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Abstract

The research presented in this thesis uses multi-satellite synergies to make observations
of sea ice, snow on sea ice, and sea surface height. While results are focussed on the
Arctic, the techniques developed could equally be applied to the Southern Ocean. A
novel approach for estimating snow depth on sea ice from dual-frequency altimetry is
applied to two pairs of satellites; AltiKa (Ka-band radar) and CryoSat-2 (Ku-band
radar), and Envisat (Ku-band radar) and ICESat (laser). The AltiKa−CryoSat-2
snow product is evaluated against Operation IceBridge snow depths from the 2013,
2014, 2015 and 2016 airborne campaigns, returning root-mean-square deviations
of 7.7, 5.3, 5.9 and 6.7 cm respectively. Waveform data from the CryoSat-2 and
Sentinel-3A missions are processed to estimate radar freeboard and sea-level anomaly
for the 2017-18 winter. A 2 cm difference is found between sea-level anomaly from
each satellite, which is attributed to an intermission range bias. The difference
in Sentinel-3A−CryoSat-2 basin-average radar freeboard is found to be +1 cm for
all six months evaluated. Since radar freeboard is a relative measurement, this
discrepancy must be independent of range, and is attributed to the need for an
alternative retracker bias for Sentinel-3A owing to the impact of its different operation
characteristics. Following Sentinel-3B’s launch in 2018, data from Sentinel-3A, -3B
and CryoSat-2 are processed for the 2018-19 winter. In line with previous findings,
1 cm is removed from all Sentinel-3A and -3B floe elevation measurements, and
average radar freeboards are shown to agree with CryoSat-2 to within 3 mm. A
merged product is developed combining data from the CryoSat-2 and Sentinel 3A/B
missions, permitting basin-wide observations of Arctic sea-level anomaly and radar
freeboard at synoptic time-scales. A comparison of 9-day radar freeboard variability
with snowfall data from ERA5 reanalysis reveals a strong positive correlation over
first-year ice, a result which appears to contradict traditional assumptions of Ku-band
radar penetration of snow.





Impact statement

Broadly, the work in this thesis builds on a 30-year effort to measure sea ice thickness
and sea-level in the ice-covered oceans from space. Only via satellite altimetry can
Arctic-wide sea ice thickness and volume be estimated, quantities which directly
affect the Arctic’s heat and freshwater budgets and contribute to the circulation of
the world’s atmosphere and oceans. The observed decline in sea ice cover over the
past decades has had a direct effect on wildlife whose lives depend on its presence,
and on indigenous communities who rely on sea ice for hunting and transportation.
A changing sea ice cover also has direct implications for commercial and military
maritime operations.

Sea ice thickness can not be measured from space without knowledge of the
thickness and density of the overlying snow cover, which blankets Arctic sea ice
throughout the winter. Due to a lack of contemporary and accurate measurements,
snow depth on Arctic sea ice remains one of the largest sources of uncertainty when
calculating sea ice thickness from satellite altimetry. The first contribution of this
thesis is a novel approach for estimating snow depth on sea ice by combining the
data from two simultaneously-operating satellites.

In order to understand whether Arctic sea ice losses are impacting weather and
climate further afield, a continuous time-series of sea ice thickness spanning many
decades is essential. The second piece of work in this thesis ensures the continuation
of the ten-year sea ice thickness record established by the CryoSat-2 mission, using
data from the recently-launched Sentinel-3 satellites. The techniques developed
this thesis could usefully be applied to the Southern Ocean to help understand the
dramatic losses in Antarctic sea ice since 2016.

The dual-frequency snow-depth publication, which forms the fourth chapter of
this thesis, informed the planning of the joint European Commission and European
Space Agency (ESA) Ka-Ku band polar altimetry mission CRISTAL, currently
under study for launch in the mid-2020s as part of the Copernicus programme.
Demonstration of the feasibility of snow depth on sea ice retrieval from Ka/Ku band
altimetry is integral to the success of the CRISTAL mission.

The Sentinel-3 study presented in this thesis was also used by the ESA Sentinel-3
Mission Performance Centre, during their continuing commissioning and development
of the Sentinel-3 mission ground segment. Being the first study to fully validate the
performance of Sentinel-3 freeboard measurements against those from CryoSat-2,
this work has helped identify sea ice algorithm improvements which will increase
the quality of the freeboard parameter in the official ESA and ECMWF (European
Centre for Medium-Range Weather Forecasts) Level-2 marine products.
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Chapter 1

Introduction

In the late 1970s, the advent of high-latitude Earth-observing satellites made year-

round monitoring of the planet’s polar regions, key components of the global climate

system, possible for the first time. With advancing technology, observations have

become more extensive, more accurate, and higher resolution; the current state-of-

the-art polar altimetry missions, CryoSat-2 and ICESat-2, both provide near-total

coverage of the Arctic and Southern Oceans every month. However measurement

uncertainties and observational gaps remain. This thesis aims to address some of

these challenges by exploiting the co-existence of high-latitude satellite altimetry

missions over the past twenty years. The focus of this PhD is the Arctic Ocean,

though the techniques developed are applicable to the Southern Ocean and could be

usefully applied to help understand the rapid sea ice losses that have occurred there

in the past few years. This chapter provides an introduction to Arctic sea ice. It

begins with a brief discussion of the Arctic Ocean to put into context some of the

phenomena that are discussed in relation to sea ice trends, their drivers, and impacts

within the Arctic and further afield. Following this, Chapters 2 and 3 will outline

the theory of radar altimetry and describe the CryoSat-2 mission and the techniques

by which sea ice thickness is estimated from radar altimeter data. At the end of

Chapter 3, the specific aims of this thesis will be outlined.

