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Abstract 

THE REMOTE SENSING AND MEASUREMENT OF MELTING PROCESSES ON 

GREENLAND AND ANTARCTICA 

By 

Nicholas Steiner 

Adviser: Professor Marco Tedesco 

We report measurements of melt-related processes for Antarctic and Greenland made using 

novel remote sensing algorithms and in-situ measurement techniques. First, persistent melting is 

mapped over Antarctica at high resolution using a novel melt-detection algorithm, based on 

wavelet-theory and multiscale analysis for the duration of the QuikSCAT satellite record (1999 

through 2009). This novel approach is compared with threshold based methods, where melting is 

detected at 3dB below the winter mean backscatter, indicating an agreement to within 7 percent 

accuracy in yearly melt index [days-km2] and within 10 percent accuracy based automated 

weather station (AWS) comparisons due to the omission of short-duration melting events. In 

further comparison with Special Sensor Microwave/Image (SSMI) melting records, a higher 

degree of agreement (9 percent relative difference) is obtained by employing the wavelet-based 

approach than threshold-based (11 percent relative difference) methods. Secondly, we assess the 

validity of remote sensing based multispectral bathymetry from the analysis of concurrent in-situ 

multi-spectral and depth measurements collected over a supraglacial lake during early July 2010 

in West Greenland (Lake Olivia, 69º36’35”N, 49º29’40”W).  In particular, we evaluate lake 
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bottom albedo and the water attenuation coefficient. Analysis of in-situ data (using a remotely 

controlled boat equipped with a GPS, sonar and a spectrometer) illustrates the exponential trend 

of the water-leaving reflectance with lake depth. The attenuation factors obtained are compared 

with those proposed in the literature. Finally, measured ablation rates at the bottom of the two 

lakes, collected during the summers of 2010 and 2011, are on the order of ~ 6 cm/day, versus a 

rate of ~ 2.5 – 3 cm/day in the case of bare ice of surrounding areas. These measurements are 

compared with a thermodynamic model forced with the outputs of a regional climate model. In 

general, the model is able to satisfactorily reproduce the measured quantities with RMSE of the 

order of 3 – 4 cm for the ablation and ~ 1.5 ºC in the case of water temperature. Results confirm 

that the ablation at the bottom of supraglacial lakes can account for close to ten percent of the 

total lake depth. 
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Preface 

 

The following document contains the collection of work done during my PhD. Each work has a 

topic that is related to the overall theme of this study, the remote sensing and measurement of 

melting processes. Each work stands on its own as either a publishable article or dataset. Several 

topics are covered including: 

1. The Detection of Melt over Antarctica using Active Microwave Sensors 

2. Measurement of Melt water Lake Depth using Multi-Spectral Optical Measurements 

3. Measurement of Ablation Rates Under Melt Ponds on Greenland 

 

For topics 1-3, the corresponding chapter is presented in the form of a journal article, each 

having a separate Introduction, Methods, and Conclusion sections (or similar). To summarize the 

introductory material for the reader’s convenience, an additional Thesis Introduction section is 

added to the start of this document containing a brief introduction to each topic on a general level 

and the connections between topics. 
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1. Thesis Introduction 

Warming from increased atmospheric CO2 concentration is predicted to cause substantial effects 

at high latitudes where the world's largest ice sheets are located (Anisimov et al., 2007; Hansen 

et al., 2010b). The effect of increased surface temperatures on the Greenland Ice Sheet (GrIS) 

and the Antarctic Ice Sheet (AIS) will shape future climate. Intensification of seasonal surface 

melting can have global-scale effects, including increases in the global sea level due to loss of 

mass from ice-sheets as well as a decrease in the ice sheet albedo leading to positive 

mechanisms. A sea level rise of several meters would affect millions of people concentrated in 

coastal communities (Nicholls, 2004; Nicholls & Cazenave, 2010). Remote sensing techniques 

have proved useful for observing melt-conditions at high temporal resolutions and at a global 

scale. This study introduces new methods and in-situ measurements to improve upon the 

monitoring of melt processes, and elucidates how melt processes are related to the rate of ice loss 

occurring on the GrIS and AIS. 

1.1 Rationale 

Global climate change has already resulted in measurable temperature increases at high latitudes. 

Recent reanalysis of weather station measurements (Hansen et al., 2010b) reveals that the GrIS 

has experienced a 0.6 o to 1o C observed increase in surface temperature during summer months 

(JJA) in the last ~60 years. There is evidence that these changes have intensified the previous 

decade (2000s), during which the GrIS has experienced a positive 1o C to 2.2o C average 

temperature anomaly (Hansen et al., 2010b).  Positive temperature trends recorded from weather 

station measurements are corroborated by remotely sensed infrared-band land surface 
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temperature measurements that estimate a more pronounced 0.73 +- 0.12o C increase in 

temperature per decade over the same time-period (Comiso, 2010).  

However, similar warming trends are not observed for a majority of the AIS. Overall, the 

Antarctic continent has experienced a slight but consistent cooling based on air-temperate 

measurement and reanalysis (Comiso, 2010; Hansen et al., 2010b). One notable exception is the 

Antarctic Peninsula (AP), the northernmost region of the AIS. where temperatures have 

increased up to ~2.7o Csince the International Polar Year of 1957 (Comiso, 2010; Hansen et al., 

2010a). By some estimates, this same warming trend extends over the entire Western Antarctic 

Ice Shelf (WAIS), increasing at 0.1o C per decade over the past 50 years (Steig et al., 2009).   

As temperature increases at high latitudes, the rate of surface melting is expected to increase, as 

these processes are intimately linked (Ohmura, 2001; Vaughan, 2006). The area of surface melt 

over the GrIS, is currently increasing at a rate of ~17x104 km2/yr based on satellite observations 

starting in the late 1970s (Fettweis, 2007; Mernild et al., 2011; Tedesco, 2007). However, for the 

AIS there appears to be no registered change in melting for either the AP or the AIS as a whole 

(Munneke et al., 2012; Tedesco & Monaghan, 2009). 

These melting processes are important, as melting of ice-sheets due to rising temperatures, along 

with the thermal expansion of the oceans, is a major factor in predicting the magnitude of global 

sea level rise (SLR) (Overpeck et al., 2006).  Currently, a majority of increases to SLR are driven 

by ice lost from glaciers and ice caps (Meier et al., 2007; Nicholls & Cazenave, 2010).  In the 

near future, ice lost by the AIS and GrIS will account for over half of this predicted increase 

(Alley et al., 2005; Rignot et al., 2011).  The potential magnitude of SLR from the ice-sheets is 

great, as melting of the AIS and GrIS ice sheets completely would produce an estimated 70 
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meters of SLR (Alley et al., 2005; Rignot et al., 2011).  Predictions of the maximum level of sea 

level rise expected for the 21st century vary from approximately 32 to 210 cm (Jevrejeva et al., 

2010; Rahmstorf, 2007, 2010; Solomon et al., 2007). These estimates come with a high degree of 

uncertainty, mostly due to the unknown response of the GrIS and AIS (Hughes, 1981; Joughin & 

Alley, 2011; Overpeck et al., 2006; Shepherd & Wingham, 2007) .  Based on the historic 

correlation between CO2 and global sea level (Alley et al., 2005), current levels of CO2 

correspond to a substantially higher mean sea level than what is currently observed.  In addition, 

the historic sea level record is not fully consistent with ocean level model projections (Alley et 

al., 2005; Meehl et al., 2007; Rohling et al., 2009). This indicates that some processes, such as 

the dynamic response of warming ice-sheets, are not captured by model predictions. As 

evidence, the currently observed rates of ice-loss exceed those predicted by a many global 

climate model prediction (Luthcke et al., 2006). In recent estimation of mass balance, the GrIS 

and AIS are experiencing ice loss that is accelerating at a combined rate of ~36.6+-2 Gt/yr2 

(Rignot et al., 2011). It is therefore crucial to understand and monitor ice loss by the AIS and 

GrIS, as well as the processes contributing to this loss, in order to improve SLR projections.  

1.2 Ice Loss Processes 

A majority of the ice-loss for the GriS and AIS occurs through two processes: calving events at 

the ice-sheet boundaries and surface runoff; both of which are affected by surface melting (van 

den Broeke 2009). The rate of ice-loss through calving events is primarily driven by gravity, but 

can be altered by surface melting in several ways (Bell, 2008). Surface melting may cause, or aid 

in the cause, of collapse of large-scale ice sheets, the semi-permanent floating platforms of ice 

found attached at the ice-sheet terminus. For the AIS, the surrounding ice-shelves structurally 

buttress the adjacent ice sheet (Alley et al., 2005; Dupont & Alley, 2006; Hughes, 1981; Joughin 
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& Alley, 2011). This suggests that stability at ice-sheet boundaries is highly correlated to the rate 

of ice-stream flow and, therefore, thinning within large ice-sheet systems (Dupont & Alley, 

2006). Current events on the Antarctic Peninsula may indicate that changes in ice-shelf stability 

are already occurring, For example, in 2002 the Larsen B ice-shelf experienced a catastrophic 

collapse. The conditions and exact circumstances responsible for ice-sheet of collapses are not 

fully understood, however, observations of conditions on the ice-shelf surface provide clues. In 

the summer preceding the collapse, the Antarctic Peninsula experienced a melting season of 

relatively high intensity (Scambos et al., 2003; M. van den Broeke, 2005). Surface melting and 

runoff fed extensive melt-water ponding, as well as the flooding of glacial crevasses in the ice-

shelf surface (Scambos et al., 2003). It is thought that pressure exerted by standing water in these 

cracks inhibited the closure of the crevasse system upon movement, and deepened existing 

openings through hydrofracture (MacAyeal et al., 2003).  These factors led to a structural 

weakening of the ice-shelf and may have acted as the main catalyst for the Larsen B collapse in 

2002. During this event, an area of ice that had formerly covered of 3,250 km2 and was stable for 

at least (M. Van Den Broeke et al., 2009) the previous 12,000 years, disintegrated in several 

months (Domack et al., 2005). Immediately following the collapse rates of connected glacial ice-

stream flow were observed to increase by 8 times their previous velocity (Rignot et al., 2004; 

Scambos et al., 2003). This series of events reinforces the implied role of melt-water in the 

process of ice-shelf collapse and therefore discharge.  

Surface melting and melt-water ponding are also important components of the GrIS ice-sheet 

dynamics. Here, melt-water ponds are seasonal structures common to the ablation zone. Similar 

to the AIS, melt-ponds can influence the rate of ice-flow and discharge through different 

processes. With the buildup of water pressure caused by the continual filling of topographic 
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depressions, melt ponds can hydraulically fracture the underlying ice sheet causing rapid 

draining events (Das et al., 2008; Tedesco et al., 2012; Zwally et al., 2002). It is estimated that 

pond draining delivers a substantial outflow from surface areas directly to the bedrock (Zwally et 

al., 2002).  The basal influx of warmer water is observed to accelerate adjacent down-gradient 

ice-flow, likely through lubrication and increased basal melting (Das et al., 2008; Joughin et al., 

2008). In this way the melt pond cycle may substantially affect the rate of downstream ice-loss.  

Though relative importance of this process is not well understood, it has been recently proposed 

that temporary increases in ice flow may not have a large impact on seasonal mass balance 

(Schoof, 2010; A. V. Sundal et al., 2011; Van Der Veen et al., 2011). Regardless of its 

importance to the integrated seasonal discharge, the direct effect of surface melting on the rate of 

ice flow make it an integral part of ice-sheet dynamics. 

In addition to the role that surface melting plays in ice discharge, surface melting is directly 

accounted for in surface mass balance estimates through seasonal runoff. For the GrIS and AIS, 

the volume of ice lost from meltwater runoff is comparable to the volume of ice lost from glacial 

discharge (M. Van Den Broeke et al., 2009). And like accelerating rates of ice-loss, direct runoff 

from melting has been increasing (Hanna et al., 2005; Luthcke et al., 2006). Presented in Chapter 

3, are in-situ measurements of melt lake bottom-ablation rates that can be applied to future 

studies for validation and improved prediction of total ice loss due to ablation and runoff; this 

topic is discussed in greater detail therein. 

Surface melting processes, for example the presence of melt ponds on the ice-sheet surface, will 

alter surface radiative fluxes, and lead to a higher absorption of short-wave solar insolation. This, 

in turn, promotes additional melting and is in itself a component of a positive feedback 

mechanism (Tedesco et al., 2011a). This phenomenon is observable on a seasonal basis as 
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changes in snow properties due to melting during one season are directly correlated with the 

surface melting in the following (J. Box et al., 2012; Tedesco et al., 2011b; M. R. van den 

Broeke et al., 2011). Additionally, the presence of a supraglacial lake, mainly due to the 

increased rate of absorption by the water column, has been shown to significantly (up to 2 times) 

increase the rate of ablation of the underlying ice (Tedesco et al., 2012).   

It is clear that the rate of surface melting over the GrIS and AIS is important, and should be 

monitored. Unfortunately, melting processes are, in a practical sense, difficult to measure 

directly. In situ measurements of liquid water content are rare, and not currently made by 

automated weather stations. As a result, a majority of the spatially continuous estimates of 

melting and melt-water production are based on remotely sensed observations. As introduced in 

the following chapters, space-borne microwave frequency instruments are most commonly used 

for this purpose.(e.g Abdalati & Steffen, 1997; Ashcraft & Long, 2006; Liu et al., 2005; Mote et 

al., 1993; S. Nghiem et al., 2007; S. V. Nghiem et al., 2001; Steffen et al., 2004; Tedesco et al., 

2007; Torinesi et al., 2003; Wang et al., 2008) . These instruments are able to detect the presence 

of water due to the high contrast in microwave frequency observations between dry and wet 

snow. This contrast exists because of the large difference in the complex dielectric constant of 

liquid water compared to ice at microwave frequencies, and particularly the imaginary part that 

accounts signal attenuation (Stiles & Ulaby, 1980; Tsang et al., 1985; F.T. Ulaby et al., 1981). 

Consequently, the active and passive microwave response to a liquid/solid phase change for any 

snow-covered area is much greater than other snow property changes (e.g. density or grain size) 

and will dominate the seasonal record (Stiles & Ulaby, 1980; F. T. Ulaby & Stiles, 1980).  

The timings of both the seasonal melt onset and refreeze as measured by microwave frequency 

sensors are correlated to the duration of above-zero seasonal temperatures for each measurement 
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location (Tedesco et al., 2007; Wang et al., 2008; Zwally & Fiegles, 1994). Dry and wet states 

are generally separated by a thresholded brightness temperature (PMW) or backscatter (AMW) 

based on an estimate of the expected absolute change in the measured signal upon an increase of 

liquid water content (LWC) (Stiles & Ulaby, 1980). A fixed (spatially and temporally) time-

series threshold has proven effective in many cases (Ashcraft & Long, 2006; S. V. Nghiem et al., 

2001; Tedesco, 2009); however, the actual signal change at melt/refreeze events is dependent on 

many factors that are not static, such as the properties of the melting snow or ice. From changing 

snow conditions (snow metamorphosis) during the evolution of a snow-pack, the microwave 

response to liquid water content (LWC) vary with time as well as location. The optimal melt 

detection methodology is then temporally and spatially dynamic.  

Another limitation of the fixed threshold methodology is that weather patterns or wind-driven 

melting are difficult to distinguish from melting events caused by synoptic-scale temperature 

increases. These events will produce similar values in microwave frequency observations, 

especially at higher frequencies (e.g. Ku-band), and will often be indistinguishable from wet 

snow (Fettweis et al., 2010). These weather related processes, however, will be short-lived in 

comparison to the length of seasonal melting. To remove sporadic weather related events from 

seasonal melting estimates it is necessary to consider the temporal duration of changes observed 

in microwave measurements. This can be accomplished using an arbitrarily small value (e.g. 3 

days) as a minimum temporal threshold to remove weather-like melting (S. V. Nghiem et al., 

2001; Tedesco et al., 2007). 

As an alternative to fixed threshold approaches, dynamic methods, or ones that use relative 

signal change rather than absolute magnitude, have been developed for melt detection (Joshi et 

al., 2001; Liu et al., 2005). These approaches detect melting events from the timings of large 
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magnitude (relative to observed dry snow) signal changes within a seasonal time-series. We 

build upon these previous change-based methods by introducing a novel melt-detection 

algorithm based on wavelet theory. This approach evaluates all signal changes within a seasonal 

time-series of observations based on both temporal persistence and relative magnitude change. 

This acts to reduce the effects of weather and wind-driven events on seasonal melting estimates. 

This topic is introduced at greater length in Chapter 2. 

As indicated, microwave sensors are well suited for the detection of melt-water extent at the 

surface (and volume) of snow and ice, but most are unable to distinguish melt surface-features 

such as ponds, from the surrounding melted surface. This is in some part due to the inherent 

resolution constraints of satellite based microwave instruments, but also due to saturation in the 

microwave response at a low LWC (Stiles & Ulaby, 1980). With increasing LWC, there is an 

exponentially increasing absorptivity (emissivity) which creates saturation in observations by 

both passive and active sensors. This inhibits the ability to resolve certain melt features, for 

example water saturated snow from standing water. 

Optical sensors are able to both detect the presence of melt-water ponding as well as to estimate 

depth (or volume) from multi-spectral observations. Since the optical properties of pure water are 

very well known (Pope & Fry, 1997), and since melt-water has negligible sediment load and 

organic content (Tedesco & Steiner, 2011), with some knowledge of the diffuse pond-bottom 

albedo total depth can be estimated from satellite reflectivity measurements. In the blue and 

green visible channels the penetration depth into pure water is on the order of tens of meters 

(Pope & Fry, 1997) and loss along the water column for melt-ponds are within the dynamic 

range of some visible sensors (Tedesco & Steiner, 2011). Using multispectral sensors, the 

detected loss through the water column can be used to estimate the depth of melt-water ponds (J. 
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E. Box & Ski, 2007; Sneed & Hamilton, 2007; A. Sundal et al., 2009). To do this the bottom 

albedo must be well known (Philpot, 1989). In previous physically-based approaches, the bottom 

albedo value has been estimated from either observations of the surrounding snow and ice 

(Sneed & Hamilton, 2007). Melt-pond depth has also been measured using an empirical 

relationship from in-situ measurements (J. E. Box & Ski, 2007). We present in Chapter 3 in-situ 

observations of depth along concurrent measurements of water-leaving hyper-spectral 

reflectance. These are used to estimate a bottom albedo based on a physical-based 

parameterization and evaluate remote sensing techniques for multispectral bathymetry (Chapter 

3). 

In summary, this work presents a method for approximating melting using active microwave-

frequency measurements (Chapter 2) that builds on earlier retrieval work on dynamic melt-

detection algorithms. This approach is able to isolate temporally sustained melting events from 

those that are sporadic in time. This work also introduces in-situ measurements from fieldwork 

in Greenland on the theme of melt-ponding.  As previously indicated, ponding is considered a 

key factor for ice-sheet dynamics for the AIS and GrIS.  Two separate field expeditions during 

2009 and 2010 provide the in-situ observations necessary for improvements the remote sensing 

of supraglacial melt pond depth as well as their effect on ice sheet ablation. Specifically, we 

provide the basis for improved estimates of standing water volume from remotely sensed optical 

measurements (Chapter 3). Lastly, we presents in-situ measurements of melt-pond ablation 

through novel techniques which can be applied to future studies for validation and improved 

prediction of total ice loss due to climate change induced melting of the GrIS and AIS (Chapter 

4). 
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2 A Wavelet Based Melt Detection Algorithm for Enhanced 

Resolution Scatterometer Data over Antarctica (2000-2008) 

2.1 Abstract 

Persistent melting is mapped over Antarctica at high resolutions using a novel melt-detection 

algorithm, based on wavelet-theory and multiscale analysis, for the duration of the QuikSCAT 

satellite record (1999 through 2009). This method is applied to Ku band (13.4 GHz) SeaWind 

Instrument normalized backscatter that is spatially enhanced to 2.225 km (Long & Hicks, 2000). 

This novel approach is compared with threshold based methods, where melting is detected at 

3dB below the winter mean backscatter, indicating an agreement to within 7 percent accuracy in 

yearly melt index [days-km2] and within 10 percent accuracy based automated weather station 

(AWS) comparisons. The differences between methods are found to be due to the expected 

omission of short-duration melting events. In further comparison with Special Sensor 

Microwave/Image (SSMI) melting records over the same duration, we find a higher degree of 

agreement (9 percent relative difference) using the wavelet-based approach the than threshold-

based (11 percent relative difference) methods. When melting estimates for the Antarctic 

Peninsula are compared to the Southern Annular Mode (SAM), it is found that increases in 

melting over some regions AP are well correlated with a positive SAM mode. 

 

2.2 Introduction 

The current and future behavior of mass balance of the Antarctica Ice Sheet (AIS) is one of the 

largest uncertainties in the prediction of global sea-level rise over the coming decades 
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(Bromwich & Nicolas, 2010; Dowdeswell, 2006; Lemke et al., 2007) with many studies having 

focused on quantifying surface mass balance and surface temperature trends over Antarctica 

(Chen et al., 2009; Rignot & Thomas, 2002; Shepherd & Wingham, 2007). Recently, Rignot et al 

(2011) have used the Regional Atmospheric Climate Model (RACMO2) in conjunction with 

Antarctica ice sheet discharge data to reveal an accelerating mass loss of 15.1 ± 12 Gt/yr2, in 

agreement with estimates obtained from the Gravity Recovery and Climate Experiment 

(GRACE) of 13.2 ± 10 Gt/yr2. Results reported in the literature also indicate that Antarctica 

temperatures have been increasing over the last decades (Steig et al., 2009), with the Antarctic 

Peninsula being subject to warming above 0.5°C/decade in the second part of the past century  

(Turner et al., 2005). The Antarctic Peninsula has witnessed dramatic events over the past 

decade: in 2002, the Larsen B ice shelf collapsed and so did a large portion of the Wilkins ice 

shelf in 2008. Both collapses were the consequence of a suite of physical surface processes and 

ocean-ice shelves interaction mechanisms. Surface melting likely played a key role, with the 

formation of meltwater ponds on the surface of the ice shelves contributing to their disintegration 

through hydrofracturing ,(e.g., MacAyeal et al., 2003), with cracks propagating to the base of the 

ice and ultimately leading to the catastrophic collapse. This episode highlights the importance of 

improving our capabilities of mapping surface and subsurface melting over Antarctica which is 

crucial for surface mass balance estimates and for understanding ice sheet and ice shelf dynamics 

and processes. 

