diagrams 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 3.4. 

 

 3.3.1.2 Correlation with altimetry water levels   

Among the 428 lakes and reservoirs, the upper quartile, median and lower quartile of the 

correlation (Spearmanôs rho) between measured altimetry levels and mapped/recovered water 

areas from both good and bad images are 0.94, 0.79 and 0.44, respectively. These are 

comparable to the area-level correlations by using good images alone (upper quartile, median, 

lower quartile are 0.95, 0.80 and 0.47, respectively) (Figure 3.7a). For more than 80% of the 

lakes/reservoirs, adding recovered water areas from bad images yielded comparable or improved 



82 

area-level correlations (Figure 3.8a). This was partially owing to the increased area-level pairs 

and thus a more complete representation of their covariation. However, a few lakes/reservoirs 

(12%, red dots in Figure 3.8a) show some degree of decrease in area-level correlation 

(Spearmanôs rho reduced by 0.1 or more). This was primarily affected by low area variations 

(<2%) and mapping challenges posed by snow and ice in high-latitude or altitude regions (see 

Figure 3.8a and Section 3.3.2.5). Compared with the GSW-based estimate using good imagery 

only (Busker et al. 2019), our median area-level correlation was improved from 0.64 to 0.79, and 

the interquartile range (i.e., interval between 25 to 75 percentiles) of the area-level correlations 

reduced from 0.64 to 0.50 (Figure 3.7a). 
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Figure 3.7 Evaluation of the proposed lake/reservoir mapping method by altimetry water 

levels. (a) Comparison of rank correlations (Spearmanôs rho) between altimetry levels and 

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 the total 

number of months during the study period (1992-2018). (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 3.4. 

  



84 

 3.3.1.3 Improvements of temporal coverage and hypsometric range  

Including recovered lake/reservoir areas from contaminated images increased the average 

monthly coverage during our study period (1992-2018) from 37% to 50%, achieving a mean 

improvement ratio of 43% (Figure 3.7b and 3.8b). Particularly, high improvement ratios (e.g., 

>50%) generally occur in tropical and sub-tropical regions where cloud covers are high (Figure 

3.8b). Compared with a GSW-based estimate using good imagery only (Busker et al. 2019), our 

monthly coverage during the overlapping period (Oct 1992- Oct 2015) increases substantially by 

an average of 78% (Figure 3.7b).  

In addition to the improved temporal coverage, our recovered water areas from bad 

images also increased the ranges of the hypsometric curves (area-level relationships) (Figure 

3.7c). For the studied 428 lakes/reservoirs, more than half of their hypsometric curves now cover 

at least 95% of the level variations observed by altimetry satellites. As previously stated, 

extended hypsometric curves better represent the lake/reservoir bathymetric information, and 

thus allow for more accurate estimates of lake volume variations (Crétaux et al. 2016).  
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Figure 3.8 Impacts of water area recovery from contaminated imagery on area-level 

correlations and temporal coverage for the studied 428 lakes/reservoirs. (a) Changes in 

area-level (A-L) correlation (in Spearmanôs rho). Values indicate correlations before 

including recovery subtracted by correlations after including recovery. (b) Improvement of 

temporal coverage at monthly timescale (in %). 
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3.3.2 Robustness under different scenarios 

3.3.2.1 Fluvial lakes in the Amazon  

Fluvial lakes are usually shallow fresh water bodies formed on floodplains and deltas by 

fluvial processes (Cohen 2003). Water levels in fluvial lakes are often influenced by the stage of 

the connected rivers, which leads to highly dynamic inundation areas in these lakes (Wang et al. 

2017b). Increasing the mapping frequency for fluvial lakes is significant to the monitoring of 

freshwater availability and potential flood managements, particularly in humid regions. 

However, high-frequency mapping of fluvial lakes is notoriously difficult due to enduring and 

frequent cloud covers in humid regions, such as the Amazon. So for our first scenario, five 

fluvial lakes in the Amazon Basin with sizes in between ~100ï1000 km2 (Table 3.2) were 

selected to evaluate the performance of our proposed mapping method.  

As shown in Figure 3.9a, lake areas recovered from simulated contaminations are 

generally consistent with the actual areas, with a negligible relative error of 1.1%. The combined 

water area time series from both good and bad images improved the mapping frequency for 

nearly all of these fluvial lakes (except for Amana) to a bi-monthly level (Table 3.2; Figure 

3.10). Such an improved temporal frequency reveals new details on the seasonal cycles of these 

fluvial lakes (Figure 3.10). 

The combined area time series (from both good and bad images) achieve fairly strong 

correlations with altimetry levels (Spearmanôs rho between 0.78 and 0.95), which are highly 

comparable to the area-level correlations using good images alone (Spearmanôs rho between 0.82 

and 0.95) (Table 2 and Figure 3.10). This is further illustrated in the example for Lake Badajos 

(Figure 3.11) that shows the water extents extracted from a good image and a bad image of 

roughly equal water levels. The water extent from the bad image (Figure 3.11d) is incomplete 
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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 only 85% of that extracted from the good image (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 these fluvial 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 different scenarios. 