1.1 The Arctic Ocean

The Arctic Ocean is the smallest and shallowest of the world’s major oceans, with a

volume equal to about 1.4% of the World Ocean (Eakins & Sharman, 2010). It is

subdivided into a number of smaller seas and bays (see Figure 1.1), and bordered by

Russia, Norway, Iceland, Greenland, Canada and the United States.

Via the Bering Strait, cool, low-salinity waters from the Pacific Ocean flow into
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Canadian
Archipelago

Figure 1.1: Map of the Arctic. The Arctic Circle, shown by the dashed yellow line, is
defined as the latitude above which the sun never sets on the summer solstice (∼66.5◦ North).

the Chukchi Sea (Rudels, 2012). This relatively fresh water is further diluted with

precipitation and river run-off and swept into The Beaufort Gyre, a wind-driven

clockwise current which persists year-round and traps vast amounts of freshwater

(Giles et al., 2012).

Meanwhile, warm, salty water from the Atlantic Ocean enters the Arctic through

the Greenland, Norwegian and Iceland seas, collectively known as the Nordic seas.

This Atlantic inflow is important for the local Arctic climate; its warmth keeps the

Greenland and Barents seas free of sea ice in winter (Seager et al., 2002), and it

carries salt northwards which keeps the upper layers of the ocean dense, important

for ocean ventilation (Tanhua et al., 2009). The Atlantic inflow carries enough heat

into the Arctic Ocean to melt the entire sea ice cover (Maykut & Untersteiner, 1971),

but the fresh surface waters are insulated from the warm salty Atlantic waters below

by the the strong salinity gradient between the two, called the halocline, which acts

as a barrier to upward mixing and keeps the Arctic Ocean stratified (Steele & Boyd,

1998).

Within the Arctic Ocean, surface currents are dominated by two atmospheric

20



(a)

(c) (d)

(b)

Figure 1.2: (a) Pancake ice. Credit: Kenneth Mankoff, UCSC. (b) Sea ice lead. Credit:
James Hannigan, UCAR. (c) Pressure ridge in multiyear sea ice thrust up against the
northernmost coast of Ellesmere Island, Queen Elizabeth Islands, Canada. Credit: M.O.
Jeffries, University of Alaska Fairbanks. (d) Melt ponds. Credit: Kathryn Hansen, NASA
Goddard Space Flight Center.

pressure systems; the Beaufort High, that drives the Beaufort Gyre, and an area of

low pressure that extends from the eastern Arctic to Iceland. The pressure gradient

between these two systems drives the Transpolar Drift Stream, which transports sea

ice out of the Russian sector across the Arctic basin and out through the Fram Strait

(Serreze et al., 1989).

1.2 Arctic sea ice

Towards the end of September, as air temperatures fall, the surface of the ocean

freezes to form sea ice. Because of its salt content, the freezing point of sea water

is about -1.8◦C. Below this temperature, small, needle-like ice crystals called frazil

form, which float to the surface and fuse together. In calm waters, they form a

smooth, continuous sheet on the surface called nilas, which thickens into a sea ice

sheet with a smooth underside. If the ocean is rough, bunches of frazil ice crystals

transform into raised-edged disks as they collide against each other. These ‘pancakes’

(Figure 1.2a) grow as frazil crystals fuse to their edges and ultimately consolidate to

form a continuous sheet with a rough top and bottom surface.

While a temperature gradient exists between the cold air and warmer ocean

sufficient to keep the bottom of the sea ice at -1.8◦, water will freeze to its underside
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and the ice will thicken. Sea ice will grow in this way (thermodynamically) until the

ocean is insulated from the atmosphere, preventing further growth. Snow, which

accumulates on sea ice throughout the winter (Warren et al., 1999), is an efficient

insulator and therefore plays a dominant role in this process. In the Arctic the

maximum thermodynamic ice thickness is around three metres (Shokr & Nirmal,

2015). In the absence of a snow cover, sea ice could grow to twice this (Saloranta,

2016).

Sea ice dynamics are primarily governed by the wind, particularly at the daily

to weekly time-scale, and cause the ice cover to break apart. Cracks in the sea

ice - known as leads (Figure 1.2b) - re-freeze when sufficiently exposed to the cold

wintertime atmosphere. Alternatively, leads may close up as convergent wind fields

drive ice floes towards each other, creating pressure ridges (Figure 1.2c). Pressure

ridges are ubiquitous and it is estimated that they account for one third of total sea

ice volume (Hansen et al., 2013).