Though surface melting can be estimated from surface meteorological measurements collected 

by automatic weather stations (AWS), such measurements are sparse over Antarctica and 

primarily located along the coast or at low elevations. The presence of melting snow in 

Antarctica can be estimated through the analysis of spaceborne microwave data, at large spatial 
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scales and high temporal resolution, as a consequence of the abrupt and considerable change in 

the recorded signal rapidly following the appearance of liquid water in snow (e.g., Ashcraft & 

Long, 2006; Tedesco et al., 2006; Tedesco & Monaghan, 2009; Ulaby & Stiles, 1980). Results 

from these observations have indicated that the sign of the melting trends over Antarctica has 

been regionally variable and dependent on the period analyzed and on the indices used, with the 

continent-averaged trend being small and generally statistically not significant for the period 

1979 - 2009 (Liu et al., 2005; Picard et al., 2007; Tedesco & Monaghan, 2009; Torinesi et al., 

2003).  

Both active and passive (e.g., Kunz & Long, 2004; Liu et al., 2005; S. Nghiem et al., 2007; 

Tedesco et al., 2007; Torinesi et al., 2003) microwave instruments, such as scatterometers or 

microwave radiometers data have been used to estimate Antarctic melt records. Many of these 

studies use the so-called threshold-based approaches, meaning that melting is detected when the 

recorded active (passive) microwave signal is below (above) a threshold value (Ashcraft & Long, 

2006; L. B. Wang et al., 2008; Zwally & Fiegles, 1994). In many approaches widely used in the 

literature, the threshold value for wet snow detection a selected value is added to a baseline value 

obtained from, for example, the wintertime (December through February) mean value.  

Approaches making use of a fixed value added to a ‘dry’ condition baseline-measurement will be 

denoted here as fixed threshold approaches (denoted FT thereafter). Approaches making use of 

dynamic temporal or spatial threshold values will be referred to as dynamic threshold 

approaches (Tedesco, 2009). Beside those based on thresholding, approaches using the intrinsic 

properties of the spaceborne signal have been proposed (Joshi et al., 2001; Liu et al., 2005; L. 

Wang & Yu, 2011). These approaches are inherently dynamic, in the sense that they are based on 

the magnitude of relative change within a backscattering or brightness temperature time-series 
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and will refer to them as dynamic approaches. The driving idea behind these approaches is that 

large amplitude signal changes (which are associated with the changes associated with the 

insurgence or disappearance of wet snow) are detected using differential operators, such as the 

derivative-of-Gaussian (DoG, e.g. Yoshi et al, 2001) or the dyadic wavelet edge detection 

method (e.g., Liu 2005).  

In this study, we build on previous work based on wavelet theory for detecting and mapping wet 

snow from the time series of an enhanced spatial resolution microwave backscattering product. 

We apply a multi-scale analysis to the seasonal time series of each pixel over Antarctica, without 

the need of a-priori information, as in the case of previous approaches.  Additionally, because of 

the properties of the wavelet methodology, the approach proposed in this study can distinguish 

between persistent melting (melting lasting continuously for a certain number of days, with the 

specific values discussed in the paper) and transient or sporadic melting events. Through our 

method, we can identify those melt onset “edges” (as well as smooth transitions) that are relevant 

on a seasonal scale, allowing us to identify snowmelt onset and refreeze events that are at least 

one order of magnitude larger than winter mean at scales comparable to the length of the melting 

season and persistent based on comparison with idealized signal “edges.”  

We apply our method to an enhanced spatial resolution QuikSCAT (Ku band) scatterometer 

dataset distributed by the Microwave Earth Remote Sensing (MERS) Laboratory 

(http://www.mers.byu.edu/) with an effective resolution of 5 km, re-gridded at 2.225 km (Early 

& Long, 2001; Spencer et al., 2003). The enhanced spatial resolution of such product allows to 

discriminate melting patterns at sub-ice-shelf resolution as well as to resolve melting patterns 

and trends that might not be apparent in coarse spatial resolution products. This type of high 

resolution dataset is ideal, for example, for the Antarctic Peninsula, a region of relatively high 
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elevation contrast where the coarse resolution of passive microwave observations (e.g., 25 km) 

might underestimate melt due to a large sub-pixel elevation gradient.  

This study is focused on estimates of the seasonal melt onset date (MO), melt off date (MF), melt 

extent (ME) and melt duration (MD) over the whole Antarctica. Results obtained with the 

method proposed in this study are compared with those obtained from a fixed threshold method 

applied to the same active microwave data set and from two different fixed threshold approaches 

applied to spaceborne microwave brightness temperatures. The fixed threshold approach used for 

comparison is introduced by Ashcraft and Long (2006). In this methodology, a -3 dB fixed offset 

is added to the winter-mean normalized backscatter to obtain a threshold value below which 

snow is assumed to have a layer (3.8 cm) with liquid water content (LWC) of greater than 1 

percent. Following Ngheim (2007) limit the minimum length of consecutive melting days are 

limited to 3 in order to remove non-winter melt and spurious backscattering transitions. Results 

from the approach proposed in this study are also compared with estimates of melt obtained from 

the analysis of surface (air) temperature values recorded by automated weather stations (AWS). 

Finally, building on previous studies, the relationship between the melting estimates obtained 

with the novel method here reported are discussed and quantities describing climate drivers in 

Antarctica, such the Southern Annular Mode (SAM) indices.  

2.3 Methodology 

In this section we introduce the wavelet method and its application to melt detection. A more 

detailed description of wavelet theory can be found in Mallet (1999) or Holschneider (1995). 

Wavelets have found great utility in image compression (Taubman et al., 2002), real-time 

medical applications like the analysis of electro-cardiograms (Addison, 2005; Li et al., 1995), as 

well as the analysis of remote sensing data time-series (Liu et al., 2005). A wavelet transform, 
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like a Fourier transform, is able to represent a time-series as an equivalent sum of its frequency 

components. Wavelet analysis is ideal for non-periodic data-series like those commonly found in 

remote sensing applications because the frequency components are localized. To clarify some 

terminology, the term frequency is often reserved for discussions of Fourier analysis, while when 

discussing wavelet analysis, frequencies are referred to as scales (denoted as ‘s’). Scales are 

simply the inverse of frequency and are equivalent to the data time-step at their smallest values.   

Wavelet or wavelet-like methodologies have been previously applied to microwave data for the 

purpose of snow-melt detection (see Joshi, et al, 2001 and Liu, et al. 2005 for details). In Joshi et 

al (2001) melting is detected by identifying maximum values, above a set threshold, in a series of 

relative signal-change coefficients determined using a derivative of Gaussian function (DoG) 

function using a series of brightness temperatures. The threshold is set through trial-and-error, 

and is used to separate melting-like transitions from non-melting. The melting season is defined 

as the period of time between melting-like signal transitions in brightness temperatures. In 

another similar study, (Liu et al, 2005) use a wavelet-based methodology similar to Joshi et al. 

(2001). Time-series of brightness temperatures are separated into their dyadic scale components 

using a first derivative spline function, as described in Mallet and Zhong (1992).  It was 

determined that the majority of high frequency signal noise and non-melting transitions are 

relegated to the shortest dyadic scales (high frequency). Melting is then identified by 

thresholding one dyadic scale (s=23) to identify both melting and refreeze transitions. The 

location of this transition is then traced across dyadic scales to its position at the finest scale. 

Optimal threshold values are determined through statistical analysis of a large population of 

wavelet coefficient magnitudes, corresponding to the relative magnitude of transition, or ‘edge-
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strength.’ The melting season, like in Joshi et al (2001) is defined as the periods between melt-

like transitions. 

Our current methodology builds upon these previous results in that it uses differential operators 

to analyze a data time-series to determine the relative magnitude of each signal transition. The 

most significant difference between the method proposed here and those reported in the literature 

is that signal changes can be evaluated based on all scale components, as opposed to a single 

scale component as in Liu (2005) and Joshi (2001). This is done using a continuous wavelet 

transform (CWT) that allows for the accurate connection of all scale components for a given 

signal transition. Another novel aspect of this current melt-detection methodology is the use of 

multi-scale analysis, which has found similar applications in image processing (S. G. Mallat, 

1999) and seismic wave response  (Herrmann, 2001; Le Gonidec et al., 2003). Multiscale 

analysis allows for the classification of signal transition types (i.e. step-like or smooth) in order 

to exclude non-melt or sporadic melt transitions (i.e. cusp-like or spike-like). This methodology 

is novel, and to our knowledge, it is the first time that such approach is applied to remote sensing 

of snow and ice.  

2.3.1 Continuous Wavelet Transform and Multi-scale Analysis 

In the method proposed in this study, melting is identified from +the analysis of the 

backscattering time series through the multi-scale components derived from a wavelet transform. 

The magnitude of a given scale component (s0) at any one location (u0) along the backscattering 

time series (f) is determined from the convolution of f with a short, wave-like, analyzing function 

(𝜓) centered at that position. Here, 𝜓 is confined, by its compact support, to a segment along the 

signal that is proportional to the scale being considered, s0. Convolution is then repeated for each 

position, as the wavelet function is translated over the entire signal length. This produces a series 
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of wavelet coefficients (Wf) for each scale (Figure 2-1a). The magnitude of Wf(u0,s0) is 

proportional to the relative contribution of s0 to the signal at u0. To analyze multiple scales, the 

wavelet function is dilated (in proportion to s) using a scaling factor, here equal to   !
√!

 (S. G. 

Mallat, 1999). A continuous wavelet transform (CWT) is a collection of position-scale 

representations ordered by scale, where the difference in sequential wavelet dilation is small. The 

CWT defines as a scale-position space, orthogonal to the time axis (Figure 2-1b).   

The CWT is calculated using the following integrated convolution product (S. G. Mallat, 1999) 

Equation 1 

 

Here f refers to the yearly backscattering time series at each pixel location over Antarctica. Daily 

measurements are arranged from June 1st through May 31st of the next year so that the austral 

summer (DJF) is continuous. Generally, the wavelet function ( ), used in the signal 

convolution, is defined as any non-zero function with a zero average,  and 

compact support, indicating that the function will equal zero at negative and positive infinity. It 

is often constructed from a mother wavelet (𝜃), a prototype function with compact support and 

often continuously differentiable. In this study we use a Gaussian function for θ. The analyzing 

wavelet function (𝜓) is then set to a derivative of the Gaussian function, , with 

the function order, n, equal to 1 (Mallet, 1999). The choice of n will be discussed further. 
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Figure 2-1 (a) The time-scale components of a backscattering time-series (black), 

are plotted as colored lines. It is important to note that the actual values (i.e. dB or 

Wf) of these components are normalized (in the Y-direction) so that they can be 

plotted on the same axis. (b) A continuous wavelet transform of the 

backscattering time series shown in (a) with individual scales highlighted as in 

(a). 

 

 

 

 

(a) 

(b) 
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When expressed as an equivalent convolution product Eq. 1 becomes (Mallet, 1999): 

Equation 2 

 

Equation 2, describes wavelet transform in two functional parts: one that will smooth the 

function (𝑓 ⋆ 𝜃!), and another that will extract details 𝑠! !!

!!!
 (Hermann, 2001). By using a 

derivative-of-Gaussian wavelet, and n = 1, large magnitude |Wf| are expected at positions 

corresponding to substantial signal edges, similar to the first derivative of that function. 

 Signal discontinuities, like the abrupt changes in backscatter associated with melting and 

refreezing events, produce areas of elevated |Wf| in the CWT that converge at fine scales to the 

exact position of signal discontinuity (S. Mallat & Zhong, 1992). Hence, in the CWT of AMW 

time-series during seasonal melt both upon melt onset and refreeze we expect large magnitude 

|Wf| that extend across scales. As an example, a backscattering time series over the Larsen Ice 

Shelf during the 2006-2007 melting season is presented in Figure 2-2a with the corresponding 

CWT plotted in Figure 2-2b. Representative of a typical melting season for the Larsen C Ice 

Shelf, short-duration backscatter losses are recorded during July, October and November, most 

likely due precipitation events and wind-driven melting, followed by a more sustained melting 

period from December to mid-February. The sustained melting event is isolated from shorter 

duration backscatter changes using multiscale analysis of a CWT as described in the following.  

Abrupt and sustained changes in the radar signal will produce observable features in the CWT. 

At position u=185 ( of the CWT, corresponding to a ~20 dB decrease over several days, a 

conical shape of negative (white) |Wf| is coincident with the signal transition at the finest scale 



30 
 

and extends down over scales. Values within this conical area compose the multi-scale 

components of that transition (u=185). An opposite condition is observed, corresponding to a 

refreeze event occurring close to position u=260. A similar conical shape is observed, composed 

of positive (black) |Wf|, indicating a rapid increase in observed backscatter (also ~20 dB) (Figure 

2-2b).  

Maximum |Wf| values follow “ridges” of these cone-shaped regions. Maximum or minimum 

values are referred to as wavelet transform modulus maxima (WTMM). All WTMM in a CWT 

are found by determining positions where   and where each maxima point is 

greater in absolute magnitude compared to its immediate left and right neighbors (Mallet, 1999). 

We can connect all WTMM by following them across scales to form Wavelet Modulus 

Maximum Lines (WTMML, Mallet 1999). The terminating position of the WTMML on the time 

axis is a position where the signal, or its derivative, is not well defined (i.e. discontinuous). By 

connecting all WTMM into WTMML we can identify all singularities (and therefore all potential 

melting events) in the data series (S. Mallat & Zhong, 1992). Using a Gaussian derived wavelet 

function ensures that all WTMM will propagate from a large scale, without interruption, to the 

finest scale (Mallet, 1999). We plot all WTMM connected as lines superimposed on the CWT in 

Figure 2-2b. (black, red and green lines, Figure 2-2b). 
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Figure 2-2  (a) QuikSCAT, HH pol., backscattering time-series plotted with the 

melt duration (MD) estimated using the CWT method (grey shaded in gray). (b) 

The continuous wavelet transform of this particular time series. Dark gray to 

black color values indicate positive |Wf| and light-gray to white negative. The 

locations of WTMML are indicated as black, green or red lines. Lines associated 

with melt onset (MO, WTMML1) melt refreeze (MF, WTMML 2) and sporadic, 

early season melt (WTMML 3, WTMML 4) are highlighted similar to Figure 2b. 

(c), associated 𝜶 (Holder Exponent) value is indicated. (d) The log2-log2 plot of 

WTMML scale and magnitude for a sporadic melting event and associated 𝜶 

values.   
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2.3.2 Multi-Scale Analysis 

Each WTMML found for a backscattering time-series of data is analyzed to determine whether 

or not it is related to a melting event. In this study we focus on measuring only continuous 

seasonal melting, e.g. those melting events that are not sporadic in time. This distinction is made 

using multi-scale analysis to characterize the transition type based on its WTMML.  

Multi-scale analysis is able to estimate the signal regularity (i.e. the number of times 

differentiable) at point of each signal transition (S. G. Mallat, 1999). Function regularity is 

proportional to the rate of decay in WTMM magnitude along the WTMML, expressed by a 

Holder exponent,𝛼  , (Herrmann, 2001). The value of  𝛼, for an isolated and ideal transition, can 

be determined from the WTMML using the following equation (Mallet, 1999): 

Equation 3 

 

We estimate the Holder exponent by finding the linear least squares regression between the log2-

log2 plot of |Wf| versus scales for each value along the WTMML. An example of this is found in 

Figure 2-2c and 2d, where the WTMMLs are derived from corresponding CWT (Figure 2-2b). 

The 𝛼 values reported for each WTMML approximates the signal regularity, or the number of 

times differentiable, at the terminating position of that WTMML. Since transitions in backscatter 

are not likely isolated (there is some overlap between the conical regions in the CWT), we only 

use the Holder exponent as an estimate of the signal regularity.  

Once 𝛼 values are determined, they are classified based on several idealized transition types 

whose 𝛼 values are known. In Gondic et al (2003) a step-like transition is determined to have  𝛼 
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values of zero for all scales. Additionally, a ramp-like transition or smoothed transition is 

determined to have a 𝛼 value of 1 or greater (Mallet 1999, Gondic et al 2003). We consider melt 

onset transition, similar to location 185 (labeled 1) in Figure 2-2b to be an approximate step-like 

transition. The actual 𝛼 value determined by linear least squares (𝛼! =0.27) is larger than in the 

simplified case, since it is not an ideal transition and it is not isolated. Nearby signal 

heterogeneity contributes to the WTMML values (i.e. there are other transitions within the 

compact support of the wavelet function at multiple scales). We consider melt refreeze events, 

like Figure 2-2b, position 250, similar to a ramp, or smoothed transition. The determined 

regularity (𝛼! = 0.4, Figure 2-2c) is greater than that of a step-function as expected, since this 

transition also has a steep step-like component and is not isolated.  

For spike-like transitions, similar to the rapid backscattering change at position, u = 240, (Figure 

2-2b), 𝛼 values will be negative (Gondic et al 2003, Mallet 1999). This transition produces two 

WTMML (Figure 2-2d), labeled 3 and 4, both having negative 𝛼 values(𝛼! = −0.27,𝛼! =

−0.4). Negative 𝛼 values associated with that WTMML indicate that the signal is that is 

discontinuous and non-differentiable at that point. By removing all negative α WTMML, we can 

remove all backscattering transitions that appear discontinuous at the scale of reference. In terms 

of melt detection, this will remove from consideration sporadic backscattering changes that 

return to “dry” conditions rapidly relative to the reference scale. This will create a melt detection 

process that will only find continuous melting seasons. 

For locations that do not experience melting events, variation in the radar signal will vary with of 

snow property changes due to snow metamorphism or precipitation events. Sustained changes 

such as these will produce WTMML of low magnitude relative to those observed with changes 

in LWC. To reduce the influence of these events, we set a minimum threshold for |WTMML| 
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magnitude at all temporal scales corresponding to an order of magnitude greater than those 

observed during winter (JJA) for each location. This is a conservative threshold and is not 

observed to influence those areas experiencing melt. Future studies should address a physical 

basis for this threshold. 

The choice in wavelet function order (n) is important in estimating signal regularity.  Simply put, 

n determines the number of zero crossings for a wavelet function. A wavelet function with n 

vanishing moments can estimate the signal regularity up until positive or negative n. Therefore, 

by using the first derivative of a wavelet function, we can estimate 𝛼 to within±1. It is also the 

case that the number of WTMMLs in any CWT are proportional the wavelet function order 

(Mallet, 1999). To reduce the computational demands of our melt-detection algorithm, we set n 

to the lowest possible number (n=1), hence reducing the number of WTMML that must be 

considered for each backscattering time series. We acknowledge that under certain conditions a 

higher order wavelet function may be more appropriate. For example, a second order function 

will have WTMML associated with points of inflection, where the signal regularity is greater 

than 1. For gradual changes in backscatter during the start (or end) of melt conditions, the initial 

change in backscatter from melting will be a point of inflection as the signal diverges from the 

winter mean value. In comparison to rapid onset melting where the maximum slope of signal 

change is concurrent with the divergence from winter mean backscatter. This is observed to 

some extent for at position 250 (Figure 2-2b). The wavelet determined melting season (shaded 

area) MF date corresponding to the point of maximum transition in backscatter. This estimation 

is several days prior to the location where the backscattering returns to “dry” scattering 

magnitudes, and a more appropriate location for MF may be at ~260. This issue does not imply 

that all melting events associated with a smooth transition will be missed by our melt detection 
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algorithm, but rather the estimation of melt onset and melt refreeze dates in such cases may be 

determined with more accuracy using a higher order wavelet function.  

2.3.3 Melt Detection Process 

 In the manner described in Sections 3.2 and 3.3, a collection of all wavelet transform 

modulus maximum lines (WTMML) are determined for each backscattering time series. Each 

individual WTMML is evaluated in order based on the following criteria: 

1. The WTMML must have a scale component that extends above a set minimum scale. 

Signal noise, and noisy transition in backscatter produce WTMML only at small scales 

(i.e. high frequency). We set the minimum scale at 25. It was observed that using a scale 

of 23 similar to Liu et al (2005) could not eliminate all noisy transitions common during 

the melting season. This increased minimum scale relative to previous studies is expected 

since the enhanced resolution product contains more noise relative to other datasets 

(Ashcraft & Long, 2003; Spencer et al., 2003), and active microwave measurements (in 

comparison to the passive microwave data used in Liu et al., 2005) are more sensitive to 

liquid water content (LWC) and snow property changes.  

 

2. All |Wf| along the WTMML must have a value one order of magnitude (10x) greater than 

those measured during the winter season. For areas experiencing melt, this condition 

does not have a large effect since |Wf| produced at all scales for a ~3dB transition in 

backscatter is many orders of magnitude greater than observed wintertime conditions. 

However, areas that experience snow property changes, but no seasonal melt, will 

produce WTMML with large scalar components since these changes are not “noisy” 

transitions and are temporally sustained. Since changes in LWC produce greater 
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differences in backscattering values compared to snow property changes (Ulaby & Stiles, 

1980), we threshold the |Wf| values of a WTMML, at all spatial scales, with a value one 

order of magnitude (10x) greater than observed wintertime conditions.  

 

3. The Holder exponent,𝛼, of each WTMML must be equal to or greater than zero. For 

reasons discussed in the previous section, we eliminate spike-like transitions in 

backscatter using a test of point-wise signal regularity. 