(a) Five fluvial lakes in the Amazon basin. (b) Six reservoirs in India. (c) Five lakes and reservoirs in High Mountain Asia. (d) 

Four saline lakes in western United States. (e) Five high-latitude 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 

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 (area-level) 

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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Figure 3.11 Comparison between extracted water extents for Lake Badajos (3.24°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/SLC-error cover: 15%, water level: 30.57 m). (d) 

Extracted partial water extent of (c). Landsat images are displayed in conventional false 

color composite (near-infrared, red, and green as RGB). Contaminations are masked in 

black and regions beyond the lake ROI is masked in transparent 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 area-level correlations (Spearmanôs 

rho) for the selected 25 lakes and reservoir under different scenarios 

 

 

 

Name  

(Location) 

 

 

 

Type 

 

 

 

Area 

(km2) 

 

 

 

CV 

(%) 

Monthly area coverage A-L correlation (Spearmanôs 

rho) 

Good 

images 

Good 

and 

bad 

images 

GSW 

(Good 

images)  

Good 

images 

Good 

and bad 

images 

GSW 

(Good 

images) 

Fluvial lakes in the Amazon Basin 

Aiapua (4.44°S, 62.16°W) lake 234 34.98 0.31 0.52 0.22 0.82 0.84 0.80 

Amana (2.56°S, 64.69°W) lake 152 9.13 0.22 0.40 0.16 0.84 0.78 0.65 

Badajos (3.24°S, 62.78°W) 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, 63.36°W) 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°N, 81.08°E) reservoir 137 71.62 0.54 0.65 0.41 1.00 1.00 0.99 

Gandhisagar (24.44°N, 75.50°E) 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°E) reservoir 507 61.18 0.36 0.56 0.25 0.97 0.97 0.97 

Ujani (18.21°N, 75.01°E) reservoir 215 19.93 0.49 0.66 0.35 0.85 0.87 0.84 

Ukai (21.35°N, 73.81°E) 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 High Mountain Asia 

Bears (32.00°N, 76.03°E) reservoir 179 26.00 0.50 0.70 0.31 0.94 0.93 0.94 

Pangong (33.73°N, 79.29 °E) lake 627 2.76 0.25 0.36 0.16 0.69 0.69 0.08 

Tarbela (34.23°N, 72.82°E) reservoir 175 23.10 0.35 0.68 0.26 0.87 0.90 0.94 

Tehri (30.41°N, 78.46°E) reservoir 19 73.60 0.35 0.61 0.39 0.95 0.96 0.93 

Toktogulskoye(24.11°N, 81.08°E) 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 lakes in 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 Salt (41.19°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°E) lake 1187 0.65 0.25 0.29 0.16 0.54 0.56 0.27 

Ladoga (60.83°N, 31.48°E) lake 17349 0.23 0.27 0.36 0.15 0.65 0.4 -0.08 

Onega (61.79°N, 35.42°E) lake 9531 0.22 0.28 0.35 0.14 0.03 0.03 -0.01 

Sheksna (59.66°N, 38.44°E) reservoir 315 1.78 0.22 0.27 0.15 0.08 0.05 -0.13 

Vygozero (63.58°N, 34.78°E) 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: Values in ñAreaò field represent the average lake/reservoir area inferred by the circa-2000 

global lake inventory (Sheng et al. 2016). ñCVò stands for coefficient of variation.  
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3.3.2.2 Reservoirs in (sub-)tropical India   

Reservoirs are artificial water impoundments on the natural rivers, in order to provide 

different purposes such as hydropower generation, water supply, flood control, and navigation. 

Timely monitoring of reservoir inundation extents is important for local food security and water 

managements (Crétaux et al. 2015; Zhang et al. 2014). In addition to cloud contamination, 

accurate detection of area changes in reservoirs is challenging because their shorelines are 

usually underdeveloped and thus complex in geometry. Thus for the second scenario, we 

selected six reservoirs with complex geometric shapes in tropical/sub-tropical India (Table 2). 

Areas of these reservoirs range from 108 to 507 km2 (Sheng 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 and R2 values close to 1. Including recovered areas 

from bad images improved the number of observations in the final time series by 19-56% (Table 

2 and Figure 3.12). As a result, the average monthly coverage for the six reservoirs reaches 66% 

(exceeding a bi-monthly frequency). The accuracy of our produced time series are also 

corroborated by the area-level correlations (Table 2; Figure 3.12), which remain strong 

(Spearmanôs rho >0.85) for all six reservoirs even after inclusion of recovered areas. For the 

Srisailam reservoir, visual inspection on the mapped extents from two significantly contaminated 

images show satisfactory results (Figure 3.13). After applying area recovery, recovered areas 

from contaminated imagery show a similar pattern in area-level relationship as areas from good 

imagery (Figure 3.12h). The area-level correlation is very high (spearmanôs rho: 0.97) even after 

areas from contaminated imagery are included (Figure 3.12h).  
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Figure 3.12 Produced water area time series for six reservoirs in India (left panel) and their 

relationships with altimetry water levels (right panel). (a)-(b) Reservoir Bansagar. (c)-(d) 

Reservoir Gandhisagar. (e)-(f) Reservoir Indrawati. (g)-(h) Reservoir Srisailam. (i)-(j) 

Reservoir Ujani. (k)-(l) 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 of (a). 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/SLC-error cover: 26%). (d) 

Extracted water extent of (c). This incomplete extent (419.17 km2) was recovered to a full 

area of 539.19 km2 as in Figure 3.12g. 

 

3.3.2.3 Lakes 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 sources for the 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 and reservoirs in High Asia were selected to assess the performance of 

our method in mountain regions. These water bodies have various sizes ranging from 19 km2 to 

627 km2 (Sheng et al. 2016). 
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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 water area in these five 

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








































































































