In the spring, when air temperatures increase, snow atop the sea ice layer begins

to melt, and meltwater accumulates in a network of ponds on the surface (Figure

1.2d). Melt ponds decrease the albedo of the surface, increasing the absorption of

solar radiation and accelerating melt. As melt ponds expand laterally they join up

and at their peak can cover 50% of the sea ice surface in some areas (Fetterer &

Untersteiner, 1998; Webster et al., 2015). With continued insolation and warming

they grow deeper and eventually melt through the underside of the sea ice and drain

into the ocean.

In this way, sea ice follows a distinct seasonal cycle, growing and shrinking every

year. Ice that forms during the growth season but melts entirely in the summer is

called first year or seasonal ice. Any sea ice that persists from the previous year is

called multi-year or perennial ice. The life-cycle of sea ice floes is governed largely by

their drift trajectory; tracking of ice motion from space gives a record of ice age and

reveals that the oldest sea ice in the Arctic Ocean is ∼15 years old (Tschudi et al.,

2019). Where sea ice used to take 7-10 years to make a circuit of the Beaufort Gyre

(Wadhams, 2003), the ‘tail’ of multi-year ice swept along the Alaskan coast during

the winter now melts entirely in spring, leaving the Beaufort Sea predominantly ice

free in summer. Sea ice is also transported across the basin and through the Fram

Strait, where it will melt in the warmer waters of the Nordic seas. Seasonal ice

has undergone less dynamic deformation and so is typically smoother and thinner

than multi-year ice, which is heavily deformed and can be more than 50 m thick

in the biggest ridges (Wadhams, 2000). The Arctic Ocean’s multi-year ice cover

has decreased by more than 50% over the last four decades (Stroeve & Notz, 2018);

representing a shift from a predominantly multi-year ice regime to a seasonal one.
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Figure 1.3: September sea ice extent 1979-2018. The navy line shows the linear regression.
Plotted using data from the National Snow and Ice Data Center (NSIDC) (Cavalieri et al.,
1996).

1.2.1 Trends

A continuous near-daily1 record of pan-Arctic sea ice concentration has existed since

the emergence of the first passive microwave imager, flown on the Nimbus 7 satellite,

in October 1978. The method exploits the large difference in microwave emissivity

between open ocean and sea ice, allowing each remotely sensed pixel to be assigned

a value for sea ice concentration based on where its emissivity lies on the spectrum

between the two (Cavalieri et al., 1984, 1991). Sea ice extent is defined as the sum of

the area of all pixels that have a minimum 15% sea ice concentration.

Since the 1970s, September sea ice extent has diminished from 7.7 to 4.5 million

square kilometres (blue regression fit, Figure 1.3); representing a loss of ∼40% of the

Arctic ice cover. With sea ice at its annual minimum in September, the long-term

trend for this month has traditionally been of most interest since its extrapolation

offers a crude prediction of when the Arctic will first become ‘ice-free’2.

Analysing the trend for all months, Stroeve & Notz (2018) found that between

January 2016 and July 2018, sea ice extent in every month fell two standard deviations

or more below the 1981-2000 average for that month, with the exception of May

and September 2017, and July 2018. Figure 1.4 shows Figure 1 of Stroeve & Notz

(2018), updated to include summer 2018 through summer 2019. Of the additional

13 months considered, 10 fall two standard deviations or more below the 1981-2000

mean, highlighting the continuing decline of Arctic sea ice.

Maps of sea ice extent anomalies reveal the spatial distribution of losses (Figure

1.5). Summer and autumn sea ice decline has been most pronounced in the central

12-daily coverage between 1978 and 1987 and daily thereafter.
2‘Ice-free’ is defined in the literature as an extent less than 1 million square kilometres.
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Figure 1.4: Monthly sea ice extent anomalies 1979-2019. Colours show the number of
standard deviations from the 1981-2010 monthly mean. Updated from Stroeve & Notz (2018)
(Figure 1) to include recent data for 2018/19.

Arctic Ocean, in particular in the Beaufort, Chukchi, East Siberian, Kara and Barents

Seas. Winter sea ice decline has been most prominent in the Barents Sea and the

Sea of Okhotsk.

The seasonality of the ice cover is also changing; delayed winter freeze-up combined

with earlier onset of the melt-season means that the perennial-ice-only season has

increased by approximately 2-3.5 months since 1979 (Maksym, 2019). The ice is also

getting younger; the proportion of perennial ice in April has declined from 59% in

1984 to 28% in 2018 (Stroeve & Notz, 2018). Most strikingly, the amount of 5 years

old or older ice has declined from 28% of the total ice pack to just 1.9% over the

34-year period (Stroeve & Notz, 2018).

Loss of the oldest ice means that the average ice pack has also been thinning.

Under global warming simulations into the 21st century, volume loss is expected to

overtake declines in sea ice extent (Gregory et al., 2002). Unfortunately a continuous,

multi-decadal observation record does not yet exist for sea ice thickness. A recent

study by Kwok (2018) consolidates historic submarine and satellite datasets in order

assess trends in thickness, volume, and multi-year ice coverage over the last 60 years.

The authors report a 66% thinning of September sea ice over 6 decades in some

regions, although within the area monitored by submarines (38% of the Arctic ocean,

see Figure 1.6 inset) mean ice thickness has remained relatively stable since the turn

of the century at ∼2m. A volume loss of 2870 km3/decade and 5130 km3/decade in

winter (February-March) and autumn (October - November) respectively is derived

from the Ice, Cloud and Land Elevation Satellite (ICESat) and CryoSat-2 for the
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Sea of Okhotsk and the Greenland Sea have lost
roughly a third of their initial winter sea-ice cover (see
table 2).