 

All signal transitions that meet these 3 criteria that are considered to be melt related. To define 

the melting season, out of the set of melt related transitions, we select the  WTMML (1)  that has 

the greatest mean |Wf| over all scales and (2) that extends to the largest scales. This WTML is 

matched with a corresponding transition of opposite magnitude, where refreeze must follow melt 

and melt must precede refreeze.  This process is repeated until all melting WTMML are 

matched. The melt onset (MO) is defined as the first day of melting, and melt off (MF) is defined 

as the last melting day plus one. The melting duration (MD) at any pixel location is found as the 

sum of all days where melting occurs. 

 All computation for wavelet analysis is done using the MATLAB® numerical computing 

environment using the WaveLab 850 wavelet function library, distributed by Stanford University 

(www-stat.stanford.edu/~wavelab/). Due to the complexity of the melt-detection procedure, 

computationally intensive steps are coded through the MATLAB’s parallel computing toolbox, 

and run using 8 processing-cores. In this configuration, 1 continent-scale melting-season requires 

1 to 2 days of processing. 
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2.3.4 Threshold Based Methods 

To create a dataset for comparison, a 3dB minus winter (JJA) mean backscatter approach, as 

used in Ashcraft and Long (2006) is applied to the identical QuikSCAT dataset. Melting events 

whose durations are shorter than 3 continuous days are removed from the melting record at each 

pixel following (S. Nghiem et al., 2007; Tedesco & Monaghan, 2009). 

2.4 Data sets 

2.4.1 SeaWinds on QuikSCAT 

Enhanced spatial resolution melting products (gridded at 2.225 km) are derived from the 

enhanced resolution SeaWinds (commonly referred to by the satellite name, QuikSCAT) 

scatterometer dataset distributed by the Microwave Earth Remote Sensing (MERS) Laboratory at 

Bingham (BYU, http://www.mers.byu.edu/). The SeaWinds instrument is a conically scanning 

pencil-beam width scatterometer that takes normalized radar cross-section measurements (𝜎!) in 

the Ku band (13.4 GHz). This instrument records both horizontal and vertical polarizations at 

two set observation, 46o for H-pol. and 54.1 for V-pol (Long & Hicks, 2000). The effective 

~7x30 km instantaneous field of view of the QuikSCAT range-Doppler processed 'slice' product 

(Spencer et al., 2003) is enhanced through a scatterometer image reconstruction algorithm (SIR) 

developed at BYU. By combining multiple observations that are weighed within with the senor's 

antenna function, the SIR algorithm can recover information attenuated at the antenna side-lobe, 

and thereby effectively increasing the spatial resolution of the standard scatterometer product 

(Early & Long, 2001). This resolution enhancement is done at the expense of increased signal 

noise. In view of the strong change in measured backscatter following the insurgence of liquid 

water, this increase in noise does not likely affect melt detection considerably, hence allowing 

for the generation of a surface melting product (including extent and duration) at a gridded 
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spatial resolution of 2.25 km. In addition, the CWT method is well suited for noisy datasets since 

high frequency, noisy, transitions in backscatter are not likely to create WTMML that extends to 

large scales and those that do will decrease in |Wf| with increasing scale, leading to negative 

Holder exponents (𝛼). The CWT therefore will not consider signal noise as a possible melting 

event.  

2.4.2 Automated Weather Station 

Automated weather station data from the Antarctic Meteorological Research Center (AMRC) 

and Automatic Weather Station (AWS) program, maintained by the Space Science and 

Engineering Center at the University of Wisconsin, Madison (AMRC, SSEC, UW-Madison), is 

used to evaluate the results of the melt detection algorithms. This dataset contains continuous 

Antarctic climate observations, for some stations since 1980. For our comparison, we use the 

hand corrected 3-hr air temperature records, when available. AWS air temperature measurements 

are made using platinum resistance thermometer (PRT) that measure air temperature to within to 

0.125 ºC with an accuracy of ±0.05 ºC. The stations used in this study are: Larsen Ice Shelf (Lat: 

67.01S  Long:  61.55W  Elev:   17 M), Uranus Glacier (Lat: 71.43S  Long:  68.93W  Elev:  780 

M), Fossil Bluff (Lat: 71.33S  Long:  68.28W  Elev:   63 M), Butler Island (Lat: 72.21S  Long:  

60.17W  Elev:   91 M), Pegasus South (Lat: 77.99S  Long: 166.57E  Elev:    5 M), and Limbert 

(Lat: 75.91S  Long:  59.26W  Elev:   40 M). For each AWS, 3-hour air-temperature 

measurements and backscatter are spatially and temporally co-registered using exact overpass 

times available from MERS-SCP. 

Melting is assumed to occur when the mean daily air temperature is above the melting point, 

0oC. This criterion is often used to compare AWS air temperature datasets with satellite derived 

melt estimates (Steffen, Nghiem, Huff, & Neumann, 2004). For Antarctica, extreme fluctuations 
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in daily temperature prevent the daily mean temperature from exceeding 0o though satellites 

observations indicate that melting is likely taking place. A sub-melting temperature threshold is 

often used to account for this fact (Tedesco & Monaghan, 2009; MR Van den Broeke et al., 

2010). However, the mean daily temperature does not contain information on how long 

temperatures stay above the melting point, and has been found to be a less accurate measure of 

melt-water production in polar regions (van den Broeke, 2005). In addition to this, many factors 

besides ambient air temperature, including precipitation (Fettweis et al., 2010) and surface 

albedo (Tedesco et al., 2011) influence the occurrence of melt. As albedo decreases, from snow 

metamorphism, the absorption of solar also increases leading to additional melt. A temperature 

sensitivity analysis is presented in the supplementary section (Figure A-7 through Figure A-12). 

Here, we take a simple approach and estimate melt by setting a threshold on the number hours 

per day when measured temperature exceeds 0oC. We choose a threshold of 6 hours, equivalent 

to at least 2 daily above zero measurements for the 3hr corrected AWS air temperature dataset, 

rather than mean surface temperature. It is found that this choice does not have a large influence 

on the classification of melting from air temperatures. Using this AWS-specific positive melt 

hour threshold to create a validation dataset, we assess the outputs of the FT3 and CWT melt 

detection methods. In particular, we study the number of days when the remote sensing- and air 

temperature-based estimates agree (true-positive), the omission error, computed as the 

percentage of days when air-temperature indicates melting but the remote sensing-based 

approach does not (true-negative), and the commission, computed as the percentage of days 

when QuikSCAT indicates melting but this is not true from the analysis of air temperature (false-

positive). 
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2.5 Results 

 In Figure 2-3 we show the maps of mean (2000 through 2009) seasonal melt duration (in 

number of days) obtained from the a) FT3 and b) CWT algorithms and c) their difference over 

the whole continent. Although the spatial patterns for MD are similar for both algorithms, 

systematic differences exist. The CWT based method shows a strong regional bias between areas 

of the Antarctic Peninsula (negative) and Dronning Maude Land (positive). There is an also a 

clear edge effect at substantial elevation gradients. These two trends are explained in the 

following. A quantitative analysis of these differences highlights that CWT produces an average 

MD value of 28 days, versus the 41 days obtained with the FT3 algorithm. The continent scale 

melt index (MI, defined as the melting subject to area times the number of melting days) 

obtained with the CWT approach is 2.971 x107 [day*km2], a value greater than that obtained 

with the FT3 approach of 2.813 x107 [day*km2]. When considering only melt extent (ME), the 

CWT algorithm estimates that 6.23 % of the total surface area of Antarctica is subject to at least 

one day of melting per season compared to the 8.14 % found using the FT3 method. In general, 

therefore, the CWT method estimates longer mean melting duration over smaller areas than the 

FT3 approach. MD values for each year are presented in the Appendix (Figure A-2 and Figure 

A-3). Additionally, a comparison (ΔMD) of the melt duration for enlarged section of the 

Peninsula is also presented in more detail in the Appendix (Figure A-4). 

As previously mentioned, we estimate the length of the melting season as the difference between 

melt off (MF) and melt onset (MO) dates. At a continental scale, the average MO value from the 

CWT approach is day 347 [day of the year, DOY] and in the case of the FT3 algorithm it is day 

352. The difference between the MD obtained with the two approaches is small compared to the 

standard deviation (SD) of either method, being SDFT3 = 12 days and SDCWT = 16 days. The 
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mean MF dates for the whole of Antarctica differ by 3 days, with the FT3 suggesting a later 

refreezing than the CWT approach. This indicates that although the CWT algorithm will identify 

a constantly earlier MO and later MF than the FT3 method. A more detailed view of MD, MO 

and MF over the Antarctic Peninsula are presented in the supplementary section (Figure A-5 and 

Figure A-6). 

In terms of melting duration, the maximum MD difference between methods (Figure 2-3c) is 

observed over areas of Eastern Antarctica near the Donning Maud Land.  Here ΔMD, defined as 

MDFT3-MDCWT, has an average of 25 day. This difference can be partially explained by the 

disparities in melting season length. Over the 10-year measurement record, the difference in 

mean season length (defined as MF minus MO), accounts for 14 percent of the observed 

difference in mean MD between methods. Therefore we reason that the majority of the 

disagreement between methods occurs within the melting season. By comparing the percentage 

of melt days per melting season length ((MF-MO)/MD), representing the percentage of days 

during melting season where melting is detected by either method, we find that the FT3 method 

detects melt for 65 % of the melting season while the CWT approach finds melt for 95 % of 

melting season days. The percentage of days that are classified as “wet” between the MO and 

MF produces a majority of the difference in MD observed between methods.  

Over the Antarctic Peninsula (Figure 2-3b and c), in the regional mean-MD between methods are 

more similar in comparison with the rest of Antarctica. For the Antarctic Peninsula, the CWT 

method finds a mean MD value of 55 days, while the FT3 finds a mean MD value of 51 days. 

This similarity is mainly a result of the large variability in elevation for the Antarctic Peninsula 

that balances the elevation bias discussed in the following. From Figure 2-3a it is evident that the 

CWT finds greater MD values over the ice shelves of the Peninsula. From the analysis of ME 
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and MI values over the same areas we find that the CWT method produces higher values of MD 

but smaller MI than the FT3 approach, due to the greater melting extent found by the FT3 

compared to that found by CWT.  

 

 

Figure 2-3 (a) A map of mean (2000 through 2009) seasonal melt duration estimated from the 

SeaWinds sensor on QuikScat, using a 3dB below winter mean threshold (FT3) (b) and a 

continuous wavelet based method (CWT). (c)The difference between mean MD from both 

methods is indicated as 𝜟MD (FT3-CWT). The location of the Antarctic Peninsula (AP) and 
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Peninsula	
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Dronning Maude Land (D) are labeled. (d) Autocorrelation analysis using a log transformed 2-

axis histogram, where mean MD is compared for all areas where melt is detected by both 

methods  

In terms of the melting season length over the Antarctic Peninsula, the mean melt onset (MO) 

date from the FT3 is found to be is 366 [DOY], while the mean MO for the CWT is 342 [DOY]. 

The MF values for the same areas are 411 [DOY] for the FT3 and 398 [DOY] for CWT. This 

indicates that the FT3 approach estimates a substantially longer (~20 days) melting season per 

year for the Antarctic Peninsula compared to the CWT. Much of this difference is due to an early 

melting onset. 

The 10 year mean MD value per grid cell obtained with the FT3 method is plotted versus the 

same quantity obtained with the CWT method in Figure 2-3d. Results of a linear least square 

regression and autocorrelation analysis indicate that the results from the two algorithms are 

highly correlated r = .897 (p < 0.001) with a root mean squared error (RMSE) of ~ 9 days. The 

CWT method finds larger MD values for areas that experience a short melting season (~MD 50 

from the 1:1 line) and lesser MD in comparison with the FT3 approach for greater MD values. A 

bias of ~ 15 days exists between the two methods. The abundance of large magnitude CWT 

outliers (above the 95% confidence interval) indicates that the CWT may greatly overestimate 

MD, in a small percentage of cases, over all values of MD found by the FT3.  

The larger mean MD estimated by the CWT is explained by the increased frequency of small 

temporal scale melting events detected by the FT3 methods (Figure 2-4a). Close to 5 % of MD 

values found by the FT3 are 10 days or less (Figure 2-4b). For the CWT method, this accounts 

for less than 1 % of all detected melting events. This indicates that the detection of short-duration 

melting events by the FT3 will lower the mean MD used in the previous comparison. As 
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evidence, a majority (>50 %) of MD for the FT3 method are under 27 days, compared to a 37 

MD for the CWT method. Both methods are in agreement for longer duration MD, where close 

to 20 % of all MD for both methods are 60 days or over. 

 

Figure 2-4 A histogram of seasonal (2000 through 2009) mean melt duration in 

days (a). An empirical cumulative density function of mean melt duration (b). 

An analysis of the behavior of backscattering over a single melting season provides a better 

understanding of the differences between the two remote sensing algorithms.  To this aim, we 

focus on a temporal analysis of melt extent for two regions of Antarctica, namely the Antarctic 

Peninsula and the coastal area of the Dronning Maude Land. We selected these areas because 

they exhibit the largest differences between the MD estimates from the two algorithms. For the 
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Peninsula during the 2004-2005 melting season, FT3 values (Figure 2-5a, solid gray line) 

exhibit an early season (November, 2004) peak value where melt extent reaches an extent of up 

to ~80 percent of the maximum yearly maximum melt extent for a period of less than 8 days. 

This transient melting event is not detected by the CWT approach (Figure 5a, dotted black line). 

A backscattering time series from the Antarctic Peninsula, over this same period, is plotted in 

Figure 5c. The melting season, as defined by both methods, is indicated by a shaded region for 

the CWT method, and by the location of the 3dB threshold for the FT3 approach. All normalized 

backscattering values below the 3dB threshold value are associated with the presence of melting 

conditions.  From Figure 3c, we observe that the CWT approach excludes melting at the 

beginning of the season (outside of the shaded area). We point out that the histograms in Figure 

2-5a and Figure 2-5b refer to regionally-averaged values where Figure 2-5c and Figure 2-5d 

refer to a single pixel within the melting season. Figure 2-5a and 5b show that, in general, the 

two methods find similar starting melting dates. The difference between the two methods over 

the Peninsula can be attributed to non-sustained short-term melting/refreezing events prior to and 

after the period when the majority of melting occurs. Additionally, it is clear that the melt onset 

date determined using the FT3 approach (defined as the first melting event greater than 3 days) 

will correspond to the brief November melting event. From the histogram it is apparent that after 

a brief melting event, more widespread melting may not occur again for several weeks. 

 type of discrepancy in melting accounts for the majority of the melting season differences 

observed between the FT3 and CWT methods. For the pixel under study, this will not create a 

considerable difference in MO or MF dates.  
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Figure 2-5 (a) A histogram of melt extent for the 2004-2004 melting season 

estimated using the FT3 and CWT methods over the Antarctic Peninsula and (b) 

one for during the 2001-2002 melting season for the Dronning Maude Land 

(Section M,b). Backscattering time series are plotted for (c) similar time series of 

a representative pixel location for the Peninsula and (d) Dronning Maude Land to 

illustrate the results of CWT (shaded) and FT3 methods (threshold indicated). 

Similar plots for the Donning Maude Land are shown in Figure 2-5b and Figure 2-5d. In this 

case, the CWT method finds a higher value for MI with respect to the FT3 method. A sample 

backscattering time series (Figure 2-5d) indicates that while the FT3 method will generally 

record multiple melt/refreeze events, the CWT will record a single, longer melting event.  

An analysis of the duration of melt-periods identified using the FT3 method, but not by the 

CWT, attempts to quantify the expected length of an isolated melting event eliminated in the 



47 
 

CWT method (i.e. the minimum number of days where the CWT will detect melting). As an 

example, Figure 2-6 shows the normalized probability density (lines) and cumulative density 

(bars) as a function of the length of continuous of melting days obtained from the two 

approaches over the Antarctic Peninsula for the two selected years of 2003-2004 and 2005-2006; 

these seasons are selected to as an example of a relatively low and high melting index 

respectively. In 2003, ~ 60 % of MD values differ by only 1 day, ~ 20 % show differences of two 

days, with the remaining values differing by more than 6 days (~ 90 percent of observations are 6 

days or less). These findings are similar to the temporal filtering methods used in previous 

melting studies to eliminate transient melting events (e.g., 3 days, S. V. Nghiem et al., 2001; 

Tedesco, 2009). 

 

 

Figure 2-6  Probability density function (bar) and cumulative density function 

(line) of continuous melting periods per season observed over Antarctica (not the 

total per-pixel seasonal difference) that are found using a FT3 but rejected in by 

CWT. 
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We also performed an analysis aimed at identifying the performances of the two algorithms as a 

function of elevation. In Figure 2-7 we show results differences between the outputs of the two 

approaches as a function of elevation for the Antarctic Peninsula, the Dronning Maude Land and 

the whole Antarctica. For the Dronning Maud Land area, the melt index difference between the 

two methods (MIFT3- MICWT) is negative, independently from the elevation. For the AP however, 

the mean difference between methods is positive, and will vary with elevation. For areas that are 

400 meters a.s.l. or less, the CWT method underestimates MI with respect to the FT3 method. 

Conversely, above 400 m. a.s.l., the MI difference becomes negative. Building on our previous 

analysis, we infer that melt processes are likely dominated by short melt-refreeze cycles at high 

elevations.  
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Figure 2-7 Difference between the melting index (MI) estimates from the FT3 

and CWT (FT3-CWT) methods at a range of elevations for the entire Antarctic 

continent as well as the AP and Dronning Maude Land. 

 

2.5.1 Comparison between QSCAT-based approaches and analysis of 

Automated Weather Stations 

Results of the FT3 and CWT approaches are compared with estimates of melting derived from 

surface air temperatures measured by several automatic weather stations (AWS) (Larsen Ice 

Shelf, Fossil Bluff, Uranus Glacier, Butler Island, Limbert and Pegasus South). Due to the lack 

of in-situ liquid water content or snow temperature measurements, melt is estimated from AWS 
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air temperatures where the temperature is above zeros for at least 6 hours per day. The time 

series of co-registered backscattering, air temperature and positive temperatures are plotted in 

Figure 2-8. We compute the accuracy, commission, and omission percentages at each station 

(Table 2-1). Accuracy indicates the percentage of cases where surface temperature and 

spaceborne-based estimates both agree. Commission indicates when QuikSCAT indicates 

melting but this is not the case for the surface temperature; lastly, omission indicates those cases 

when the analysis of the surface temperature suggests melting but this is not detected according 

to the remote sensing algorithm. For those stations that experience at least 10 days of melt per 

year (Butler Island, Fossil Bluff and Larsen Ice Shelf stations),  we find the highest rate of 

agreement between the remote-sensing and the AWS-based estimates. For these stations the FT3 

approach performs slightly better (~ 10 percent) than the CWT approach.  Of these, the Larsen 

Ice Shelf and Fossil Bluff stations show the highest overall agreement for both methods, 

averaging 87 percent (77 percent) and 75 percent (66 percent) for the FT3 (CWT) approach over 

the 1999 - 2009 period. The two stations generally display a large magnitude and sustained 

change in backscatter over the melting season (Figure 2-8a and b). For the Limbert, Butler 

Island and Uranus Glacier stations (Figure 2-8c, d and e), there is a higher degree of accuracy 

for the FT3, compared to the CWT approach, with differences up to 43 percent in accuracy. For 

these stations, the majority of melting occurs as short duration events. This is not the case during 

the 2002 and 2003 seasons for the Limbert and Uranus Glacier respectively, where the 

backscattering time-series experience a more substantial decrease in backscatter, here both 

methods are in good agreement with AWS estimates. From (Figure 2-8a and b) majority of the 

difference between methods, for these stations occurs at the beginning and end of the melting 

season. For the Pegasus South station, the CWT method is in better agreement with AWS 
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compared to FT3 with a 10 percent greater mean accuracy, although only accounting 48 percent 

of the estimated melt. Here, as opposed to the Limbert and Uranus Glacier station, melting over 

Pegasus South (Figure 2-8f) is expressed by a gradual, low magnitude and sustained decreases 

in backscatter over the summer season. This type of melting event is better identified using the 

CWT method. The Pegasus South station has the highest mean temperature, 2.16oC, for all 

stations during melting estimated by AWS. The Pegasus South station also experiences an 

average loss of only 1.86 dB (from winter mean) during AWS defined melting. Only the Uranus 

Glacier station has a smaller backscatter change, of 1.80 dB with an average temperature of 

0.79oC during melting. In contrast, the Larsen Ice Shelf averages a loss of 15.07 dB with mean 

temperature of 1.06oC during AWS defined melting.  
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Figure 2-8 AWS temperature records for the (a) Larsen Ice Shelf, (b), the Fossil Bluff, (c), the 

Uranus Glacier, (d) Butler Island, (e) Limbert and (f) Pegasus South for 2000 to 2009 plotted 

with the corresponding QuikSCAT backscattering values. Times where the FT3 or CWT 
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approaches estimate melting are shaded red and blue respectively, while times where both 

methods agree are shaded grey. 

In terms of omission errors, there is an average of 12 percent fewer false positives for the FT3 

compared to the CWT. For the Limbert AWS, the CWT method has a maximum mean omission 

error for the CWT of almost 83 percent, compared to the FT3 at 40 percent. The Limbert Station 

has a short melting season, averaging close to 4 [days/yr] in length from AWS. A majority of 

these melting events are omitted using the CWT. Conversely, the FT3 approach detects these 

events with relatively high accuracy (83 percent).  These findings are constant with the analysis 

presented on the ability of the CWT to detect short-duration melting events. A similar rate of 

omission is found at the Uranus Glacier AWS, again due to the omission of short-duration 

melting events. For the Larsen Ice Shelf station, we find the lowest rate of omission, averaging 

34 (25) percent for the CWT (FT3).  Commission errors are found to be small for both methods, 

averaging 3 percent for all stations for both the FT3 and CWT respectively. The largest 

commission errors for both methods are found for the Larsen Ice Shelf and Fossil Bluff stations, 

where the longest duration of melting per season is observed. 