Continued warming may result in regions chan-
ging from a summer to a winter mode as the region

starts to lose its summer sea ice. In this framework, the
Kara Sea is currently in a transition from a summer to
a wintermode as it has largely lost all of its summer sea
ice cover in recent years, and winter trends east of
Novaya Zemlya have turned slightly negative (see

Figure 2. Sea ice concentration trends in percent concentration per decade duringMarch (1979–2018) and September (1979–2017).
Statistical significance of trends shown on right hand side.

Table 2.Total loss or gain of sea ice extent and the corresponding linear trend over the period January 1979 throughApril 2018 (in km2)
and% ice loss relative to 1979–1989. Total loss is calculated as the trendmultiplied by the total number of years.Winter-mode regions are
shaded in gray. Trends statistically significant at 90%and 95%confidence aremarked by+ and++, respectively.

March September

Region
Total ice loss

(km2)
Relative
loss (%)

Linear trend
(km2 yr−1)

Total ice loss
(km2)

Relative
loss (%)

Linear trend
(km2 yr−1)

WinterMode Regions

Sea ofOkhotsk and
Japan

−358 300 −28.8 −8957++ — — —

Bering Sea −58 984 −8.1 −1475 — — —

Gulf of St. Lawrence −89 698 −42.5 −2242+ — — —

BaffinBay/Davis Strait/
Labrador Sea

−222 441 −15.7 −5561+ −32 171 −50.0 −825+

Greenland Sea −357 909 −36.9 −8947++ −143 177 −40.4 −3671++

Barents Sea −453 442 −47.2 −11 336++ −55 310 −88.9 −1418+

Summermode regions

Kara Sea −14 371 −1.6 −359++ −290 918 −97.5 −7459++

Laptev Sea 0 0 0 −410 456 −82.7 −10 755++

East Siberian Sea 0 0 0 −866 933 −83.8 −22 229++

Chukchi Sea 0 0 0 −503 630 −100 −12 914++

Beaufort Sea 0 0 0 −506 960 −68.3 −12 999++

CanadianArchipelago +10 0 +0.2 −149 819 −32.9 −3842++

Central ArcticOcean −19 576 −0.6 −489 −240 633 −7.6 −6170++

HudsonBay 0 0 0 −40 890 −93.6 −1046++

Total −1.687 106 −10.6 −42 181++ −3.252 106 −45.2 −83 336++
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Figure 1.5: September and March sea ice concentration trends 1979-2018. Adapted from
Stroeve & Notz (2018)

15 years over which they span, although there may exist intermission biases which

cannot be resolved due to the lack of overlap between the two satellites (Kwok, 2018).

Making robust conclusions about sea ice thickness trends (and by extension

volume trends) is made complicated not solely by the lack of a continuous time-series.

Satellites do not directly measure sea ice thickness, but instead the sea ice freeboard

- the portion of the ice floe which sits above the waterline. In order to convert

freeboard to thickness, algorithms require knowledge of the depth and density of

the snow atop the sea ice. In all of the literature (e.g. Laxon et al., 2003; Tilling

et al., 2018; Ricker et al., 2014; Kwok & Morison, 2015), snow depths used in this

conversion are taken from Warren et al. (1999), a climatology compiled from in-situ

measurements at Soviet drifting stations between 1954 and 1991. Data collected

over the 37-year period is consolidated by month and spatially interpolated to give

a monthly, pan-Arctic snow depth field, but the climatology does not vary inter-

annually. Decadal trends in sea ice thickness may therefore in fact reflect changes in

snow depth and contemporary estimates of snow depth are an essential requirement

before robust assessments of trends in thickness and volume can be made. This

requirement is the rationale for Chapter 4 of this thesis and will be discussed further

therein.

Drivers of Arctic sea ice loss While over the past 40 years average global

temperatures have increased by ∼0.02◦C/year, the Arctic has experienced more

than three times this rate of warming (Figure 1.7), a phenomenon known as Arctic

Amplification (Serreze & Francis, 2006). Local melting due to increased atmospheric

temperatures has been found to be the main contributor to sea ice loss in both

the observational record and model simulations (Gregory et al., 2002; Winton,

2011; Mahlstein & Knutti, 2012; Stroeve & Notz, 2015; Niederdrenk & Notz, 2018).

Niederdrenk & Notz (2018) found a linear relationship between increasing global

25



10 years between the post-1990 submarine and ICESat
periods: the mean thickness decreased by another
0.2m or 12%of the thickness. Between the ICESat and
CS-2 periods of approximately 8 years, the mean
thickness thinned by another 0.4m (to 1.0m). Relative
to pre-1990 submarine period, near the end of the
melt season, the average thickness over these regions
decreased by 2.0mor some 66%over six decades.