It should be noted that sporadic temperature increases related and precipitation will cause a 

decrease in the accuracy of the CWT method which is designed to detect longer duration 

temperature changes. From lack of precipitation data from AWS on Antarctica it is difficult to 

fully evaluate the effect of weather related melting versus temperature driven melting as in 

previous studies (Fettweis et al., 2011). 

 

 



55 
 

Table 2-1  
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2.5.2 Comparison with Passive Microwave Measurements 

As an additional assessment of the CWT algorithm here proposed, we compare melting detected 

from passive microwave observations using approaches proposed in the literature with the 

outputs of both the CWT and FT3 methods. The SSM/I melting data are derived using two 

methods. The first is a fixed threshold approach as in Zwally and Fiegles (1994), here denoted as 

M+30K. The second dataset is produced using a dynamic electromagnetic modeling based 

detection approach as in Tedesco (2009, here denoted as MT09). Outputs from both methods are 

projected onto the 2.225 km QuikSCAT grid using nearest neighborhood interpolation method.  

The values of seasonal integrated MI for Antarctica between all methods, both AMW and PMW 

are compared (Figure 2-9). For all methods, the PMW M+30K and the CWT approach have the 

most similar magnitude in seasonal MI, where the relative difference, !!!!!!!
!
!(!!!!!!!)

between these 

methods is  the M+30K and CWT methods is 9 percent. This is only 2 percent greater than the 

difference between the CWT and FT3 methods (7 percent). There is a slightly greater relative 

difference between the FT3 and M+30K of 11 percent. The MT09 method finds on average, a 40 

percent greater MI than the FT3 method, and 35 percent greater than the CWT. Results for MI 

for both AMW methods for all years are presented in the Appendix (Figure A-13). 

For individual seasons, all methods find a MI maximum during the 2004-2005 melting season. 

The active and passive methods, however, do not agree on the year of minimum MI. Both the 

CWT and FT3 approaches find a minimum MI during the 1999-2000 seasons while the passive 

methods find a minimum during the 2008-2009 seasons.  
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Based on a comparison of temporal trends, a high degree of correlation is found between all 

methods. The correlation between the M+30K and the CWT methods have r = .943 (p<0.001) 

and a root mean squared error (RMSE) of 2.74x106 [day-km2]. Between the FT3 and M+30K 

approaches, r = .922 (p=0.001) and RMSE = 3.10x106 [day-km2] (Figure 2-9b).  When 

compared with both active datasets, the MT09 method find an r = .931 (p=0.001) with a RMSE 

of 2.48x106 [day-km2], and when compared to the FT3, and a r = .911 (p =0 .002) with a RMSE 

= 2.91x106 [day-km2] for the FT3. For both PMW methods, we find a greater degree of 

correlation with the CWT and lower RMSE than the FT3. 

 

 

Figure 2-9 The time series of total melt index (MI), in day-Km2 for the Antarctic continent 

plotted for the years 1999 through 2009 derived from the FT3 and CWT methods on an enhanced 

resolution QuikSCAT active microwave dataset along with estimates from the MEMLS and 

M+K30 methods and a SSM/I dataset (a). The correlation between the FT3, QuikSCAT dataset 

MI estimates and the CWT, M+K30 and MEMLS methods indicated using a linear regression. 
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The spatial differences between the mean MD estimated using the M+30K approach and the 

CWT (Figure 2-10a) and the FT3 (Figure 2-10b) reveals some patterns in the magnitude of 

difference between methods (ΔMD). Over large  ice-shelves (e.g. the Larsen, and Amery), the 

difference of MD between the M+30K and FT3 approaches is close to +10 days for most areas 

(Figure 2-10a). Over the same regions, the difference of MD between the M+30K and the CWT 

algorithms difference closer to +20 days (Figure 2-10b). The tendency for the PMW data to 

overestimate AMW estimates (close to +10 or +20 ΔMD in most cases) is usually bordered, to 

some degree, by an area of underestimation by the PMW measurements. Melting for Antarctica 

generally occurs at ice-ocean boundaries or in many cases as at areas with sharp contrast in 

elevation. For these cases mixed pixel effects will likely lead to a decrease in the observed 

brightness temperatures of melted areas. For example, over the coastal regions of the Dronning 

Maude Land we find positive ΔMD bordered negative ΔMD. These negative ΔMD are found 

adjacent to ocean pixels and high elevations, and are likely due to a mixed pixel effect. In 

another example, the relatively narrow King George VI (lat:-71.965, lon:-67.807) ice shelf, 

located roughly east of Wilkens Ice Shelf (lat:-67.525, lon:-62.775), appears to increase the 

apparent MD of the surrounding high elevation areas for the PMW case, resulting in a large 

positive ΔMD. Since mixed pixel effects dominate the spatial differences between methods, it is 

difficult to determine a relationship between MD methods over similar areas other than the 

positive ~10 (FT3) and ~20 (CWT) reported previously. 

 An analysis of the spatial autocorrelation between the methods using the active microwave 

datasets and the M+30K method indicates that the FT3 has a higher degree of correlation with 

the passive microwave M+30K method, with r = .782 (p<0.001) (Figure 2-10c). The CWT 

method has an autocorrelation of r = .665 (p<0.001) with the M+30K (Figure 2-10d). Both 
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AMW methods find a RMSE of close to 14 days in comparison with the M+30K. The CWT 

method finds a 13 day positive bias with respect to the M+30K, whereas for the FT3 method the 

bias is 3 days. Artifacts in the scatter plot (Figure 2-10c and Figure 2-10d), in this case vertical 

stripes of data points, indicate a high degree of variability for many pixels with similar MD as 

detected using the M+30K. These artifacts are most likely due to the difference in spatial 

resolution, and a result of the mixed pixel effect previously discussed. From visual interpretation 

of Figure 2-10c and Figure 2-10d, and comparison of r values, we can see a larger component 

of the melt dataset for the FT3 method falls along the 1:1 line. For the CWT method, points 

appear are biased towards a larger M+30K at for longer MD. It also appears that the CWT 

method find greater MD for shorter durations, evident by a cluster of points 0 to 50 MD for 

CWT and 0 to 20 for M+30K. This relationship is similar to the on observation between AMW 

methods. The relatively strong agreement between AMW and PMW integrated melting extent 

indicates that the high sub-pixel variability is averaged out when integrated for the entire dataset. 
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Figure 2-10 The difference in average melt duration (∆MD), over the period of 1999-2009, 

between the up-sampled passive microwave, SSM/I dataset, where melt is estimated using the 

M+K30 approach and the enhanced resolution QuikSCAT scatterometer dataset, where melt is 

estimated using the FT3 (a) and CWT (b) methods. Per-pixel scatter plots of average melt 

duration between SSM/I (M+30K) and the FT3 (c) and CWT (d) approaches.  
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2.5.3 Antarctic Melting and the Southern Antarctic Mode 

The Southern Hemisphere Annual Mode (SAM) is a measure of the atmospheric pressure 

gradient between the middle and high latitudes (Thompson & Wallace, 2000). The SAM index is 

determined by the mean monthly zonal sea level pressure difference between the 40o and 65o 

South latitude (Marshall, 2003).  A positive SAM index generally coincides with lower than 

normal near surface temperatures for Antarctica, leading to a continent scale negative correlation 

between SAM index and melting over Antarctica (Tedesco & Monaghan, 2009). Positive SAM 

conditions have been linked to an increase in the westerly flow over the AP, due to the 

development of a consistent low pressure area to the east of the AP (Marshall et al., 2011). This 

low pressure system causes an increase in the advection of warmer air to the western edge of the 

AP. In some cases this warmer air will flow over the Transantarctic Mountains (overflow 

conditions) to areas of the eastern AP (Van Lipzig et al., 2008). This process is assumed to 

increase the magnitude of melting for the Eastern Antarctic Peninsula (Marshall, et al. 2011). A 

regression between the SAM index, averaged from December through February, and yearly MD 

from CWT and FT3 at each pixel location indicates a strong negative correlation between 

melting and SAM over several regions of Antarctica. Specifically, there is increased melting 

during negative SAM conditions for the Amery Ice Shelf and the Dronning Maud Land coast 

(Appendix Figure 25 and 26) among other areas. This is in agreement with findings from 

Tedesco and Monahan (2009).  

Over the AP, Tedesco and Monahan (2009) find a weak negative correlation between regionally 

averaged melting for the Antarctic Peninsula and SAM conditions. From correlations found 

using the QuikScat AMW dataset and SAM on a per-pixel basis (not regionally averaged) we 

find that correlation with SAM is spatially variable (Figure 2-11).  For the western and eastern 
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Antarctic Peninsula ice shelves we find a moderate, positive, correlation with SAM for both the 

CWT and FTW methods. At higher elevations we find a moderately negative correlation with 

SAM that is most apparent using threshold-based methods for melt detection. For the eastern AP, 

the CWT method finds a strong positive correlation with SAM conditions close to the 

Transantarctic Mountains, while the FT3 does not. In terms of the melting season, it is found that 

there is also a moderate, but not statistically significant at 95 percent, correlation with early MO 

detected by the CWT method (averaged over the AP) and positive SAM (r = .57, p = 0.09). This 

is not the case with the FT3method (r = .05, p = 0.15). This indicates that positive SAM 

conditions may increase the persistence of the melting season for east AP, when warmer 

advected air leads to an increased temperature and wind speed. 

 

 

Figure 2-11 Correlation between SAM(DecJanFeb) and MD for the (a) FT3 method and (b) 

CWT. Areas with moderate or strong correlations are indicated with hash marks. 
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2.6 Summary and Conclusion 

The use of a combined continuous wavelet transform and multi-scale analysis (CWT) is able to 

detect changes in the backscattering signal upon an increase in LWC. This is due to the fact that 

CWT methodology can identify all discontinuous changes in the data-series including the point 

of melt onset and refreeze. Further, a simple test of the signal regularity, at the point of 

backscatter change can be estimated using the Holder exponent. This measure, 𝛼, allows for a 

simple classification of edge “types” based on ideal cases in the literature. Sporadic type changes 

in normalized backscatter are then separated from those that persist over time using this 

classification. Using the CWT method also allows for the identification of all scale components 

of a given backscatter change, so that thresholding is not limited to a single scale. By comparing 

all scales to observed “dry” signal changes, we can remove the effect of sporadic changes in the 

backscatter. 

From comparison with results using a well-established, fixed threshold methodology (FT3, e.g. 

Ashcraft and Long, 2006), we assessed the CWT approach proposed in this study. The estimated 

MD derived from these methods are well correlated, r = .897 (p < 0.001) with a root mean 

squared error (RMSE) of ~ 9 days. Additionally, the CWT method has a positive bias of ~ 15 

days with respect to the FT3. It is found that the mean melting season length, estimated in both 

methodologies agrees within 2 days for the 1999 through 2009. In terms of total mean melting 

index, these methodologies agree to within 3 percent. However, for the average melt duration, it 

is found that there is as a 19 percent difference, where the CWT method averages 13 days longer 

MD in comparison. Since the mean melting extent of the CWT is observed to be smaller than the 

FT3, the agreement in MI and disagreement in MD must result from a more sustained melting 

during the melting season. Overall, we find that the minimum melting duration that the CWT 
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detects, at the minimum scale threshold of 25 days, is 6 days in duration, and found by comparing 

the observational frequency of omitted melting durations by the CWT method. Close to 10 

percent of FT3 MD are of small duration (under 10 days in length). This accounts for only 0.1 

percent of the melting events detected by the CWT method. 

These trends have some regional variability. Over the Dronning Maude Land, we find similar 

season lengths, but a difference in mean MD of 25 days.  A majority of this difference can be 

attributed to differences in the percent of the season the experiences melt as defined by both 

methods. For the CWT, close to 95 percent of the days within the melt season show melting, 

while with the FT3 we observe only 65 percent. From single season observations, we find that 

this difference is due to fluctuations in backscatter close to the 3dB threshold found in the FT3 

method. These changes are most likely due to short refreeze cycles. The CWT will not consider 

these changes in backscatter since rapid fluctuations do not produce WTMML that increase with 

scale. It will then define the melting season based on the initial and final transition of the melting 

season. 

From evaluation of melting over the Antarctic Peninsula for both methodologies, it is found that 

the average MD difference is less than at the continent scale, having a 5 day greater MD found 

by the CWT method. When observing the season length, there is an apparent early melt onset 

detected by the FT3 method, 12 days before the CWT. This earlier seasonal melt onset most 

likely caused by small duration early season melting events, as illustrated during the 2004-2005 

season, where the melt index reaches ~80 percent of its maximum seasonal value for close to 8 

days. It is shown that the CWT method does detect melting over an equivalent extent until 

several weeks later. This general tendency of the CWT to omit large scale early and late season 

melting events accounts for a greater estimated mean MI, 4 percent larger than the FT3 method. 
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This difference in MI is greatest for low elevation areas and generally decreases with higher 

elevations. This indicates that a majority of sporadic, large-scale, melting events occur for low 

elevation ice-shelf regions and that at higher elevations melting is rapid melt/refreeze cycles 

similar to the Dronning Maude Land. 

From a comparison with AWS, we find that overall the FT3 has higher level of agreement with 

the temperature measurements with a 66 percent total accuracy compared to the 54 percent from 

the CWT method.  This is true for all AWS, apart from the Pegasus South Station where the 

CWT has a 10 percent greater accuracy than the FT3 method. The FT3 method has a better 

accuracy in general because of its ability to measure short duration melting events that are 

common for several stations (e.g. Limbert). For the Pegasus South AWS, it appears that the 

melting season occurs with a relatively low loss in backscatter, it is therefore never consistently 

under the 3dB threshold. This lowers the accuracy of the FT3 method, but does not affect the 

CWT approach. 

Compared to M+30K, a PMW derived approach; both AMW melting records find a similar 

yearly MI, where the FT3 is within 11 percent and the CWT within 9 percent relative difference. 

These methods find a greater level of disagreement with a dynamic thresholding approach, 

MT09. The CWT methods find a greater overall agreement in temporal trend for both PMW 

methods, for the M+30K method r=.943 (p<0.001) with CWT and r=.922 (p=0.001) for the FT3 

method. Spatially, we find that comparison is dominated by a mixed pixel effect, making it 

difficult to determine the difference between melt duration on a per-pixel basis. The FT3 method 

has a higher degree of spatial autocorrelation with PMW (M+30K) approaches than the CWT, 

with significant variability in AMW derived MD for similar PMW measurements. Since PMW 

pixels are ~10 times the scale of the spatially enhanced QuikSCAT product we attribute this 
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variability to mixed pixel effects. Based on the strong correlation in yearly MI totals, the 

differences in spatial variability appear to be averaged out over the total area. 

 From all comparisons between AMW methods, it is found that the major difference in 

melting estimates are for small scale melting events, those under 9 days. This is expected using a 

CWT-based method since at the set minimum scale of 25 days, these events are not sustained, 

and appear to be ‘spike’-like transitions. Apart from these differences, the novel approach agrees 

with a fixed threshold to within 7 percent in total MI and to within 10 percent accuracy based on 

AWS comparisons. In addition, this method appears to detect MO of a sustained melting season, 

unaffected by early melting events. By detecting only sustained melting events, we are able to 

show linkages with SAM indices not detected using threshold based approaches. 
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3 In-situ multispectral and bathymetric measurements over a 

supraglacial lake in western Greenland using a remotely controlled 

watercraft 

 

3.1 Abstract 

Supraglacial lakes form from meltwater on the Greenland ice sheet in topographic depressions 

on the surface, affecting both surface and sub-glacial processes. As the reflectance in the visible 

and near-infrared regions of a column of water is modulated by its height, retrieval techniques 

using spaceborne remote sensing data (e.g. Landsat, MODIS) have been proposed in the 

literature for the detection of lakes and estimation of their volume. These techniques require 

basic assumptions on the spectral properties of the water as well as the bottom of the lake, among 

other things. In this section, we report results obtained from the analysis of concurrent in-situ 

multi-spectral and depth measurements collected over a supraglacial lake during early July 2010 

in West Greenland (Lake Olivia, 69º36’35”N, 49º29’40”W) and aim to assess some of the 

underlying hypotheses in remote sensing based bathymetric approaches.  In particular, we focus 

our attention on the analysis of the lake bottom albedo and of the water attenuation coefficient. 

The analysis of in-situ data (collected by means of a remotely controlled boat equipped with a 

GPS, sonar and a spectrometer) illustrates the exponential trend of the water-leaving reflectance 

with lake depth. The attenuation factor values obtained from in-situ measurements are compared 

with those computed from approaches proposed in the literature. Also, the lake bottom albedo 

values from in-situ measurements are compared with those obtained from the analysis of 
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reflectance from shallow waters. Finally, we quantify the error between in-situ measured and 

satellite-estimated lake depth values for the lake under study. 

 

3.2 Background and rationale 

Monitoring the spatio-temporal variability of such lakes over the Greenland ice sheet (GrIS) can 

benefit studies concerning ice sheet dynamics (Das et al., 2008, Joughin et al., 1996, Pimentel 

and Flowers, 2010) and surface features (e.g., Lüthje et al., 2006) and can help understanding their 

link with recently observed increased surface melting (Tedesco et al., 2011). Recently, several 

approaches based on the interpretation of visible and near-infrared satellite data have been 

proposed for estimating supraglacial lake depth (e.g., Georgiou et al. 2009, Box and Ski, 2007). 

McMillan et al. (2007) use satellite imagery to study the evolution of 292 lakes over an area of 

22000 km2; Sundal et al. (2009) analyze 268 cloud-free Moderate Resolution Imaging 

Spectroradiometer (MODIS) images; Sneed and Hamilton (2007) estimate the depth of selected 

lakes based on Advanced Spaceborne Thermal Emission and Reflection radiometer (ASTER) 

atmospherically corrected reflectance values. 

The reflectance of a water column limited by a reflecting bottom can be approximated with the 

reflectance of the same water body in absence of a bottom plus the bottom contrast, after this 

contrast has been modulated by the depth of the bottom through an attenuation factor (Philpot, 

1989, Maritorena, 1994). Box and Ski (2007) use MODIS atmospherically corrected reflectance 

values to compute lake area and volume for those pixels where the presence of a lake is detected. 

In their study, a pixel is classified as lake if the MODIS band 1 (620 – 670 nm) reflectance is 

below 0.6 and the ratio Rb3/b1=band3/band1 is greater than 1.25 (with band 3 being 459 – 479 

nm). Moreover, those pixels with reflectance values of the band 6 greater than 0.15 are excluded 
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from the analysis to reduce the impact of cloud cover (Box and Ski, 2007). For those pixels 

where a lake is detected, lake depth is then estimated using a regression formula obtained from 

the fitting of in-situ lake depth measurements to satellite reflectance values. The main advantage 

of the method proposed by Box and Ski (2007) lies in its low computational cost. However, 

results are based on a limited number of measurements over selected lakes and the extension of 

the method to other areas would require further validation and assessment. A physically-based 

retrieval has been proposed by Sneed and Hamilton (2007). This is the approach that will be used 

in this study as it offers the opportunity of evaluate some of the theoretical assumptions adopted 

in the retrieval scheme. The approach is briefly described and discussed in the following.  

For retrieval purposes, the following hypotheses on the bottom albedo Ad and on the attenuation 

factor g are made: (hyp. 1) in the absence of actual measurements the value of Ad is assumed to 

be uniform and (hyp. 2) Ad is estimated from reflectance values of shallow waters along the lake 

edge (e.g., Sneed and Hamilton, 2007); the attenuation factor g is computed assuming that (hyp. 

3) suspended or dissolved organic or inorganic particulate matter is minimal and that (hyp. 4) a 

linear relationship exists between the attenuation factor and the diffuse attenuation coefficient 

(e.g., Maritorena, 1994). Measurements of organic, chlorophyll and suspended minerals by 

Sneed and Hamilton (2007) confirmed that concentrations are appreciably small (less than 1 

mg/L). Similar concentrations were confirmed by our analysis of water samples collected from 

different lakes. Though spectrally similar to the diffuse attenuation coefficient for downwelling 

light Kd, g and Kd cannot be used interchangeably and a possible range of 1.5 Kd < g < 3 Kd is 

suggested by Philpot (1989) in the case of strongly absorbing waters. The value of Kd differs 

from g in that it accounts for the for directional scattering dependencies (Mobley, 2004). The 

value of g ≈ α·Kd with α =2 has been used by Sneed and Hamilton (2007) and Maritorena et al. 
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(1994), with the latter warning that such a choice will lead to an unquantifiable underestimation 

of the actual attenuation.  

Focusing on the bottom albedo Ad, Sneed and Hamilton (2007) and Georgiou et al. (2009) 

suggest that the dominant uncertainty derives from the selection of Ad. As said, for this 

parameter the assumption of a uniform distribution over the lake area is used for retrieval 

purposes and its value is estimated by from the pixels adjacent to those showing a rapid decrease 

in the red band  (Sneed and Hamilton, 2007). In other words, because of the relatively small 

attenuation in the green and blue bands with respect to the red band, the bottom albedo Ad is 

assumed to be spectrally similar to the pixels where water is shallow, at the edge of the lake. 

The assumptions applied to the estimation of  Ad and the choice of α are a source of uncertainty 

on the accuracy of lake depth retrieval from spaceborne data. Here we report, for the first time, 

in-situ concurrent spectral and depth data collected over a supraglacial lake in West Greenland 

by means of instruments mounted on a remotely controlled boat. We analyze the spatial 

distribution of Ad to assess the hypothesis of its spatial uniformity and compare Ad mean values 

with those obtained from shallow waters at the lake edge. We also study the spectral dependency 

of both Ad and g obtained from in-situ measurements and compare their values against those 

obtained using literature approaches. This analysis is extended to satellite methods for the 

estimates of lake depth from either the Landsat and MODIS sensors with those obtained in-situ, 

quantifying the uncertainty of current procedures for multispectral bathymetry of supraglacial 

lakes. 