The Chukchi Cap is actually ice-free at the end of
the melt season in 2007 and since then a large portion
of this region has remained ice-free near the end of the
melt season. The most dramatic decreases are at the
North Pole, where the large retreat of themultiyear ice
cover (see discussion in section 3.3) during the ICESat
period has continued into the CS-2 period; the retreat
of the ice edge toward the pole is now the norm. As
well, by the CS-2 period, large portions of the Canada
Basin and Nansen Basin are covered by thinner seaso-
nal ice.

3.2. Thickness changes in theDRA
While the analysis in the previous section extends back
to the late 1950s, its assessment of thinning is restricted
to select regions and sparsely sampled data. Here, the
ICESat and CS-2 thickness retrievals are combined
with a multi-regression model of the submarine ice
drafts released in the DRA (following Kwok and
Rothrock 2009). The data in the DRA (which covers
∼38% of the Arctic Ocean) include 2203 samples of
50 km mean ice draft from 34 submarine cruises
equally distributed in spring and fall between 1975 and
2000. The regression model, which separates the

interannual change, the annual cycle, and the spatial
field, can be found in Rothrock et al (2008). The residuals
of the regression have a standard deviation of 0.46m. The
regression analysis gives an annualmean icedraft declined
from a peak of 3.13 m in 1980 to aminimum of 2.0 m in
2000, a decrease of 1.13 m (1.21 m in thickness). The
steepest rate of decrease is –0.08m yr−1 in 1990 and the
rate slows to–0.007m yr−1 at the endof the record.

Figure 2 shows the combined time series from the
regression analysis (RA), and the ICESat and CS-2
thickness retrievals from 1975 to 2018 for a record
length of 42 years. The data sets are compared at
the center of the fall and winter ICESat campaigns
(1 November and 1 March). The values of the winter/
summer ICESat and CS-2 data points (in blue/red)
represent the mean thickness within the DRA. When
Kwok and Rothrock (2009) concatenated the ICESat
record to themulti-regression model in the DRA, they
found a decline in winter thickness of 1.75 m from
3.64 m in 1980 to 1.89 m in the last winter of the ICE-
Sat record. In that record, the steepest thinning rate is
–0.08 m yr−1 in 1990 compared to a slightly higher
winter/summer rate of –0.10/–0.20 m yr−1 in the
5 year ICESat record (2003–2008). The two records
show a long-term trend of sea ice thinning. The thick-
ness trends in the 8 year (2011–2018) CS-2 record are
negligible: 0.02 m yr−1 and 0.04 m yr−1 in the winter
and fall, respectively. The mean winter CS-2 thickness
in the DRA was 2.22 m at the end of the 8 year record
—mean over the record is∼2m. In the satellite record,
the five ICESat years seem to have captured the steep
declines in thickness (especially the sharp decrease in

Figure 2. Interannual changes inmeanwinter and fall ice thickness, within the data release area, from regression analysis of the
submarine record (Rothrock et al 2008), and ICESat (Kwok et al 2009) andCryoSat-2 (Kwok andCunningham2015) retrievals.
Sampling of winter and summer are centered on the dates of the ICESat campaigns. Shadings (blue and red) show expected residuals
in the regression analysis. Inset shows the data release area (irregular polygon) of submarine data fromUSNavy cruises, which covers
∼38%of theArcticOcean.
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Figure 1.6: Winter (February-March, blue) and autumn (October-November, red) sea ice
thickness trends from naval submarines, ICESat and CryoSat-2. Inset shows the spatial
coverage of submarine observations. Shading shows residuals from the regression analysis of
submarine measurements. Figure taken from Kwok (2018).

air temperatures and sea ice decline, attributing ∼4 million square kilometres of ice

loss in September to every 1◦C of annual global temperature increase, while Notz &

Stroeve (2016) infer a direct causal link between CO2 emissions and sea ice decline:

3±0.3 square metres of September sea ice lost for every metric ton of CO2 released.

Extension of this trend implies that the Arctic will experience its first ice-free summer

after a further release of 1000 gigatons of CO2 (Notz & Stroeve, 2016).

Despite mounting evidence in support of human-induced sea ice loss, the role of

internal variability must not be overlooked. Occuring naturally due to the chaotic

nature of the climate system, it can enhance or dampen the long-term trend over

short time-scales (Swart, 2017). Sea ice extent declined rapidly between 2001 and

2007 as compared with the previous decades (see Figure 1.8), gaining much attention

from the scientific community (Stroeve et al., 2008; Comiso et al., 2008; Holland,

2013) and the media (Amos, 2007). However, during the 6-year period that followed,

there was a near-zero trend in sea ice extent. Swart et al. (2015) analysed the

prevalence of such trends within a large ensemble of model forecasts in order to assess

their likelihood in the real world. They identified both rapid and near-zero trends

like those observed between 2001 and 2013 within their ensemble, resulting from

natural climate variability on top of the long-term trend of sea ice decline. Recent

results from 40 realisations of a single model vary in their prediction of the first

ice-free summer by 20 years, due solely to the random influence of internal variability

(Jahn et al., 2016).

It is now believed that the rapid losses at the beginning of the 21st century were

an ‘extreme’ event, attributable to internal variability amplifying the long-term trend
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Figure 1.7: Arctic Amplification. Colours show the trend (◦C per year) for the period
1979-2018, generated from ERA5 reanalysis data (ERA5, 2017). The global average trend is
∼0.02◦C/year, while within the Arctic circle (66.5◦N latitude, plotted with the white dashed
line), the average warming rate is ∼0.07◦C/year.

due to anthropogenic global warming (Notz, 2017; Stroeve & Notz, 2018). Ding

et al. (2017) argue that as much as 50% of the observed September sea ice decline

since 1979 may have been driven by natural fluctuations in summertime atmospheric

circulation. Screen & Deser (2019) have also recently demonstrated the potential role

of the Interdecadal Pacific Oscillation (IPO) in promoting sea ice loss and suggested

that if the IPO is currently heading into its positive phase as evidence suggests, sea

ice loss may accelerate in the coming decades and could be absent in summer in

20-30 years.

An Arctic ‘Tipping point’? The accelerated decline in sea ice extent at the

beginning of the 21st century was previously attributed to the ice-albedo feedback

mechanism (Lindsay & Zhang, 2005). A shrinking sea ice cover reduces the albedo of

the Arctic ocean, allowing more incoming long-wave solar radiation to be absorbed

into the ocean during the summer, leading to increased ocean temperatures which

promotes further ice melt. It was believed that this positive feedback mechanism may

push sea ice past a tipping point, beyond which it could not recover even if global

temperatures stabilised (Winton, 2006). However, the ‘bounce back’ of the ice cover in

the years following the sea ice extent minimums of 2007 and 2012 suggested that this

feedback was not as influential as previously thought; the increased absorption of solar

energy following a minimum was seemingly insufficient to cause another minimum

the year after. Indeed, Notz & Marotzke (2012); Serreze & Stroeve (2015) found a
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Figure 1.8: Sea ice extent anomalies relative to the 1980-2000 mean. Observations 1979-
2014 are shown in red. Forecasts of 102 realisations from 31 CMIP5 models are shown in
grey, with the ensemble mean in black. Rapid decline between 2001 and 2007 (green) was
followed by a 6-years of near zero trend (blue). Both trends were found to exist within the
model realisations due to internal variability. Taken from Swart et al. (2015).

negative correlation between sea-ice extent from one year to the next, attributed to

negative feedbacks that offset the contribution of the positive ice-albedo feedback.

Dominant amongst these is the ability for the ocean to quickly release the absorbed

heat back to the atmosphere during the growth season, promoting rapid ice growth.

Tietsche et al. (2011) examined the recovery of sea ice following model-simulated

ice-free summers and found that ice extent typically recovers in two years, owing to

rapid ocean heat fluxes that alleviate the ice-albedo feedback. The authors concluded

that “hysteretic threshold behaviour (or a ‘tipping point’) is unlikely to occur during

the decline of Arctic summer sea-ice cover in the 21st century”.

1.2.2 Sea ice and the global climate

Sea ice acts as an insulator, limiting the exchange of heat and moisture between the

atmosphere and ocean. Snow, which accumulates on sea ice during the freeze-up

period and persists until the spring, has a higher air content than the sea ice beneath

it and therefore further limits thermodynamic fluxes. The albedo of snow (α = 0.9)

compared to open ocean (α = 0.06) means that snow covered sea ice reflects ∼80%

more incoming short-wave solar radiation than the ocean (Grenfell & Maykut, 1977).

The albedo of the Arctic is at a maximum when sea ice is at its maximum extent

and covered in snow, around April. As melt ponds form in the late spring, albedo

decreases, reaching its minimum when melt ponds fraction is at its peak (Perovich

& Polashenski, 2012). The solar radiation not reflected by the ice pack is absorbed
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into the ocean. It is stored as specific and latent heat, and subsequently released

during the autumn and early winter. Following the sea extent minimum in 2007,

Kurtz et al. (2011) found that the ocean-atmosphere heat output was 3 times greater

than in previous years. A shrinking ice cover therefore permits more heat storage

during the summer, warming ocean surface waters, and delaying winter freeze up

(Stroeve et al., 2014)

Because of the stratified nature of the Arctic atmosphere, this heat remains

trapped near the surface. Both observational evidence and modelling results indicate

that near-surface air temperatures increase in areas of diminishing ice cover (Sin-

garayer et al., 2006; Overland & Wang, 2010; Stroeve et al., 2012; Tetzlaff et al.,

2013). Energy fluxes between ocean and atmosphere are not limited to heat; the

presence of linear clouds above sea ice leads reveals the transfer of moisture from

ocean to atmosphere in the absence of sea ice. Increased moisture fluxes combined

with local temperature increases the capacity for the near-surface atmosphere to hold

water, leading to increased cloud presence and precipitation (Alexander et al., 2004;

Porter et al., 2012).

The question then, is to what extent localised changes in near-surface air temper-

ature, moisture, cloud cover and precipitation are able to affect weather and climate

beyond the Arctic. Two approaches to answer this question are adopted in the litera-

ture; the first uses observations and atmospheric reanalysis data to draw conclusions

about remote weather patterns in response to observed sea ice trends (e.g. Francis

et al., 2009; Overland et al., 2011; Tang et al., 2013); the second adopts climate

models to infer the response of the global climate to simulated changes in the sea ice

cover (e.g. Seiserstad & Bader, 2008; Nakamura et al., 2015; Pedersen et al., 2016).