3.3 Supraglacial lake bathymetry from visible data. 

In the following, we briefly summarize the equations used for estimating lake depth from visible 
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data, together with the hypotheses behind the retrieval scheme.  

The expression for reflectance immediately below the water surface for optically shallow, 

homogeneous water is given by (Philpot, 1989): 

R(0-) = R∞ + (Ad- R∞) exp(-gz)      (1) 

where Ad is the irradiance reflectance (albedo) of the bottom, Ad = Eu(z)/Ed(z), with Eu being 

the upwelling irradiance and Ed the downwelling irradiance at depth z, and R∞ is the irradiance 

reflectance of an optically deep water column. Solving Eq. 1 for z gives: 

z =- (ln (Ad- R∞) – ln(R(0-)- R∞))/g   (2) 

The coefficient g accounts for losses in both the upward and downward directions and is given 

by g ≈Kd + aDu (Philpot, 1989), where Kd is the diffuse attenuation coefficient for downwelling 

light, a is the beam absorption coefficient, and Du is an upwelling light distribution function or 

the reciprocal of the upwelling average cosine (Mobley, 2004). According to Philpot (1989), the 

two attenuation coefficients g and Kd are spectrally similar as long as the diffuse attenuation is 

not dominated by scattering. However, Kd and g cannot be used interchangeably and a possible 

range of 1.5 Kd < g < 3 Kd can be assumed in the case of strongly absorbing waters. Philpot 

(1989) approximates g ≈ 2Kd, for purposes of computation based on studies over a range of 

coastal waters (Table I, Philpot 1989). We use the values of the diffuse attenuation coefficient 

Kd of optically pure water by Pope and Fry (1997). 

3.4 The remotely controlled boat and the instruments 

A commercially-available remotely controlled boat 

(http://www.viperfishing.co.uk/Site/Viper_Storm_2.html, Figure 3-1) was customized and 
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equipped with a GPS/sonar (HDS-5 Lowrance), an above-surface irradiance sensor for incoming 

solar radiation, a below-surface downward looking radiance sensor, a spectrometer (Ocean 

Optics) and a micro-computer (used to synchronize the data from the different instruments). The 

boat is made of glossy acrylic capped ABS and propelled by dual jet-pump engines. Lake depth 

was measured by means of a 50/200 kHz transducer. The depth uncertainty was estimated to be 

of the order of 20 – 30 cm by testing the set up in a swimming pool before the shipping and 

deployment to Greenland. However, the uncertainty on depth might be higher than the one 

obtained in the pool because of the roughness of the bottom of the supraglacial lake, which might 

be responsible for multiple echoes. The boat is designed to carry loads up to 6 Kg and is 

controlled remotely up to a distance of 1000 m, making it ideal for our application. The original 

design of the boat was altered and customized to accommodate our needs with specific parts of 

the watercraft machined at our laboratory. The decision to use a remotely controlled boat, as 

opposed to a manned watercraft, aimed to eliminate life-threatening risks associated with a 

possible rapid drainage of the lake (e.g., Das et al., 2008).  
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Figure 3-1 The customized remotely controlled boat with labeled instrumentation 

 

The boat was deployed on July 2nd, 3rd and 5th, 2010, on the west margin of the GrIS (Lake 

Olivia, 69º36’35”N, 49º29’40”W), with deployment time usually occurring when the sun was at 

zenith and measurements lasting for a few hours. As the boat average speed was 1 m/s and the 

GPS data were recorded every second, we estimate a spatial resolution of 1 m for the in-situ data. 

The spectral (450 – 1050 nm, with a 0.3 nm resolution) and depth data collected between two 

subsequent GPS acquisitions were averaged and assigned to the first of the two GPS locations. 

The total number of samples used in our analysis is ~ 6000. Although, the boat used for this 

study is much smaller than manned boats and casts a relatively small shadow, we acknowledge 

that this shadowing might still be a source of uncertainty. During the maneuvering of the boat, 
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we paid attention in avoiding that the boat would not cast a shadow across the instrumental field-

of-view while driving it. Another mitigating factor includes the use of an arm mounted on the 

side of the boat in order to position the spectral sensor at a certain distance from the hull. Ideally, 

measurements for bathymetric studies should be taken normal to the water surface as this will 

change the depth of the observed water column as well as alter the optical parameters used in 

depth retrieval .In future studies observation angle measures will be collected using electronic 

sensors to compensate for off-normal data collection. 

The irradiance and radiance sensors were cross-calibrated in the laboratory following Mueller 

(2003). The diffuse irradiance leaving the outlet of an integrating sphere, illuminated by a 

calibrated xenon lamp, was measured by the irradiance sensor directed at the outlet. Radiance 

measurements were then taken of a Spectralon © target (99 % reflectance) put in place of the 

irradiance sensor. The spectral intensity measured by each sensor is shown in Figure 3-2. These 

measurements were used to derive a spectral response factor (F), plotted in Figure 3-3, that 

allows for the calculation of reflectance from irradiance (E+) and radiance (L-) intensity 

measurements and cross-calibrate the two sensors. The calibration coefficient is then derived 

using the spectral response factor estimated in the previous step (Figure 3-4). 
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Figure 3-2 Measured spectral intensity in counts, from an integrating sphere, illuminated by a 

xenon light source for both optical sensors. The cosine collector irradiance intensity (Er) is 

measured directly from the integrating sphere port, while the radiant intensity (Lr) is measured 

from the surface of a Spectralon plate at an equivalent distance. 
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Figure 3-3 The calculated spectral response factor (FE), in irradiance per count. FE values are 

plotted on a logarithmic scale. 



84 
 

 

Figure 3-4 Spectral calibration factor used to convert the measured and calculated 

irradiance ratio (E+/E-) to remote sensing reflectance (RRS). 

 

Though spectral data were collected up to 1050 nm, we focus our analysis on the 450 - 650 nm 

range. The reason for this choice is related to the strong absorption (e.g., low reflectance) at 

wavelengths above ~ 650 nm. As shown in the literature (e.g., Sneed and Hamilton, 2007), this 

can be used to increase the sensitivity to lake detection with respect to the use of wavelengths 

around or below 650 nm. However, the strong absorption in the near-infrared region 

compromises the use of such band for depth retrieval. Because in this study we are mostly 

interested in assessing lake depth retrieval, rather than lake detection, we focus on wavelengths 

below 650 nm.  We also note that, as a consequence of the strong absorption by water in the near 

infrared region, in-situ spectral measurements in that band for lake depth above a few tens of 

centimeters were characterized by an extremely low signal/noise ratio (e.g., comparable to the 
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dark current measurement) therefore, excluded from our analysis. Measurements for lake depth 

values less than 1 m are also excluded from our analysis because of the relatively small 

sensitivity of the reflectance data in the Landsat and MODIS blue and green bands to shallow 

waters.  

The measured reflectance upwelling just below the pond surface should be consistent between 

boat deployments, since the optical properties of the water and lake bottom should not change 

significantly over a short period. Therefore the magnitudes of measured reflectance in 

bandwidths corresponding to the MODIS blue (Band 3) and green (Band 4) channels, as well as 

the autocorrelation between these values should also remain constant. Upon comparison of red 

and green channels, (Figure 3-5) for July 2nd, July 3rd and July 4th, the large degree of difference 

in absolute reflectance magnitude is apparent, although reflectance autocorrelation remains 

constant as expected. The disparity between reflectance values observed during July 4th leads us 

to exclude this dataset from consideration. 
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Figure 3-5 Spectral correlation and variability in in-situ reflectance, collected over Lake 

Olivia on the 2nd, 3rd and 5th of July 2010, over the wavelengths corresponding to the blue 

(Band 3) and green (Band 4) MODIS channels. 

 

3.5 Analysis of in-situ data  

The boat paths and the corresponding measured depth are superimposed in Figure 3-6 on a high-

resolution (0.5 m) image collected on July 4th, 2010 by the WorldView-2 sensor 

(http://worldview2.digitalglobe.com/). Shallow waters are generally located along the edge of the 

lake, with depth increasing toward its center, up to ~ 4.5 m. 
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Figure 3-6 Boat paths and measured depth values imposed over a high-resolution (0.5 

m) Wordlview-2 image.Reflectance measurements made over these depths, are plotted as 

Landsat EMT+ bandwidth matching histograms in Figure 3-7 and MODIS bandwidths in 

Figure 3-8. 

[m] 
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Figure 3-7 Histogram of measured in-situ reflectance over wavelengths corresponding to 

LANDSAT EMT+ bands 1, 2 and 3. These measurements are separated by measurement 

day: July 2nd, July 3rd and July 5th. 
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Figure 3-8 Reflectance histogram, to the previous figure, although using wavelengths 

corresponding to MODIS bands 1, 3 and 4. 

 

In  I (as well as Figure 3-10, Figure 3-11, Figure 3-12, Figure 3-13 and Figure 3-14) we plot 

the in-situ water-leaving reflectance spectrally averaged over the Landsat band 1 (B1LANDSAT, 

450 – 515 nm), band 2 (B2LANDSAT, 525 – 605 nm) and band 3 (B3LANDSAT, 630 – 690 nm) vs. the 

in-situ measured lake depth. In-situ measured water-leaving reflectance is fitted with Eq. 1, using 

Ad, g and R∞ as free fitting parameters. The values obtained for g are: gB1_LANDSAT_fit=0.023 m-1, 

gB2_LANDSAT_fit=0.24 m-1 and gB3_LANDSAT_fit=0.81 m-1. The corresponding g values obtained 

assuming g=2Kd (with Kd obtained from Pope and Fry, 1997) are gB1_LANDSAT_2Kd=0.045 m-1, 

gB2_LANDSAT_2Kd=0.21 m-1 and gB3_LANDSAT_2Kd=0.65 m-1. The fitted values of g are consistent with 

those computed assuming g=2Kd, though differences exist.  

To address these differences, we analyzed the spectral dependency of the bottom albedo Ad 
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and of the coefficient α. Figure 3-15a and 15b show, respectively, the values of α and Ad  in the 

450 – 650 nm region obtained by minimizing the difference between measured water-leaving 

reflectance values and those simulated using Eq. 1, with α, Ad and R∞ as free fitting parameters 

and z measured in-situ. For convenience, the values for R∞ are incorporated in Figure 3-15c, 

though this parameter is excluded from our analysis. The iterative fitting procedure terminates 

when the difference between measured and simulated water leaving reflectance, ΔR, is smaller 

than a threshold value ΔRT. The sensitivity of the fitting procedure to the choice of ΔRT is shown 

Figure 4, where bars represent the range of the fitted coefficients when ΔRT is set to 0.01, 0.025, 

0.05 and 0.1.  The spectrally averaged values for α for the Landsat bands 1 and 2 and the 

spectrally similar MODIS bands 3 and 4 are, respectively: αΒ1_LANDSAT=1.91,  αΒ2_LANDSAT=2.33 , 

αΒ3_MODIS=1.73 and  αΒ4_MODIS=2.4. For the lake under study, the optimal (fitted) values for α differ 

by ~ + 15 % (-15 %) from the constant value of α  = 2. An error of 15 % on α translates into a 

lake depth retrieval error of ~ 17 % when using the Landsat band 2. Figure 3-15 also suggests 

that α increases with wavelength, which cannot be easily explained, aside from a possible 

chlorophyll concentration in the water, currently considered to be unlikely. A possible 

explanation is a higher variability of lake-bottom albedo in the blue region, producing a higher 

degree of uncertainty in our approximated α in that range.  
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Figure 3-9 In-situ measured water-leaving reflectance values vs. lake depth for the 

Landsat bands 1, 2 and 3 and exponential fitting 

 

The fitted values of Ad are greater at shorter wavelength and decrease with increasing 

wavelength, displaying a spectral behavior similar to that of glacier ice albedo (e.g., Grenfell and 

Perovich, 2004). To evaluate the assumption of estimating the value of Ad from the reflectance 

of shallow waters, we use data collected by Landsat over Lake Olivia on July 9th, 2010 

(http://glovis.usgs.gov), converted into planetary reflectance following Chander et al. (2009). 
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Figure 3-10 Similar to  I, using data from July 3rd. 

 

Figure 3-11 Similar to  I, using data from July 5th.  
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Figure 3-12 Similar to Figure 9, using data from July 2nd and wavelengths corresponding 

to MODIS bands 1, 3 and 4. 

 

Figure 3-13 Similar to Figure 9, using data from July 3rd and wavelengths corresponding 

to MODIS bands 1, 3 and 4. 
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Figure 3-14 Similar to Figure 9, using data from July 5th and wavelengths corresponding 

to MODIS bands 1, 3 and 4. 

 

Though Landsat and in-situ data were not collected on the same day, we assume that the lake 

depth did not change considerably between July 6th and July 9th. This is supported by the small 

depth change (< 0.2 m) recorded by a pressure transducer positioned into the lake during the 

period July 1st – July 6th and by the simple visual analysis of daily WorldView-2 radiances 

collected between July 4th and July 9th. Reflectance values at the top of the atmosphere (TOA) 

were corrected for atmospheric effects using the Fast Line-of-sight Atmospheric Analysis of 

Spectral Hypercubes (FLAASH) atmospheric correction (Alder-Golden et.al. 1999) implemented 

in the software ENVI®. In absence of atmospheric data, to simulate mid-summer conditions over 

the section of Greenland under study, the FLAASH model was initialized using a mid-latitude 

winter atmospheric model and maritime aerosol model. Aerosol optical depth was calculated 
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using a 2-band VIS and SWIR ratio method using band 3 and 7 respectively (Kaufman et al., 

1997). The average difference between atmospherically corrected and TOA reflectance values 

over the lake was -3.9% (± 0.98 %) in the case of band 1 and -2.4% (± 2.1 %) for band 2. The 

choice of the atmospheric model applied to the TOA reflectance values can be a source of 

uncertainty on the lake depth estimates. This uncertainty cannot be estimated in absence of 

information on the vertical profile of the atmospheric parameters used in the model. However, 

we decided to use the atmospherically corrected reflectance values for our analysis for 

consistency with the MODIS data used in this study.  

 

 

 

(a)	
  

(b)	
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Figure 3-15 Spectral dependency of α (top) and Ad (bottom) values derived from the 

minimization of the difference ΔR between measured and theoretical water-leaving 

reflectance values. Bars represent the range of values when different ΔR values are used 

(see text for details). 

 

Figure 3-16 Distribution of Ad values for the Landsat bands 1 and 2 estimated from Eq. 2 

using lake depth measured by the boat (cont. lines) and of reflectance values from the 

edge lake (dashed lines). 

 

Figure 3-16 illustrates the distribution of Ad for the Landsat band 1 (black lines) and band 2 

(gray lines) obtained resolving Eq.2 for Ad, with z obtained from in-situ measurements and R∞ 

(c)	
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from the Landsat image where deep water (z >40 m) is present (e.g., Sneed and Hamilton, 2007). 

The distributions of the reflectance values at the two bands estimated from pixels along the lake 

edge are also plotted. The mean Ad values obtained from solving Eq. 2 are AdLANDSAT_B1 = 

0.37±0.012 and AdLANDSAT_B2 = 0.3±0.024; the mean reflectance values for pixels along the lake 

edge are REdge_B1 = 0.42±0.058 for band 1 and REdge_B2 = 0.34± 0.062 for band 2. The range of 

values obtained using these parameters are indicated in Figure 3-17.The percentage error 

between the mean Ad value and the mean of the reflectance values along the lake edge is ~ 10 % 

in both cases of the blue  and green Landsat bands. From Eq. 2, this translates into an average 

error on lake depth retrieval between ~ -10 % and ~ -15 % when using, respectively, the Landsat 

bands 1 or 2. The error on depth is at a `maximum for shallow waters with an underestimation 

down to ~ -25 % (blue) and ~ -40 % (green) and reduces to ~ -5 % for both channels for lake 

depth values up to 10 m.  
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Figure 3-17 Bottom albedo estimates calculated using Eq(2) and in-situ reflectance 

measuremetns collected on July 2nd 2010. 

3.6 Assessment of lake depth from satellite data 

Here we compare the lake depth values estimated with Landsat and MODIS with those measured 

in-situ. Table 1 reports the mean, standard deviation and maximum values of lake depth obtained 

from satellite data, together with the root mean square error, the mean absolute error, correlation 

and percentage error between spaceborne-estimated lake depth using either Landsat and 500 m 

MODIS reflectance product 

(http://modis.gsfc.nasa.gov/data/dataprod/dataproducts.php?MOD_NUMBER=09) and the 

values measured by the sonar. Results obtained from MODIS are averaged over the period July 

2nd - July 5th, 2010, when in situ data were collected. We decided to use the abovementioned 

MODIS product (rather than correcting level 1 MODIS data for atmopshere and extract 

reflectance values) because of the potential large use of such product in estimating spatio-



99 
 

temporal variability of supraglacial lakes at a relatively low computational cost. However, we 

point out that the MODIS reflectance product (MOD09) makes use of multiple daily 

observations. Within each tile, areas with clouds or low elevation sun angles are not used and 

other criteria are applied to select those observations used to generate the product (http://modis-

sr.ltdri.org/products/MOD09_UserGuide_v1_2.pdf). Consequently data acquired at different 

times can be potentially used for generating the final product. We also point out that the MODIS 

nominal spatial resolution of 250 m is only valid for those cases when the observation angle is 

close to the nadir. When the target is on the side of the swath,  the instantaneous field of view 

(IFOV) becomes larger and, hence, a larger surface is responsible for the reflectance value. If 

this surface contains the lake edge, the overall reflectance might be higher than the one obtained 

when the observation angle was close to nadir, because of the presence of ice or snow. Lastly, 

another factor affecting the remote sensing algorithm is the presence of ice on the lake surface, 

which has been observed from the analysis of high resolution visible images and during our 

fieldwork. The resultant dataset of MODIS Terra and Aqua measurements at 500 m resolution is 

plotted in Figure 3-18. To indicate the ability of MODIS to detect melt ponds, we present the 

ratio of red to infrared channels taken over Lake Olivia. This is often used to indicate the 

presence of pooled water on the ice surface, is shown at a spatial resolution of 250 meters 

(Figure 3-19). 

Results obtained in the case of MODIS when using either α=2 or the values of α obtained from 

the fitting procedure above described (Figure 4b) are reported. The values of the bottom albedo 

Ad are obtained from the mean of the reflectance of shallow waters on the edge of the lake (e.g., 

Sneed and Hamilton, 2007). As a reference, the mean, standard deviation and maximum depth of 

the lake depth values measured by the sonar are also shown in the first row of the table. Results 
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indicate that the use of the Landsat band 1 tends to overestimate lake depth, with an RMSE 

ranging between 2.7 and 3 m, a maximum lake depth on the order of 8 m (against the value of 

4.55 m measured in situ) and a mean value of ~ 6 m. Lake depth is also overestimated when 

using the MODIS band 3, that is spectrally similar to the Landsat band 1. Maximum depth values 

from MODIS are close to those estimated by Landsat band 1 but the mean values from MODIS 

are higher than those obtained with Landsat. Results improve when using either the Landsat band 

2 or MODIS band 4, with mean depth values ranging between 0.71 m (AQUA) and 3.64 m 

(Landsat). Best results are obtained with Landsat when using α=2.33 (from fitting). In this case, 

mean, standard deviation and maximum depth  provide the closest estimates to the measured 

ones, with a RMSE of 0.59 m. MODIS band 4 tends to underestimate lake depth with respect to 

in-situ data. In the case of MODIS, the use of the α fitted value deteriorates the performance of 

the remote sensing algorithm, further reducing the values of the estimated lake depths.  

 

Table 3-1 Statistics on lake depth retrieval using different space-borne sensors, bands and hypot 

heses on the value of the α coefficient 

 Mean [m] Std. dev. [m] Max. [m] RMSE [m] Correlation 

SONAR 2.83 0.97 4.55 n/a n/a 

Landsat BAND 1 (450 – 515 nm) 

α =2 5.95 1.47 8.21 2.76 0.78 

α =1.91 5.98 1.52 8.35 3.02 0.77 

Landsat BAND 2 (525 – 605 nm) 

α =2 3.64 0.91 4.87 0.67 0.85 

α =2.33 2.92 0.78 4.21 0.59 0.87 
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MODIS TERRA (AQUA)  - BAND 3 (459 – 479 nm) 

α =2 6.5 (2.3) 1.93 (1.47) 8.65 (4.14) n/a n/a 

α =1.91 6.93 (2.44) 2.04 (1.56) 9.18 (4.39) n/a n/a 

MODIS TERRA (AQUA)  - BAND 4 (545 – 565 nm) 

α =2 2.1 (0.9) 0.92 (0.9) 2.9 (1.9) n/a n/a 

α =2.33 1.71 (0.71) 0.75 (0.74) 2.44 (1.56) n/a n/a 

 

 

 

Figure 3-18 MODIS Terra reflectance measurements of Lake Olivia during the melting 

season of 2010 using MODIS Bands 1 through 4. 

 



102 
 

 

Figure 3-19 (a) Reflectance measurements during the melting season of 2010 of Lake 

Olivia at 500 meters from MODIS Terra and Aqua. (b) The red to infrared ratio of data 

values reported in (a). 