Both have limitations, and ultimately the Arctic-midlatitude connection is complex,

making drawing steadfast conclusions about the remote effect of a diminishing ice

cover on the global climate difficult.

Several mid-latitude regions experienced exceptionally cold, snowy winters be-

tween 2005 and 2015 (Cohen et al., 2010; Osborn, 2011; Eden, 2011). A number of

studies published during this time attributed these weather patterns to sea ice loss

(e.g. Overland et al., 2011; Liu et al., 2012; Outten & Esau, 2012), with the general

argument being that increased temperatures over the Arctic due to sea ice loss

weakens the polar vortex3, invoking atmospheric circulation patterns similar to those

during the negative phases of the Arctic Oscillation and North Atlantic Oscillation

and bringing colder winters and extreme weather events, including increased snowfall,

to the mid-latitudes.

Correlation does not however imply causation, and the statistical significance of

these Arctic-midlatitude linkages has been questioned (Hopsch et al., 2012; Screen

3The Polar Vortex is a large area of low pressure in the Arctic (there is also one in the Antarctic),
characterised by the counterclockwise flow of air some 50 km above the Earth’s surface, in the
stratosphere.

29



et al., 2013; Chen et al., 2016). Based on the analysis of large ensembles of global

climate models, Screen et al. (2013) conjectured that while local temperature and

precipitation responses to sea ice loss are detectable, remote effects are inseparable

from natural atmospheric climate variability. Similarly, Overland (2016) warned of

the difficulties linking recent winter events in the mid-latitudes to Arctic sea ice

decline, stating that it is “impossible to robustly distinguish the influence of Arctic

forcing of regional circulation from random events”, owing to the shortness of the

time-scale of observations and the chaotic nature of the jet stream.

In more recent model simlulations by Screen (2017), negative phases of the

NAO promoted by Arctic sea ice loss led not to colder winter conditions over

Northern Europe, but warmer ones, attributed to the advection of warmer air

masses offsetting the NAO-related cooling. The authors therefore conclude that the

“observed correlation between Arctic sea ice and European winter temperature does

not appear to be indicative of a physical relationship”. Mckenna et al. (2018) have

since argued that the lack of Northern hemispheric cooling in Screen (2017)’s model

simulations may be due to their equal geographical treatment of sea ice loss; Mckenna

et al. (2018) demonstrated that atmospheric response and associated mid-latitude

weather was dependent both on the magnitude of the ice loss and whether it occurred

predominantly in the Atlantic or Pacific sectors.

In light of these uncertainties, Screen et al. (2018) calls for a concerted effort by

the community to run carefully designed and constrained model simulations in order

to understand which connections are causal and which are not. In particular, the

authors highlight the need for the ocean’s response to sea ice loss to be considered,

having been largely unaccounted for in model simulations thus far. Beyond the

warming of ocean surface waters due to increased solar exposure, increased sea ice

melt - particularly of brine-free multi-year ice - dilutes the ocean surface waters.

In the coupled atmosphere-ocean models of Screen et al. (2018), freshening of the

Arctic ocean due to ice loss weakens the Atlantic meridional overturning circulation4

(AMOC), causing heat usually transported north to build up in the tropical oceans

which in turn warms the upper atmosphere. As such, the climatic response to sea

ice loss when accounting for ocean feedbacks can extend to the whole globe. Despite

the general consensus that sea ice loss will weaken the AMOC (Tomas et al., 2016;

Blackport & Kushner, 2016; Sévellec et al., 2017), there is currently little agreement

as to the magnitude and timescale of this process and it remains an area of ongoing

research.

Amongst much uncertainty one thing is clear; sea ice observations are essential,

both for comparison with atmospheric and oceanic trends and to constrain models for

future climate predictions. Surface heat and freshwater fluxes are not only functions

4The redistribution of water around the world driven by temperature and salinity gradients
(Broecker, 1991).
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submarine estimates is significant at the 99.9% level using a x2

goodness-of-fit test.
The altimeter thickness estimates exclude areas of thin ice (less

than 0.5 to 1m) and open water. Using submarine draught data,
gathered during different years, we calculate that the fraction of thin
ice and open water ranges from 20.0 ^ 8.2% in September (4
cruises) and October (1 cruise), to 3.2 ^ 1.4% in March (2 cruises)
and early April (5 cruises). Published submarine analyses show that
rapid thermodynamic growth of thinner ice reduces the fraction of
thin ice and open water from 20% to 10% between September and
October24, and further to 3% by April25. Estimates from infrared
satellite imagery show a reduction in thin ice fraction from 33% in
September to 13% in October, and further to between 5 and 7%
from January to April26. The estimates differ from those obtained
from submarines owing to the lower accuracy of the infrared
technique and because the infrared data are from only a single
winter season. Taking the average of the submarine estimates of thin
ice and open water fraction in October (10%) and March (3%), we
estimate that the altimeter data exclude an average of 6.5% of the ice
cover during winter. We calculate, using the submarine data, that
the consequent bias in mean winter thickness is þ18 cm. The
standard deviation of the bias, due to the interannual variability
of thin ice and open water, and to sampling differences between
different submarine cruises, ranges from 15 cm in September and
October, to 5 cm inMarch and April. We therefore estimate that the
maximum contribution of the thin ice and open water to the
standard deviation in mean winter ice thickness is 10 cm.
We obtain a mean winter ice thickness over the ROC (Fig. 1) of