 

In Table 2 we report the results of our analysis aimed at quantifying the error on lake depth 

retrieval from the assumptions of a uniform Ad value for the whole lake and using the reflectance 

values of the pixels at the edge of the lake for Ad. Lake depth values are estimated using Eq. 2, 

with Ad values given by the mean of the distributions of the bottom albedo values obtained form 

the concurrent analysis of surface and satellite data or by the mean of the reflectance values 

along the lake edge.  The table includes the mean, standard deviation, maximum value of lake 

(a) 

(b) 
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depth obtained from the satellite data together with the root mean square error, the mean absolute 

error, correlation and percentage error between the lake depth values estimated with the different 

configurations and the values measured by the sonar. Results from both Landsat (bands 1 and 2) 

and MODIS (bands 3 and 4) are reported. In general, best results are obtained when using the 

Landsat band 2 when Ad is given by the mean of the Ad distribution computed from the conjunct 

analysis of satellite and surface data. Depth estimates using  Landsat band 1 show a larger 

standard deviation and higher maximum depth values (above the maximum measured depth), 

likely as a consequence of the smaller diffuse attenuation coefficient in the blue band (Smith and 

Baker, 1980, Pope and Fry, 1997). Maximum lake depth values estimated when using Landsat 

band 2 are closer to the value measured in situ. The MODIS sensor on TERRA provides smaller 

lake depth values than those obtained with the one mounted on AQUA. Given the short time-

series it is not possible to assess whether this is a consistent bias. The values estimated by 

MODIS on TERRA are the closest to those estimated by Landsat and measured in situ. Lake 

depth values estimated from MODIS when using band 4 are generally smaller than those 

measured in situ.  

3.7 Conclusions and future work 

We collected in-situ concurrent multi-spectral and depth observations over a supraglacial lake in 

West Greenland in order to assess spaceborne bathymetry.  Such measurements allowed us to 

study the spectral dependency of the bottom albedo Ad and coefficient α,  with the latter linearly 

relating the attenuation coefficient g and the diffuse attenuation factor Kd. Results show that, as 

expected, the spectral behavior of Ad is similar to that of glacier ice albedo. The increase of α 

with wavelength from in-situ data cannot be easily explained without assuming chlorophyll, or 
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other absorbing materials, in the water, which is present at a very minimal concentration 

according to our preliminary analysis of water samples. One explanation for the spectral 

behavior of α is that the bottom albedo has a higher variability in the blue region, attributing 

some of the loss due to a darker blue ice to loss along the water column.  

We assessed a widely used literature technique in which Ad is assumed to be uniform and equal 

to the reflectance of shallow waters along the lake edge. The analysis of in-situ measurements 

show a Gaussian-like behavior of Ad, with this variability appearing to be intrinsic to the albedo 

of the bottom, consisting of large patches of cryoconite, fine particles of highly absorbing 

atmospherically transported aerosols. The difference between the mean Ad value obtained from 

in-situ measurements and the mean of the reflectance values along the lake edge obtained from 

Landsat is on the order of ~ 10 %. This translates into an average error on lake depth retrieval of 

-11.8 % (-15.9 %) when using the Landsat band 1 (band 2). The error is maximum for shallow 

waters with an underestimation down to -23.7 % (-42.7 %) and reduces to -4.6 % (-4.7 %) for 

lake depth values up to 10 m. This should be accounted for when assuming a Ad value for depth 

retrieval (hyp 1 and 2, pg, in Background and rationale). 

In the case of α, the values obtained from in-situ measurements differ by ~ 15 % from those 

computed using literature approaches. Best spaceborne-based estimates were obtained when 

using either the Landsat band 2 or the spectrally similar MODIS band 4. In the case of Landsat, 

best results are obtained when using the α  value derived from in-situ measurements (α  = 2.33) . 

However, this is not true in the case of MODIS, where best results are obtained using the values 

suggested in the literature (α  = 2). In the case of MODIS, however, mixed-pixel effects and 

relatively coarse resolution can be responsible for large uncertainty. For example, the presence of 
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ice within a pixel will increase the reflectance with respect to a pixel containing only liquid 

water, leading to an underestimation of the lake depth. This is especially true for relatively small 

lakes and for those pixels containing the lake edges. In the future, we plan to collect a more 

comprehensive in-situ data set on the inherent optical properties of melt pond water and to 

extend our analysis to multiple lakes. We also plan to use a more sophisticated model of the 

water column (Lee, 1999), in which depth estimations can be made with a fully physical model 

of water constituents.   
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4.1 Abstract.  

We report measurements of ablation rates of the bottom of two supraglacial lakes and of 

temperatures at different depths collected during the summers of 2010 and 2011 in west 

Greenland. To our knowledge, this is the first time that such data sets are reported and discussed 

in the literature. The measured ablation rates at the bottom of the two lakes are of the order of ~ 

6 cm/day, versus a rate of ~ 2.5 – 3 cm/day in the case of bare ice of surrounding areas. Though 

our measurements suggest the presence of a vertical temperature gradient, it is not possible to 
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draw final conclusions as the measured gradient is smaller than the accuracy of our temperature 

sensors. In-situ measurements are compared with the results of a thermodynamic model forced 

with the outputs of a regional climate model. In general, the model is able to satisfactorily 

reproduce the measured quantities with RMSE of the order of 3 – 4 cm for the ablation and ~ 1.5 

ºC in the case of water temperature. Our results confirm that the ablation at the bottom of 

supraglacial lakes plays an important role on the overall lake volume with the ablation in the case 

of ice covered by a lake being 110 – 135  % of that over bare ice at nearby locations. Beside ice 

sheet hydrological implications, melting at the bottom of a supraglacial lake might affect 

estimates of lake volume from spaceborne visible and near-infrared measurements.  

4.2 Introduction and background. 

Supraglacial lakes form annually in topographic depressions of the surface of the Greenland ice 

sheet (GrIS, e.g., Selmes et al., 2011), affecting ice loss through increased surface ablation and, 

during drainage, affecting basal water pressures and ice velocities (e.g, Lüthje et al., 2006; Das 

et al., 2008; Pimentel and Flowers, 2010; Sundal et al., 2011). Over the past years, several 

studies have estimated the area and volume of supraglacial lakes from spaceborne observations 

(e.g., Sneed and Hamilton, 2007; Box and Ski, 2007; McMillan et al, 2007) and some have been 

able to validate these estimates from ground based measurements (Tedesco and Steiner, 2011; 

Sneed and Hamilton, 2011).  

Very little is known about the contribution of the melting of the bottom of supraglacial lakes to 

their total volume, with this aspect being generally neglected in studies dealing with volume 

estimates. This is possibly due to the absence of in-situ observations, which can be used to 

understand the physical processes involved or to validate theoretical models. To fill this gap, 
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here we report measurements of ablation rates of the bottom of two supraglacial lakes collected 

during the summers of 2010 and 2011 in West Greenland. Temperature values were also 

collected at different depths within the lakes to study the vertical distribution of water 

temperature (being this an important factor for understanding, modeling and quantifying 

convection rate at lake bottom). To our knowledge, this is the first time that such data sets are 

reported and discussed in the literature. In-situ measurements are compared with the outputs of a 

fully physically-based thermodynamic model which, in turn, is forced with the outputs from a 

regional atmospheric model, coupled with a snow model.  

In-situ measurements confirm the crucial role played by supraglacial lakes in enhancing ice 

ablation and suggest the presence of a vertical temperature gradient within the lake. Model’s 

outputs compare favorably with measurements. In the following we discuss the methods used to 

collect the data, the measured quantities and the comparison between modeled and measured 

values of both ablation rates and lake water temperature.  

4.3 In-situ measurements. 

The ablation rate of the bottom of a supraglacial lake (ABLR hereafter) is obtained from the data 

recorded by two pressure transducers, with the first (top) sensor being firmly secured at a fixed 

height to an aluminum pole drilled in the ice where a supraglacial lake is assumed to form. The 

second (bottom) sensor is loosely attached to the same pole and resting on the ice surface so that 

it can slide downwards following the ice bottom along the pole as the bottom of the lake melts, 

while still remaining close to the pole (Figure 4-1). The ABLR is then calculated from the 

difference between the time series of the depths recorded by the two sensors. The depth 

measured by the top sensor is indeed the height of the water column above the sensor where the 
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depth measured by the bottom sensor is the depth measured by the top sensor plus the original 

height difference between the two sensors plus the thickness of the ice lost from the bottom of 

the lake, where the sensor is sitting. The ablation rate can therefore be obtained from the 

difference in the slopes of the curves describing the filling rates measured by the two sensors.  

One assumption underlying this technique is that the aluminum pole does not considerably sink 

into the ice. The analysis of our data shows that this is a reasonable assumption, as the vertical 

displacements of the poles that are within the ice for relatively short periods ( ~ 5 – 10 days) 

were found to be considerably smaller than the measured ablation rates.  

 

 

 

Figure 4-1 Configuration of the top and bottom pressure transducers deployed at 

lake Ponting on June 13th, 2011. The aluminum pole was drilled into the ice down 

to 3m. The difference between the heights of the two sensors is 0.7 m. 
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In-situ data were collected during the summers of 2010 and 2011 at two different locations in 

west Greenland. The first pair of sensors was deployed on May 17th, 2010 nearby ( ~ 200 m) the 

Swiss Camp station of the Greenland Climate Network (69.569 N, -49.342 E, 1149 m a.s.l., GC-

Net, Steffen et al., 1996) where satellite images and in-situ surveys indicated a lake would form 

annually (Lake Bluesnow hereafter). The top sensor was initially located 2m above the bottom 

one. The lake filled on June 10th and both sensors were underwater from June 23rd. The lake 

drained on June 28th. The second pair of sensors was deployed ~ 10 km north of the JAR-1 GC-

Net station on June 13th, 2011 (69. 589 N, -49.783 E, 962 m a.s.l., Lake Ponting hereafter).  In 

this case, the top sensor was initially positioned 0.7 m above the bottom one. The two sensors 

were underwater from June 14th and the lake drained on June 19th.  

All sensors recorded pressure and temperature every five minutes on an internal data logger and 

were recovered following lake drainage. The sensors have a water level (temperature) accuracy 

of 0.5 cm (0.35 ºC) and a resolution of 0.21 cm (0.1 ºC). For each lake, pressure data were 

corrected for altitude and for barometric pressure changes using data collected by a third pressure 

sensor located in close proximity (within 1 km) of the lake.  

4.4 Modeling tool.  

We model the ABLR and water temperature using a one-dimensional enthalpy approach model 

(Alexiades and Solomon, 1993). In the following we give a brief description of the model and 

refer the reader to Lüthje et al., 2006 for more details. The volume of ice down to a depth Z is 

divided into N control volumes, with the volumes being initialized with an enthalpy 

corresponding to a temperature profile with a depth gradient of 2 K⋅m-1, based on measurements 
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from Pâkitsoq, West Greenland (Lüthje et al., 2006). The model accounts for conductive heat 

transport through ice following Alexiades and Solomon, 1993. Turbulent heat transfer through 

lake water is also accounted for. The heat flux between the turbulent lake and the ice bottom is 

computed using the ‘four thirds’ law (Linden, 2000). The model is forced with the net energy 

flux at the interface between surface and atmosphere. Specific inputs are surface air temperature, 

shortwave incoming radiation, albedo, atmospheric pressure, incoming and outgoing longwave 

radiation, latent heat and sensible heat fluxes. These are obtained from the Modèle 

Atmosphérique Régional (MAR) model, a regional atmospheric model coupled with a snow 

model (e.g. Fettweis et al.  2011; Tedesco et al. 2011). The ERA-INTERIM reanalysis (2002- 

May 2011) and the operational analysis (June 2011 – to date) data from the European Centre for 

Medium-Range Weather Forecasts (ECMWF, http://www.ecmwf.int/) are used to initialize the 

meteorological fields and to force the lateral boundaries every 6 hours. Note that ECMWF fields 

are used only at the boundaries of the region containing the GrIS (see Fettweis, 2007 for details) 

and that the inputs to the ablation model are obtained from the atmospheric model within MAR. 

MAR outputs are produced at a horizontal spatial resolution of 25 km and their accuracies have 

been assessed over the GrIS (e.g., Fettweis et al., 2011). To further investigate the potential use 

of MAR outputs to satisfactorily drive the ablation model, we compared MAR outputs with in-

situ measurements available from the GC-Net stations. Figure 1 illustrates the comparison 

between GC-Net measured (circles) and MAR simulated (lines) surface temperature, shortwave 

incoming radiation, albedo and atmospheric pressure at the Swiss Camp (Lake Bluesnow, left 

plots) and JAR-1 (Lake Ponting, right plots) stations. The plots indicate that the MAR model is 

favorably reproducing the trends of the GC-Net measured quantities, though, as expected, 

differences exist. The root mean square error (RMSE) between the measured and simulated 
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quantities is 0.85°C  (0.38°C) for temperature, 9.7 W/m2 (8.3 W/m2) for the shortwave incoming 

radiation, 0.14 (0.11) for the albedo and 5.7 hPa (24.3 hPa) for pressure for the Swiss Camp 

(JAR-1) station. Differences between simulated and measured quantities can be, among other 

things, due the coarse spatial resolution of the MAR outputs with respect to the plot-scale nature 

of the in-situ measurements. Also, the elevation changes within the 25 km MAR grid are +50 m 

for Swiss Camp and -164 m for JAR-1 and this could explain the bias between the modeled and 

measured quantities.  

 

Lake Bluesnow 

(Swiss Camp) 

(a) 
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Lake Ponting  

(JAR-1) 

(b) 

Lake Bluesnow 

(Swiss Camp) 

(c) 
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Figure 4-2 GC-Net measured (circles) and MAR simulated (lines) of (a,b) air 

temperature [ºC], (c,d) shortwave incoming radiation [W/m2], (e,f) albedo and 

(g,h) atmospheric pressure [hPa] for the Swiss Camp (left plots) and JAR-1 (right 

plots) stations. 

 

4.5 Results 

Figure 4-3 shows the comparison between measured and simulated ABLR (a,c) and water 

temperatures (b,d) for Lake Bluesnow (a,b) and Lake Ponting (c,d) . In plots a) and c), 

continuous black lines show the measured ABLR. In plots b) and d), continuous black lines refer 

to the temperature measured by the top sensor where the dashed black lines indicate the 

temperature measured by the bottom sensor. As mentioned above, the top sensors were located 

respectively 2 m (Lake Bluesnow) and 0.7 m (Lake Ponting) above the ice surface when they 

were deployed. Therefore, in our simulations we assume these values to be the initial water level 

in the lake to compare modeled and measured ablation rates. However, this might not account for 

Lake Ponting  

(JAR-1) (h) 
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the ablation occurring during the period when the bottom sensor was underwater but the top 

sensor was not (on the order of 1 – 2 days). Consequently, to account for this aspect and to 

evaluate the sensitivity of the model to the initial water level, in Figure 2 we show modeled 

ablation rates (gray curves with symbols) assuming different initial water levels. In the case of 

Lake Bluesnow, we show model outputs with initial water level ranging between 0 m (e.g., bare 

ice) and 3 m. Initial water levels range between 0 m and 1 m in the case of the Lake Ponting.  

 

(a) 
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(c) 
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Figure 4-3 GC-Net measured (circles) and MAR simulated (lines) of (a,b) air 

temperature [ºC], (c,d) shortwave incoming radiation [W/m2], (e,f) albedo and 

(g,h) atmospheric pressure [hPa] for the Swiss Camp (left plots) and JAR-1 (right 

plots) stations. 

In-situ measurements show that the total measured ablation for the bottom of Lake Bluesnow 

(Ponting) for the period when both sensors were underwater (~ 5 days in both cases) is ~ 0.25 m 

(~ 0.33 m) with a linear trend of 6.2 cm/day (5.7 cm/day). Ablation of bare ice over the same 

period obtained from GC-Net sonic ranger measurements is ~ 0.12 m (0.14 m) in the case of the 

Swiss Camp (JAR-1) station. Our measurements confirm that the ablation in the case of bare ice 

is considerably smaller than that measured when the lakes are present.  The values of the final 

ABLR measured at Lakes Blusenow and Ponting are, respectively, 2.1 (110 %) and 2.35 (135 %) 

times greater than those estimated from GC-Net measurements over bare ice at nearby locations, 

in agreement with Lüthje et al. (2006).  

(d) 
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From the analysis of the temperature data, we observe that, in general, the bottom sensors record 

lower temperature values (dashed line in Figure 4-3 2 b) and d)) than those measured by the top 

sensors. However, it is not possible to affirm that an actual vertical temperature gradient exists 

within the water column because the temperature differences between the top and bottom sensors 

are within the accuracy of the temperature sensor. The time series of the temperatures recorded 

by the two sensors also indicate that shifts in the relative position of the maxima and minima 

daily temperature exist (e.g., days 178 – 179 at Lake Bluesnow). A possible cause of this might 

be the fact that the vertical distance between the two sensors within the lake changes with time 

(as a consequence of the sinking of the bottom sensor). However, it is not possible to formulate 

any conclusive hypothesis with the data at our disposal and more measurements could help 

understanding this issue. 

When comparing modeled and measured quantities, for Lake Bluesnow we obtain a rate of 5.4 

cm/day when considering an initial water level of 2m (versus a measured value of 6.2 cm/day) 

and an RMSE between the measured and simulated ablation values of 4.7 cm. For Lake Ponting 

we obtain a modeled ablation rate of 5.74 cm/day with an initial water level of 0.7 m (versus a 

measured value of 6.8 cm/day) and an RMSE of 3.2 cm. In contrast to Lake Bluesnow, the 

model outputs for Lake Ponting are more sensitive to the different considered initial water levels. 

This is because the values of the initial water level for Lake Ponting are smaller than those we 

use in the case of Lake Bluesnow. For both lakes, discrepancies between modeled and measured 

ABLR might be due to intrinsic limitations of the model (e.g., knowledge of physical processes 

and their implementation) and to the uncertainty associated with the atmospheric forcing 

generated with the MAR model. We will evaluate the sensitivity of the thermodynamic model to 

the input parameters by perturbating the MAR outputs within a range that will be decided based 
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on the relative error between measured and simulated quantities. Factors extrinsic to the model 

can also be responsible of the differences between the measured and simulated values. For 

example, the presence of patchy snow and/or of cryoconite, highly absorbing atmospherically 

transported aerosol, at the bottom of the lake (observed during fieldwork activities). This will act 

to decrease the albedo of the lake bottom. This aspect is not accounted for in our model but it 

will, however, affect the measured ABLR.  

Temperature values simulated by the model for Lake Bluesnow are consistent with observed 

values for the first two days of the observational period. For the remaining three days the model 

generally tends to overestimate the water temperature and the RMSE for the whole period 

between measured and simulated top (bottom) temperatures (considering an initial water level of 

2 m) is 1.64 ºC (1.59 ºC). Conversely, the model tends to overestimate the measured water 

temperature at the beginning of the observation period in the case of the Lake Ponting, to 

perform better over the last three days, with an overall RMSE of 1.23 ºC (1.18 ºC) in the case of 

the temperature measured by the top (bottom) sensor. One possible explanation of the differences 

between the simulated and measured temperatures is that the model treats the lake as a closed 

system that heats up, excluding the influx of melt water from the surrounding areas which would 

eventually tend to cool the water within the lakes.  

4.6 Conclusions.  

We reported in-situ measurements of the ablation rate at the bottom of two supraglacial lakes on 

the GrIS, together with water temperatures measured at two different depths within the lakes. In 

agreement with results obtained from previous studies using modeling tools, our measurements 

indicate that the ablation rate at the  bottom of a supraglacial lake is about two times that of an 
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equivalent nearby bare ice surface. To our knowledge, this is the first time that this is proved 

through observations, confirming the importance of such lakes for ice sheet surface ablation and 

hydrological processes. The measured daily ablation rate at the bottom of the two lakes was of 

the order of ~ 6 cm/day, versus a rate of ~ 2.5 – 3 cm/day in the case of bare ice. This is likely 

due to an increase in the absorbed solar insulation by water compared to ice and snow.  

Measured ablation rates at the bottom of the two lakes were compared with those obtained from 

a physical model forced with the outputs of a regional atmospheric model coupled with a snow 

physical model. In general, the model was able to satisfactorily reproduce the measured ablation 

rates, with RMSE values of 4.7 and 3.2 cm, respectively.  

We also reported measurements concerning the vertical profile of water temperature. Observed 

differences between the temperatures measured at different depths were smaller than the 

accuracy of the temperature sensors, hence making impossible to draw any conclusion. The 

model was generally capable of reproducing the water temperature (assumed to be uniform in the 

model), though overestimation by the model occurred.  

The results reported in this study confirm that the ablation at the bottom of supraglacial lakes can 

play an important role on the overall lake volume. For example, in the case of Lake Ponting the 

overall depth of the lake increased by ~ 3m during the period when both sensors were 

underwater, of which 0.33 m due to the melting of its bottom. This can be be especially 

important for those lakes whose lifetime is relatively long, especially those that do not drain 

during a melt season (Selmes et al., 2011). Moreover, studies investigating ice sheet surface 

hydrology processes, and in particular those modeling runoff and streamflow, should account for 

the ablation of the bottom of the lakes. The general agreement between measured and modeled 
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quantities for the two lakes studied in this paper suggests that it would be possible to account for 

this quantity by forcing the ablation model used in this study with outputs from the MAR model.   
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5 Conclusions  

Observations of melt processes for the Greenland and Antarctica Ice Sheets (GrIS and AIS, 

respectively) are important in quantifying current melting rates and for predictions for the 

response to glaciers to future climate change. This work introduces methods that advance the 

current capability to observe melt processes, both from in-situ measurements and remote sensing 

techniques. Specifically two melt related processes are addressed: the total extent and duration of 

seasonal surface melting for the AIS and melting ponding on the GrIS. These two processes are 

integral to the rate of total ice loss for the AIS and GRIS, since surface melting leads to runoff 

and melt ponding. Melt ponding, in turn, leads to increased discharge during drainage events as 

well as an increase in the rate of ablation of the ice sheet. 

Microwave frequency and visible-near infrared satellite methods are employed in this work to 

successfully gather information on melt processes. This study leverages the advantages of both 

instrument types to maximize their potential to observe melt processes (i.e. discerning liquid 

water from ice at the surface or just below). Microwave frequency satellite instruments have 

large magnitude response to liquid water as well as a high temporal resolution and spatial 

coverage (due to large spatial coverage and ability to penetration cloud cover) making it optimal 

for measuring melting extent. Microwave instruments are less adept at detecting high spatial 

detail or resolving contrasts in liquid water content (LWC).  Visible-NIR wavelength satellite 

instruments have the ability to make high resolution observations and due to their greater 

penetration depth into water at blue to green wavelengths can be used to estimate water depth 

from upwelling radiance measurements.  
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The presently advanced study of the visible-near infrared spectrum finds that a) it is feasible for 

supraglacial lake depths to be retrieved using a focus on vis-nir, and b) the accuracy of these 

estimates validities existing estimates for water flux to the base of glaciers. Detailed in-situ 

concurrent multi-spectral and depth observations, collected over a supraglacial lake in West 

Greenland were used to evaluate the spectral dependency of the bottom albedo, Ad, diffuse 

absorption factor and to quantify spaceborne bathymetry.  The latter linearly relates the 

attenuation coefficient g and the diffuse attenuation factor Kd. Results show that, as 

hypothesized, the spectral behavior of Ad is similar to that of glacier ice albedo. The increase of a 

with wavelength from in-situ data cannot be easily explained without assuming chlorophyll, or 

other absorbing materials in the water, which is present in minimal concentrations according to 

preliminary analysis of water samples. One explanation for the spectral behavior follows that the 

bottom albedo has a greater variability in the blue region. With a fixed bottom albedo, some of 

the loss due to a darker blue ice is attributed to loss along the water column.  By assessing a 

widely-used technique in which Ad is assumed to be uniform and equal to the reflectance of 

shallow waters along the lake edge it is demonstrated that estimates of Ad manifest Gaussian-like 

behavior. This indicates that there is an expected and quantifiable error associated with Ad data 

that will be reflected in estimates derived for lake depth.  The present study attributes the bulk of 

the variability to differences in the reflectivity of heterogeneous ice and to cryoconite – a dark 

aerosol that contributes to a reduction in albedo that is hard to directly quantify.  

In the case of a, a second attenuation factor, values obtained from in-situ measurements differ by 

~15 % from those computed using literature approaches. Best spaceborne-based estimates 

resulted when using either the Landsat band 2 or the spectrally similar MODIS band 4. In the 

case of Landsat, the best results are obtained when using the a derived from in-situ 
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measurements (a = 2.33). However, this is not true in the case of MODIS, where best results are 

obtained using the values suggested in the literature (a = 2). In the case of MODIS, however, 

mixed-pixel effects and relatively coarse resolution can be responsible for a large degree of 

uncertainty.  

A combined continuous wavelet transform and multi-scale analysis (CWT) is able to isolate 

changes in the backscattering signal upon melting events. The CWT methodology, in itself, can 

identify all discontinuous changes in a single season of QuikSCAT backscatter observations.  

Based on the fundamentals of wavelet analysis, the set of identified discontinuous changes must 

include both the point of melt onset and the point of refreeze, providing there is melting.  By 

considering only those transitions with substantial large-scale components, here defined as 

greater than 25 days, small-scale transitions similar to signal noise are eliminated. The addition of 

multi-scale analysis also eliminates those transitions that are sporadic (noisy in time). The 

combination of these methods provides a melt detection methodology aimed at detecting melting 

at a seasonal scale that may represent a substantial improvement over traditional measurements 

as discussed in the future studies section.   

Results from the CWT method, when compared with a fixed threshold methodology find melt 

durations (MD) that are well correlated, r = .897 (p < 0.001) in mean value, with a root mean 

squared error (RMSE) of ~ 9 days. Generally, the CWT method has a positive bias of ~ 15 days 

with respect to the FT3, due to the identification of only sustained melting during the melting 

season. From single season observations, it is evident that the major sources of negative 

differences in algorithm results (FT3>CWT) are from fluctuations in backscatter close to the 3dB 

threshold, and most likely from short refreeze cycles or a lower magnitude backscatter change 

with increasing LWC. From the evaluation of melting over the Antarctic Peninsula (AP) for both 
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methodologies, it is found that the average MD difference is less than at the continent scale, 

indicating that a majority of sporadic, large-scale, melting events occur primarily on low 

elevation ice-shelves and that at higher elevations on the AP.  This is an expected result for the 

Antarctic Peninsula that comparatively receives a majority of the weather.  

Additionally, a comparison with AWS reveals that overall the FT3 has higher level of agreement 

with the temperature measurements with a 66 percent total accuracy compared to the 54 percent 

from the CWT method.  The FT3 method has a better overall accuracy because of its ability to 

measure short duration melting events that are common for several stations (e.g. the Limbert 

AWS) and are expressed in the air temperature record. This is true for all AWS, apart from the 

Pegasus South Station where the CWT has a 10 percent greater accuracy than the FT3 method. 

For the Pegasus South AWS, it appears that the melting season occurs with a relatively low loss 

in backscatter, it is therefore never consistently under the 3dB threshold.   

A comparison between active (QuikSCAT) and passive microwave instruments (SSM/I), we find 

that methods find similar values in terms of total melt index (MI) compared to M+30K, a PMW 

derived approach; both AMW melting records similar yearly MI. 

In chapter 2, in-situ concurrent multi-spectral and depth observations were collected over a 

supraglacial lake in West Greenland in order to assess spaceborne bathymetry.  Such 

measurements provided the opportunity to study the spectral dependency of the bottom albedo 

Ad and coefficient a,  with the latter linearly relating the attenuation coefficient g and the diffuse 

attenuation factor Kd. Results show that, as expected, the spectral behavior of Ad is similar to 

that of glacier ice albedo. The increase of a with wavelength from in-situ data cannot be easily 

explained without assuming chlorophyll, or other absorbing materials, in the water, which is 
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present at a very minimal concentration according to our preliminary analysis of water samples. 

One explanation for the spectral behavior of a is that the bottom albedo has a higher variability 

in the blue region, attributing some of the loss due to a darker blue ice to loss along the water 

column. 

This study reexamined a technique widely used in the literature in which Ad is assumed to be 

uniform and equal to the reflectance of shallow waters along the lake edge. The analysis of in-

situ measurements show a Gaussian-like behavior of Ad, with this variability appearing to be 

intrinsic to the albedo of the bottom, consisting of large patches of cryoconite. The difference 

between the mean Ad value obtained from in-situ measurements and the mean of the reflectance 

values along the lake edge obtained from Landsat is on the order of ~ 10 %. This translates into 

an average error on lake depth retrieval of -11.8 % (-15.9 %) when using the Landsat band 1 

(band 2). The error is maximum for shallow waters with an underestimation down to -23.7 % (-

42.7 %) and reduces to -4.6 % (-4.7 %) for lake depth values up to 10 m. 

In the case of a, the values obtained from in-situ measurements differ by ~ 15 % from those 

computed using literature approaches. Best spaceborne-based estimates were obtained when 

using either the Landsat band 2 or the spectrally similar MODIS band 4. In the case of Landsat, 

best results are obtained when using the a value derived from in-situ measurements (a = 2.33). 

However, this is not true in the case of MODIS, where best results are obtained using the values 

suggested in the literature (a = 2). In the case of MODIS, however, mixed-pixel effects and 

relatively coarse resolution can be responsible for large uncertainty. For example, the presence of 

ice within a pixel will increase the reflectance with respect to a pixel containing only liquid 

water, leading to an underestimation of the lake depth. This is especially true for relatively small 

lakes and for those pixels containing the lake edges. In the future, a more comprehensive 
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collection of in-situ data set on the inherent optical properties of melt pond water is planned at  

multiple lakes. This will facilitate the use a more sophisticated model of the water column (Lee, 

1999), in which depth estimations can be made with a fully physical model of water constituents.  

In Chapter 3, in-situ measurements of the ablation rate at the bottom of two supraglacial lakes on 

the GrIS are reported, together with water temperatures measured at two different depths within 

the lakesThese results agree with those obtained from previous studies using modeling tools, 

with measurements indicating that the ablation rate at the bottom of a supraglacial lake is about 

two times that of an equivalent nearby bare ice surface. To our knowledge, this is the first time 

that this is proved through observations, confirming the importance of such lakes for ice sheet 

surface ablation and hydrological processes. The measured daily ablation rate at the bottom of 

the two lakes was of the order of ~ 6 cm/day, versus a rate of ~ 2.5 – 3 cm/day in the case of bare 

ice. Measured ablation rates at the bottom of the two lakes were compared with those obtained 

from a physical model forced with the outputs of a regional atmospheric model coupled with a 

snow physical model. In general, the model was able to satisfactorily reproduce the measured 

ablation rates, with RMSE values of 4.7 and 3.2 cm, respectively. 

We also reported measurements concerning the vertical profile of water temperature. Observed 

differences between the temperatures measured at different depths were smaller than the 

accuracy of the temperature sensors, hence making impossible to draw any conclusion. The 

model was generally capable of reproducing the water temperature (assumed to be uniform in the 

model), though overestimation by the model occurred. 

The results reported in this study confirm that the ablation at the bottom of supraglacial lakes can 

play an important role on the overall lake volume. For example, in the case of Lake Ponting the 
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overall depth of the lake increased by ~ 3m during the period when both sensors were 

underwater, of which 0.33 m due to the melting of its bottom. This can be especially important 

for those lakes whose lifetime is relatively long, especially those that do not drain during a melt 

season.  Melting at the bottom of a supraglacial lake might also be expected to alter its reflective 

properties, with implications for satellite-based techniques used to estimate lake volume from 

visible and near-infrared observations. Such techniques assume that the reflective properties of 

the bottom of the lake are the same as those of the areas along the lake shore. Given the different 

ablation rates between bare and water-covered ice, the assumption adopted in the satellite-based 

techniques might introduce error on the lake volume estimates if the optical properties of the ice 

exposed at the bottom of the lake are different from those at the lake’s edge. Moreover, studies 

investigating ice sheet surface hydrology processes, and in particular those modeling runoff and 

stream-flow, should account for the ablation of the bottom of the lakes.  

6 Future Study 

The CWT method makes it possible to filter changes based on multiple scale components.  It 

would be advantageous in future study to find an optimal scale for the measurement of synoptic 

melting events.  Currently, the choice of a minimum temporal threshold is based on previous 

work (see Chapter 1). A quantitative method to optimize the scale threshold based on direct field 

observations would constitute a substantial improvement to the method. This may be 

implemented by using long-term spatial patterns in seasonal above-zero temperatures, or other 

climate parameters, to derive a scale based directly on observations from model data or 

reanalysis data.  In this way we can create an observationally tuned time-scale threshold that 

would reduce the effect of weather events on the melting record.  
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Because of the nature of a dynamic-change methodology, the method is not limited to the 

instrumentation that it is currently applied. The importance of this is illustrated in the case of the 

QuikSCAT satellite that experienced antennae failure in 2009, limiting the scope of the 

observational record. Currently operational satellite scatterometers, including the ASCAT 

instrument, do not match previous instrumentation in frequency or tempo-spatial resolution.  

Based on differences in the microwave response to LWC, a fixed-threshold melt-detection 

method, as currently defined, cannot be applied directly to this new data record.  Additional 

investigation is required to establish an appropriate threshold.  Conversely, since the main 

requirement for a dynamic method, that the microwave response to LWC remains much greater 

than other snow property changes, the method still applies for ASCAT, a C-band scatterometer, 

Therefore the CWT method can be applied directly because the timing of melting remains the 

same while the magnitude changes. 

An additional use of the CWT, currently funded, is directed at comparing QuikSCAT-derived 

melt record with the regional climate (MAR).  This will help to extend the current melting record 

for the Antarctic Peninsula to mid-twentieth century. These combined proposed studies are 

anticipated to place the melting interval for glacial on a much-improved footing. 

In the future, a more comprehensive in-situ data set will be collected on the inherent optical 

properties of melt pond water with analysis extended to multiple lakes. A more sophisticated 

model of the water column will be implemented, in which depth estimations can be made with a 

fully physical model of water constituents. 

The general agreement between measured and modeled ablation rates for the two lakes studied in 

Chapter 3 suggests that it would be possible to account for this quantity by forcing the ablation 
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model used in this study with outputs from the MAR model. This would be the natural extension 

of this particular study. 
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A. Appendix - Supplemental Material for Chapter 2 

 

 

Figure A-1 The observed frequency of yearly melting for the period 1999:2009. Sections refer: 

Antarctic Peninsula (P), Fimbilt (F), Dronning Maude Land (D), Amery (A), Wilkes Land (W), 

Ross (R), Marie Byrd Land (M) 

. 

M	
  

D	
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Figure A-2 Yearly melt duration as determined by the CWT method 
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Figure A-3 Yearly melt duration as determined by the FT3 method 
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Figure A-4 Difference in MD for an enlarged section of the Antarctic Peninsula as found by the 

CWT and FT3 methods, where𝛥𝑀𝐷 = (𝑀𝐷!"! −𝑀𝐷!"#). Elevation contours from Bamber et 

al (2009)1. 

 

 

 

                                                
1 Bamber, J., Gomez-Dans, J., & Griggs, J. (2009). A new 1 km digital elevation model of the 

Antarctic derived from combined satellite radar and laser data–Part 1: Data and methods. 
The Cryosphere, 3(1), 101-111.  
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Figure A-5 Mean melt onset over the Antarctic Peninsula determined using (a) FT3, (b) CWT 

and (c) the difference between FT3 and CWT where 𝛥𝑀𝑂 = (𝑀𝑂!"! −𝑀𝑂!"#) 

 

Figure A-6 Mean melt refreeze date over the Antarctic Peninsula determined using (a) FT3, (b) 

CWT and (c) the difference between FT3 and CWT where 𝛥𝑀𝐹 = (𝑀𝐹!"! −𝑀𝐹!"#) 
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Figure A-7 (a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Larsen Ice Shelf AWS from 

1999-2009. 

(a) (b) 
 

 

 

 

             (c) 
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Figure A-8(a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Fossil Bluff AWS from 2007-

2009. 

 

(a) (b) 
 

 

 

 

             (c) 
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Figure A-9 (a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Fossil Bluff AWS from 2007-

2009. 

 

(a) (b) 
 

 

 

 

             (c) 
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Figure A-10 (a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Fossil Bluff AWS from 2000-

2004. 

 

(a) (b) 
 

 

 

 

             (c) 
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Figure A-11 (a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Limbert AWS from 2005-

2009. 

(a) (b) 
 

 

 

 

             (c) 

          



149 
 

 

Figure A-12 (a) The frequency of DOY that is detected as melted determined by the CWT and 

FT3 method. (b) Observed temperature at the time of melt detection from the CWT and FT3 

method. (c) Observed temperature during QuikSCAT observation is colored based on the 

classification by the CWT and FT3 algorithm. This data is for the Pegasus South AWS from 

2000:2005. 

 

(a) (b) 
 

 

 

 

             (c) 
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Figure A-13 Seasonal trends in melt index for regions defined in Figure A-1, for both the FT3 

and CWT method. 
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Figure A-14 Correlation between SAM (DecJanFeb) and regionally averaged MD for the CWT 

method over the Dronning Maude Land. Regression coefficients are labeled over areas of 

correlation 

 

Figure A-15 Correlation between SAM (DecJanFeb) and regionally averaged MD for the CWT 

method for the Amery Ice Shelf. Regression coefficients are labeled over areas of correlation. 

 

  MD [day] MI [days-km2] MO [DOY*] MF [DOY*] Season** [day]  [MD/season] 

Section FT3 CWT diff %diff FT3 CWT diff %diff FT3 CWT diff z-score sFT3 sCWT FT3 CWT diff z-score sFT3 sCWT FT3 CWT diff %diff FT3 CWT diff 

Amery Ice Shelf (A) 23 34 -11 39% 2.6E+06 3.1E+06 -4.9E+05 17% 357 349 7 0.70 12 9 385 384 1 0.08 14 17 28 34 -6 19% 80% 97% 20% 

Antarctica (Ant) 27 41 -14 40% 2.8E+07 3.0E+07 -1.6E+06 5% 352 347 5 0.24 26 16 393 390 2 0.09 28 25 41 43 -2 6% 67% 95% 34% 

Dronning-Maude Land (D) 16 28 -12 53% 4.2E+06 5.3E+06 -1.1E+06 24% 360 352 8 0.70 12 10 381 385 -3 -0.20 13 22 21 32 -11 42% 77% 86% 11% 

Fimbul Ice Shelf (F) 5 41 -36 157% 1.2E+05 1.8E+05 -5.6E+04 38% 378 340 38 1.91 11 29 384 411 -27 -0.88 10 51 6 71 -65 167% 77% 58% 29% 

Marie Byrd Land (M) 13 38 -25 96% 1.9E+06 2.2E+06 -2.7E+05 13% 358 348 10 0.34 30 27 389 400 -11 -0.28 36 39 31 51 -20 49% 43% 75% 54% 

Antarctic Peninsula (P) 50 55 -4 8% 1.5E+07 1.4E+07 1.2E+06 8% 336 342 -7 -0.31 28 15 411 398 14 0.55 28 22 76 55 20 31% 66% 99% 39% 

Ross Ice Shelf (R) 6 36 -30 142% 5.0E+05 4.5E+05 5.2E+04 11% 371 340 30 1.53 16 23 382 387 -4 -0.17 17 32 12 46 -35 119% 51% 77% 41% 

Wilkes Land (W) 23 37 -14 46% 3.8E+06 4.7E+06 -8.5E+05 20% 356 348 8 0.55 18 11 388 385 3 0.16 20 16 32 37 -5 14% 72% 99% 32% 
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Table A-1 Melting duration (MD), melt index (MI), melt onset (MO), melt off (MF) Season 

duration for regions of Antarctica. 

  MD [day] MI [days-km2] 
	
   	
   	
   	
  Section FT3 CWT diff %diff FT3 CWT diff %diff 
	
   	
   	
   	
  

Amery Ice Shelf (A) 23 34 -11 39% 2.60E+06 3.10E+06 -
4.90E+05 17% 

	
   	
   	
   	
  Antarctica (Ant) 27 41 -14 40% 2.80E+07 3.00E+07 -
1.60E+06 5% 

	
   	
   	
   	
  Dronning-Maude 
Land (D) 16 28 -12 53% 4.20E+06 5.30E+06 -

1.10E+06 24% 

	
   	
   	
   	
  Fimbul Ice Shelf (F) 5 41 -36 157% 1.20E+05 1.80E+05 -
5.60E+04 38% 

	
   	
   	
   	
  Marie Byrd Land (M) 13 38 -25 96% 1.90E+06 2.20E+06 -
2.70E+05 13% 

	
   	
   	
   	
  Antarctic Peninsula 
(P) 50 55 -4 8% 1.50E+07 1.40E+07 1.20E+06 8% 

	
   	
   	
   	
  Ross Ice Shelf (R) 6 36 -30 142% 5.00E+05 4.50E+05 5.20E+04 11% 
	
   	
   	
   	
  Wilkes Land (W) 23 37 -14 46% 3.80E+06 4.70E+06 -

8.50E+05 20% 

	
   	
   	
   	
    MO [DOY*] MF [DOY*] 

Section FT3 CWT diff z-
score sFT3 sCWT FT3 CWT diff z-

score sFT3 sCWT 

Amery Ice Shelf (A) 357 349 7 0.7 12 9 385 384 1 0.08 14 17 

Antarctica (Ant) 352 347 5 0.24 26 16 393 390 2 0.09 28 25 
Dronning-Maude 

Land (D) 360 352 8 0.7 12 10 381 385 -3 -0.2 13 22 

Fimbul Ice Shelf (F) 378 340 38 1.91 11 29 384 411 -27 -0.88 10 51 

Marie Byrd Land (M) 358 348 10 0.34 30 27 389 400 -11 -0.28 36 39 
Antarctic Peninsula 

(P) 336 342 -7 -0.31 28 15 411 398 14 0.55 28 22 

Ross Ice Shelf (R) 371 340 30 1.53 16 23 382 387 -4 -0.17 17 32 

Wilkes Land (W) 356 348 8 0.55 18 11 388 385 3 0.16 20 16 

  Season** [day]  [MD/season]      
Section FT3 CWT diff %diff FT3 CWT diff      

Amery Ice Shelf (A) 28 34 -6 19% 80% 97% 20%      
Antarctica (Ant) 41 43 -2 6% 67% 95% 34%      

Dronning-Maude 
Land (D) 21 32 -11 42% 77% 86% 11%      

Fimbul Ice Shelf (F) 6 71 -65 167% 77% 58% 29%      
Marie Byrd Land (M) 31 51 -20 49% 43% 75% 54%      
Antarctic Peninsula 

(P) 76 55 20 31% 66% 99% 39%      
Ross Ice Shelf (R) 12 46 -35 119% 51% 77% 41%      

Wilkes Land (W) 32 37 -5 14% 72% 99% 32%      
* Here DOY refers to days after January, 1 for the first year in the 
melting season 

	
   	
   	
   	
   	
   	
   	
  ** The melting season is defined as MF-
MO 

	
   	
   	
   	
   	
   	
   	
   	
   	
   	
  ***Difference refers to FT3-CWT 
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Figure A-16 QuikSCAT derived melting anomalies for the 1999-2000 season (from 1999 

through 2009 mean) over the Antarctic Peninsula as determined by the CWT melt detection 

method 
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Figure A-17 Same as previous figure for the 2000-2001 melting season 

 

Figure A-18 Same as previous figure for the 2001-2002 melting season  

 

Figure A-19 Same as previous figure for the 2002-2003 melting season 
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Figure A-20 Same as previous figure for the 2003-2004 melting season  

 

Figure A-21 Same as previous figure for the 2004-2005 melting season 
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Figure A-22 Same as previous figure for the 2005-2006 melting season 

 

Figure A-23 Same as previous figure for the 2006-2007 melting season  
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Figure A-24 Same as previous figure for the 2007-2008 melting season 

 

Figure A-25 Same as previous figure for the 2008-2009  melting season 
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Table A-2 Yearly and mean melt duration and melt index for the regions outlined in Figure A-1 

  
MD MI 

year section FT3 CWT diff %diff FT3 CWT diff %diff 

1999 A 7 29 -23 -123.8% 1.95E+05 6.55E+05 -4.60E+05 -108.2% 
2000 A 22 38 -16 -52.6% 2.29E+06 3.32E+06 -1.03E+06 -36.6% 

2001 A 22 28 -7 -26.5% 2.72E+06 3.10E+06 -3.86E+05 -13.3% 

2002 A 19 26 -7 -32.4% 2.05E+06 2.55E+06 -5.00E+05 -21.7% 

2003 A 32 38 -6 -17.2% 4.32E+06 4.64E+06 -3.17E+05 -7.1% 

2004 A 38 45 -7 -16.5% 4.89E+06 5.56E+06 -6.78E+05 -13.0% 

2005 A 35 37 -2 -6.2% 4.91E+06 4.84E+06 7.01E+04 1.4% 

2006 A 16 33 -18 -71.3% 1.41E+06 1.92E+06 -5.04E+05 -30.3% 

2007 A 14 30 -16 -74.1% 6.33E+05 1.42E+06 -7.83E+05 -76.4% 

2008 A 22 31 -8 -31.9% 2.78E+06 3.10E+06 -3.16E+05 -10.7% 

mean A 23 34 -11 -38.9% 2.62E+06 3.11E+06 -4.90E+05 -17.1% 

1999 Ant 28 51 -23 -58.8% 1.56E+07 1.89E+07 -3.26E+06 -18.9% 

2000 Ant 25 38 -13 -41.9% 2.21E+07 2.38E+07 -1.71E+06 -7.4% 

2001 Ant 28 37 -9 -26.3% 2.96E+07 3.17E+07 -2.11E+06 -6.9% 

2002 Ant 28 41 -13 -37.3% 3.17E+07 3.25E+07 -8.23E+05 -2.6% 

2003 Ant 26 39 -12 -38.1% 3.02E+07 3.18E+07 -1.56E+06 -5.0% 

2004 Ant 28 42 -14 -41.3% 4.05E+07 4.14E+07 -8.87E+05 -2.2% 

2005 Ant 29 41 -12 -33.9% 3.56E+07 3.95E+07 -3.95E+06 -10.5% 

2006 Ant 27 42 -15 -44.8% 2.79E+07 2.64E+07 1.58E+06 5.8% 

2007 Ant 28 40 -12 -35.3% 2.37E+07 2.55E+07 -1.84E+06 -7.5% 

2008 Ant 26 37 -12 -37.6% 2.44E+07 2.57E+07 -1.25E+06 -5.0% 

mean Ant 27 41 -14 -39.9% 2.81E+07 2.97E+07 -1.58E+06 -5.5% 

1999 D 6 22 -16 -110.3% 6.46E+05 7.71E+05 -1.25E+05 -17.6% 

2000 D 16 24 -8 -38.5% 3.78E+06 4.17E+06 -3.89E+05 -9.8% 

2001 D 15 26 -11 -52.0% 4.18E+06 6.08E+06 -1.90E+06 -37.1% 

2002 D 15 32 -16 -69.8% 3.29E+06 5.08E+06 -1.79E+06 -42.7% 
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2003 D 25 37 -12 -38.1% 9.41E+06 1.07E+07 -1.25E+06 -12.4% 

2004 D 29 33 -4 -13.8% 9.37E+06 1.04E+07 -1.02E+06 -10.4% 

2005 D 17 25 -7 -33.8% 4.33E+06 5.40E+06 -1.07E+06 -22.0% 

2006 D 15 29 -14 -62.8% 2.84E+06 4.06E+06 -1.22E+06 -35.4% 

2007 D 13 26 -14 -70.9% 1.67E+06 3.04E+06 -1.37E+06 -58.1% 

2008 D 11 26 -15 -80.8% 2.35E+06 3.60E+06 -1.25E+06 -42.0% 

mean D 16 28 -12 -52.5% 4.19E+06 5.32E+06 -1.14E+06 -23.9% 

1999 F 5 131 -126 -184.6% 3.23E+02 4.21E+05 -4.20E+05 -199.7% 

2000 F 7 38 -32 -140.9% 2.76E+04 5.30E+04 -2.54E+04 -63.2% 

2001 F 5 15 -11 -107.4% 1.63E+05 5.53E+05 -3.89E+05 -108.7% 

2002 F 4 32 -29 -157.7% 9.82E+04 8.46E+04 1.36E+04 14.9% 

2003 F 10 35 -26 -114.5% 3.16E+04 1.46E+05 -1.15E+05 -128.9% 

2004 F 4 34 -30 -158.2% 1.06E+05 1.42E+05 -3.59E+04 -29.0% 

2005 F 5 33 -28 -145.9% 9.94E+03 8.13E+04 -7.13E+04 -156.4% 

2006 F 4 43 -40 -169.2% 5.05E+05 1.01E+05 4.05E+05 133.6% 

2007 F 3 22 -19 -146.3% 1.99E+05 1.51E+05 4.74E+04 27.1% 

2008 F 4 29 -25 -153.8% 5.90E+04 2.82E+04 3.08E+04 70.6% 

mean F 5 41 -36 -157.0% 1.20E+05 1.76E+05 -5.60E+04 -37.9% 

1999 M 10 65 -55 -147.1% 7.18E+05 1.17E+06 -4.48E+05 -47.6% 

2000 M 8 41 -33 -135.3% 7.73E+05 5.56E+05 2.18E+05 32.8% 

2001 M 12 43 -31 -114.9% 1.00E+06 2.09E+06 -1.09E+06 -70.7% 

2002 M 20 46 -27 -80.4% 2.85E+06 4.16E+06 -1.31E+06 -37.5% 

2003 M 7 41 -34 -143.9% 9.56E+05 4.20E+05 5.37E+05 78.0% 

2004 M 15 33 -18 -73.0% 2.83E+06 2.91E+06 -8.18E+04 -2.9% 

2005 M 21 34 -13 -48.4% 3.73E+06 3.91E+06 -1.84E+05 -4.8% 

2006 M 16 33 -17 -68.9% 2.27E+06 2.30E+06 -2.92E+04 -1.3% 

2007 M 15 29 -14 -64.6% 2.58E+06 3.00E+06 -4.19E+05 -15.0% 

2008 M 12 20 -8 -51.7% 1.29E+06 1.19E+06 9.66E+04 7.8% 

mean M 13 38 -25 -96.3% 1.90E+06 2.17E+06 -2.72E+05 -13.4% 
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1999 P 49 61 -12 -21.0% 1.33E+07 1.40E+07 -7.74E+05 -5.7% 

2000 P 38 42 -4 -10.3% 1.14E+07 1.05E+07 8.91E+05 8.2% 

2001 P 54 56 -1 -2.7% 1.63E+07 1.42E+07 2.18E+06 14.3% 

2002 P 58 53 5 8.7% 1.89E+07 1.56E+07 3.24E+06 18.8% 

2003 P 37 43 -6 -15.4% 1.06E+07 1.02E+07 3.74E+05 3.6% 

2004 P 53 60 -8 -13.5% 1.58E+07 1.50E+07 8.65E+05 5.6% 

2005 P 54 68 -13 -22.1% 1.54E+07 1.77E+07 -2.31E+06 -13.9% 

2006 P 55 58 -3 -5.2% 1.70E+07 1.35E+07 3.47E+06 22.7% 

2007 P 55 55 -1 -1.3% 1.63E+07 1.41E+07 2.14E+06 14.1% 

2008 P 49 50 -1 -2.1% 1.43E+07 1.26E+07 1.76E+06 13.1% 

mean P 50 55 -4 -8.4% 1.49E+07 1.37E+07 1.18E+06 8.3% 

1999 R 7 89 -82 -170.8% 1.19E+04 5.39E+05 -5.27E+05 -191.4% 

2000 R 4 59 -56 -177.5% 4.00E+04 4.97E+04 -9.65E+03 -21.5% 

2001 R 5 27 -22 -140.0% 6.94E+04 2.47E+05 -1.77E+05 -112.1% 

2002 R 6 31 -25 -136.1% 8.21E+05 4.61E+05 3.59E+05 56.1% 

2003 R 6 28 -21 -125.2% 3.12E+05 3.85E+05 -7.28E+04 -20.9% 

2004 R 6 14 -8 -79.6% 1.92E+06 6.88E+05 1.23E+06 94.5% 

2005 R 9 25 -16 -92.7% 1.41E+06 1.46E+06 -5.04E+04 -3.5% 

2006 R 7 27 -20 -120.1% 1.88E+05 2.90E+05 -1.02E+05 -42.7% 

2007 R 6 18 -12 -101.3% 1.66E+05 1.78E+05 -1.21E+04 -7.0% 

2008 R 5 39 -35 -155.7% 9.66E+04 2.19E+05 -1.22E+05 -77.4% 

mean R 6 36 -30 -142.4% 5.04E+05 4.52E+05 5.20E+04 10.9% 

1999 W 9 22 -14 -86.7% 7.58E+05 1.16E+06 -3.99E+05 -41.7% 

2000 W 27 52 -25 -64.0% 3.78E+06 5.14E+06 -1.36E+06 -30.5% 

2001 W 25 33 -9 -29.5% 5.07E+06 5.40E+06 -3.29E+05 -6.3% 

2002 W 22 36 -13 -45.3% 3.71E+06 4.53E+06 -8.28E+05 -20.1% 

2003 W 29 37 -8 -23.8% 4.54E+06 5.25E+06 -7.14E+05 -14.6% 

2004 W 31 43 -13 -34.3% 5.50E+06 6.73E+06 -1.23E+06 -20.1% 

2005 W 28 36 -8 -24.6% 5.79E+06 6.08E+06 -2.90E+05 -4.9% 
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2006 W 24 38 -14 -44.5% 3.70E+06 4.16E+06 -4.58E+05 -11.7% 

2007 W 17 34 -16 -63.7% 2.10E+06 3.54E+06 -1.45E+06 -51.3% 

2008 W 21 39 -18 -61.0% 3.46E+06 4.93E+06 -1.48E+06 -35.2% 

mean W 23 37 -14 -45.5% 3.84E+06 4.69E+06 -8.53E+05 -20.0% 
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Table A-3 Yearly and mean melt onset (MO) and melt off (MF) for Antarctica (Ant) and the 

regions outlined in Figure A-1. 

    MO MF Season 
year section FT3 CWT diff z-score s_FT3 s_CWT FT3 CWT diff z-score s_FT3 s_CWT FT3 CWT diff %diff 

1999 A 371 307 63 4.58 15 13 381 336 45 2.92 14.2 16.6 10 28 -19 -96.3% 
2000 A 356 351 5 0.27 17 16 384 388 -4 -0.33 13.0 10.3 28 37 -8 -25.6% 
2001 A 360 359 1 0.13 10 9 385 386 0 -0.09 6.5 4.6 25 27 -2 -6.6% 
2002 A 362 364 -2 -0.21 8 7 389 389 -1 -0.04 13.2 10.5 26 25 1 4.3% 
2003 A 350 351 -1 -0.13 8 8 386 389 -2 -0.20 13.0 10.4 36 37 -1 -3.5% 
2004 A 347 347 0 0.07 8 7 388 390 -2 -0.23 12.5 8.2 41 44 -3 -6.9% 
2005 A 344 346 -2 -0.34 7 7 382 383 0 -0.02 13.4 10.4 38 36 2 5.4% 
2006 A 365 359 6 0.36 19 14 390 391 -1 -0.06 19.1 7.8 25 32 -7 -24.2% 
2007 A 357 353 4 0.38 13 6 376 382 -6 -0.41 16.7 11.8 19 29 -10 -39.6% 
2008 A 354 355 -1 -0.13 11 7 388 384 4 0.23 20.1 12.7 35 30 5 15.4% 
mean A 357 349 7 0.70 12 9 385 382 3 0.26 14.2 10.3 28 32 -4 -13.5% 
1999 Ant 351 292 59 2.19 31 22 400 343 57 1.88 33.8 27.1 49 50 -2 -3.2% 
2000 Ant 350 354 -3 -0.16 26 17 392 391 2 0.08 25.3 13.1 42 37 5 12.5% 
2001 Ant 356 356 0 0.02 20 12 392 392 0 0.00 21.5 15.0 36 36 0 -0.6% 
2002 Ant 355 353 2 0.12 23 14 396 393 2 0.11 28.3 15.2 41 40 0 0.6% 
2003 Ant 352 354 -1 -0.09 20 13 389 391 -2 -0.08 31.4 16.7 37 37 0 -1.3% 
2004 Ant 351 348 3 0.14 25 13 388 390 -2 -0.11 20.0 13.8 37 41 -4 -11.5% 
2005 Ant 346 351 -6 -0.27 26 17 392 392 0 -0.01 29.8 20.5 46 41 5 12.5% 
2006 Ant 351 355 -4 -0.15 38 20 395 396 -1 -0.10 19.2 9.7 44 41 3 7.0% 
2007 Ant 355 352 3 0.17 27 10 393 391 2 0.08 38.1 18.7 38 39 -1 -2.0% 
2008 Ant 351 354 -3 -0.14 21 16 389 390 -2 -0.08 28.9 15.7 38 37 1 2.7% 
mean Ant 352 347 5 0.24 26 16 393 387 6 0.26 27.6 16.6 41 40 1 1.7% 
1999 D 373 312 61 3.84 13 19 381 333 48 3.75 11.0 14.5 8 21 -13 -87.8% 
2000 D 362 362 1 0.04 11 12 381 384 -3 -0.37 9.6 9.0 19 23 -4 -19.1% 
2001 D 361 359 2 0.30 9 7 382 384 -2 -0.26 8.2 4.6 21 25 -4 -17.9% 
2002 D 359 356 2 0.24 11 9 381 387 -6 -0.39 15.5 12.8 23 31 -8 -30.2% 
2003 D 355 352 3 0.45 7 6 384 388 -5 -0.44 11.9 8.9 28 36 -7 -23.3% 
2004 D 354 354 0 0.02 8 6 386 386 1 0.07 10.2 8.3 32 32 0 1.4% 
2005 D 357 356 0 0.04 13 11 378 379 -1 -0.10 13.4 9.0 22 23 -2 -7.1% 
2006 D 367 364 3 0.28 14 11 387 392 -5 -0.41 14.4 7.5 20 28 -8 -32.9% 
2007 D 355 352 4 0.24 18 12 375 379 -3 -0.23 20.0 8.3 20 27 -7 -29.2% 
2008 D 358 358 0 0.02 13 9 376 382 -7 -0.44 17.4 13.0 18 25 -7 -31.9% 
mean D 360 352 8 0.70 12 10 381 379 2 0.15 13.2 9.6 21 27 -6 -24.6% 

1999 F 492 242 249 6.37 34 44 505 373 132 3.33 33.7 45.8 14 131 -
117 -161.9% 

2000 F 366 351 15 0.48 20 40 378 382 -5 -0.20 19.0 28.2 12 31 -19 -89.1% 
2001 F 370 363 7 0.78 4 14 374 377 -3 -0.54 5.1 7.2 4 14 -10 -114.8% 
2002 F 363 369 -5 -0.25 3 38 367 384 -17 -1.28 4.4 22.6 3 16 -12 -127.3% 
2003 F 360 344 16 1.07 5 25 373 379 -6 -0.47 6.4 18.9 13 35 -22 -92.9% 
2004 F 374 345 29 1.40 5 37 378 384 -6 -0.59 2.5 18.9 4 39 -36 -164.8% 
2005 F 356 340 15 0.90 5 29 363 375 -12 -1.18 1.2 19.7 7 35 -28 -134.7% 
2006 F 379 339 40 2.11 4 34 382 382 -1 -0.08 4.1 13.9 3 43 -41 -177.0% 
2007 F 362 351 12 1.10 8 13 365 373 -8 -0.75 7.6 12.5 3 22 -19 -158.3% 
2008 F 356 351 5 0.27 17 19 359 376 -18 -0.74 17.2 30.7 3 25 -23 -160.5% 
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mean F 378 340 38 1.91 11 29 384 379 6 0.35 10.1 21.8 6 39 -33 -143.4% 
1999 M 355 278 78 2.42 35 29 395 342 53 1.21 48.4 39.1 40 64 -24 -47.2% 
2000 M 364 345 19 0.53 34 37 386 391 -4 -0.14 32.4 27.3 23 46 -23 -66.9% 
2001 M 371 355 16 0.76 20 22 394 398 -4 -0.16 31.0 23.9 23 43 -20 -61.8% 
2002 M 356 352 4 0.15 24 23 392 398 -6 -0.23 28.7 20.9 36 45 -9 -22.8% 
2003 M 345 362 -17 -0.37 32 61 367 380 -13 -0.31 48.2 37.0 22 18 4 20.1% 
2004 M 359 355 4 0.24 22 16 386 388 -1 -0.08 24.3 7.8 27 33 -6 -19.4% 
2005 M 355 359 -4 -0.13 39 25 403 396 7 0.25 35.2 21.4 48 37 11 26.2% 
2006 M 357 365 -8 -0.35 24 25 394 398 -4 -0.29 18.7 8.2 37 32 5 13.1% 
2007 M 358 354 4 0.14 46 9 385 383 2 0.07 52.0 13.4 27 29 -2 -6.4% 
2008 M 360 359 1 0.03 24 21 389 382 7 0.28 38.1 14.2 29 23 7 25.4% 
mean M 358 348 10 0.34 30 27 389 385 4 0.13 35.7 21.3 31 37 -6 -17.1% 
1999 P 333 287 45 2.20 27 15 414 348 67 2.30 29.6 28.1 81 60 21 29.9% 
2000 P 335 353 -19 -0.87 28 15 405 394 11 0.49 31.7 14.2 71 41 30 54.2% 
2001 P 343 351 -8 -0.39 26 14 411 406 5 0.23 23.0 15.7 67 55 12 20.2% 
2002 P 340 347 -7 -0.46 19 11 417 400 17 0.76 31.5 14.4 77 52 24 37.4% 
2003 P 354 357 -3 -0.13 28 10 414 399 15 0.55 32.8 22.4 60 42 18 34.7% 
2004 P 322 336 -14 -0.64 33 11 403 396 8 0.33 26.7 19.5 81 59 22 30.9% 
2005 P 326 348 -22 -0.82 31 22 420 415 5 0.21 31.6 17.9 94 67 27 33.2% 
2006 P 315 344 -29 -0.84 48 21 406 402 4 0.35 14.9 7.7 90 57 33 44.4% 
2007 P 347 348 -1 -0.10 20 9 417 403 14 0.50 34.5 21.0 70 54 15 24.8% 
2008 P 341 351 -10 -0.46 23 20 406 400 6 0.31 23.3 16.1 65 49 16 28.1% 
mean P 336 342 -7 -0.31 28 15 411 396 15 0.66 28.0 17.7 76 54 22 33.7% 
1999 R 417 238 179 4.03 49 40 463 326 137 3.11 50.3 37.8 46 89 -43 -63.1% 
2000 R 377 316 60 2.66 5 40 379 373 6 0.38 5.2 25.9 3 57 -54 -182.7% 
2001 R 366 356 10 1.02 4 17 371 382 -11 -1.79 4.2 8.4 4 26 -22 -145.9% 
2002 R 376 356 20 0.64 35 28 390 388 2 0.15 22.5 7.4 14 32 -18 -77.4% 
2003 R 339 334 5 0.34 12 17 350 361 -11 -0.68 16.8 15.9 11 27 -16 -85.9% 
2004 R 371 367 4 0.55 2 12 376 380 -4 -0.85 3.2 6.0 5 13 -8 -86.7% 
2005 R 355 352 2 0.46 3 7 368 376 -8 -0.97 9.7 7.0 13 24 -11 -57.4% 
2006 R 378 369 10 0.55 12 24 387 391 -3 -0.27 15.1 10.2 9 22 -13 -85.4% 
2007 R 377 367 10 0.71 5 24 383 384 -1 -0.13 9.6 7.8 6 17 -11 -101.9% 
2008 R 349 347 2 0.06 34 25 356 381 -25 -0.89 36.3 18.8 8 34 -26 -127.3% 
mean R 371 340 30 1.53 16 23 382 374 8 0.51 17.3 14.5 12 34 -22 -97.1% 
1999 W 370 309 61 3.39 21 15 385 331 54 2.79 26.2 12.7 15 21 -7 -35.8% 
2000 W 351 345 7 0.41 20 13 393 396 -3 -0.31 11.6 8.7 41 51 -10 -21.4% 
2001 W 357 356 1 0.09 14 9 387 389 -2 -0.19 15.0 7.5 29 32 -3 -10.0% 
2002 W 356 354 2 0.12 19 12 390 388 2 0.10 22.3 11.5 34 35 0 -0.6% 
2003 W 354 355 0 -0.03 14 11 391 391 0 0.03 16.9 12.4 37 36 1 2.1% 
2004 W 350 349 1 0.12 11 8 387 391 -4 -0.21 21.0 14.6 37 42 -5 -12.2% 
2005 W 347 348 -1 -0.09 12 9 380 383 -3 -0.26 13.8 9.0 33 35 -2 -6.2% 
2006 W 358 356 2 0.11 24 15 398 392 6 0.30 26.2 11.0 40 37 4 9.4% 
2007 W 360 355 5 0.40 19 8 386 388 -2 -0.14 19.1 8.5 25 33 -7 -24.8% 
2008 W 354 352 2 0.09 22 12 385 390 -5 -0.27 28.7 8.2 31 38 -7 -19.1% 
mean W 356 348 8 0.55 18 11 388 384 4 0.28 20.1 10.4 32 36 -4 -10.6% 
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