2.73m. The thickest ice is observed adjacent to the Canadian
Archipelago and in the Fram Strait, as observed in previously

published climatologies based on sparse submarine observations27.
In the southern Beaufort Sea we observe an ice thickness of 2.5m.
This is thinner than the average submarine-observed draught of
3.7m in 197627, but is consistent with field and submarine measure-
ments during the 1990s15,17. No submarine climatology exists for the
eastern sector of the ROC, but the average thickness that we find
between 608 E and 1508 E (2.4m) lies within the range of sparse in
situ thickness measurements made in the same region during the
mid-1990s (1.8 to 2.8m; ref. 28). The regional distribution of ice
thickness that we obtain is, therefore, similar to submarine cli-
matologies, but consistent with thinner ice in the Western Arctic
during the 1990s17.

We now examine the interannual variability in the average Arctic
winter ice thickness over the ROC. We removed the mean thickness
(Fig. 1) from individual measurements and, after applying a
seasonal correction, averaged the residual thickness over eachwinter
(October to March) to generate a time series of annual ice thickness
anomalies (Fig. 3a). The average winter sea ice thickness over the
ROC, excluding thin ice and openwater, has a standard deviation of
24.5 cm, or 9% of the average, during the 8-yr period. This
compares with a variability of 6% in ice mass in both Arctic5 and
global coupled climatemodels3,29, over periods of 50 yr ormore. The
data show that the observed variability in ice mass is 50% greater
than predicted by models, and probably more, as our measure
excludes variability that occurs over timescales of longer than a

Figure 1 Average winter (October to March) Arctic sea ice thickness from October 1993 to

March 2001 from satellite altimeter measurements of ice freeboard. Data are not

available in the marginal ice zone, or above the ERS latitudinal limit of 81.58 N. Ice

freeboard is converted to thickness using fixed ice, snow and water densities and regional

monthly snow depth22. The mean thickness excludes thin ice (less than 0.5–1m) and

open water.

Figure 2 Comparison between satellite altimeter- and submarine-derived ice thickness

in the Beaufort Sea during the 1990s. Submarine thicknesses are shown for each of the

50-km segments gathered during the four missions during the 1990s. Altimeter thickness

estimates are generated from observations within 15 days and 100 km of the submarine

draught sections. The submarine thicknesses exclude thin ice (,0.5m) and open water,

because (owing to difficulties in discriminating thin ice from open water) progressively

more altimeter data are excluded once the ice thickness falls below 1m. Error bars show

uncertainties in altimeter thickness due to measurement errors and snow depth variability

and an error in submarine thickness of 0.4m, obtained by scaling the 0.3-m estimate of

draught error15 and adding the uncertainty in the snow depth used to convert to thickness.

A linear least-squares fit (shown) yields a slope of 0.978 ^ 0.082 and intercept

0.117 ^ 0.207m, with a x 2 probability Q ¼ 0.999. We do not account for the different

spatial sampling of the two techniques, which may result in additional scatter between the

two data sets.
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Figure 1.9: Average winter (October-March) sea ice thickness from 1993 to 2001 from ERS.
Taken from Laxon et al. (2003).

of the lateral extent of the sea ice cover, but also its thickness; therefore measuring

Arctic-wide sea ice thickness has been an area of great interest since the satellite era

began.

1.2.3 Sea ice thickness monitoring from space

Though space-borne radar altimetry began in the 1970s with the Skylab mission

(1973-1979), it would be another twenty years before a polar orbiting satellite would

make radar altimetry observations of sea ice possible. In 1991, the European Space

Agency (ESA) launched the first European Remote Sensing spacecraft (ERS-1),

followed by a second, ERS-2, in 1995. Laxon et al. (2003), using data from the

ERS radar altimeter, demonstrated for the first time the ability to use altimeter

range measurements to estimate sea ice freeboard (the height of the sea ice surface

relative to local sea level). Under the assumption that a sea ice floe is in hydrostatic

equilibrium with the surrounding ocean, and assuming bulk values for the densities

of the ice and ocean, and the density and thickness of the snow cover, freeboard can

be converted to sea ice thickness (Figure 1.9). Looking at the period 1993 to 2001,

Laxon et al. (2003) reported high-frequency inter-annual variability in mean Arctic

ice thickness, dominated by changes in the amount of summer melt.

The ERS satellites, operational jointly until 2011, established the foundations of
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the Arctic sea ice thickness record. In 2002, ESA launched Envisat, carrying aboard

a Ku-band radar altimeter similar in design to that of its ERS predecessors. Giles

et al. (2008) applied a processing method similar to Laxon et al. (2003) to retrieve sea

ice freeboard and thickness from Envisat. They found the 2007/8 average winter sea

ice thickness to be 26 cm less than the 2002/2003 to 2007/2008 average, following the

September 2007 sea ice extent minimum (Comiso et al., 2008; Stroeve et al., 2008).

ERS data was not used in the study, though the authors report a good agreement

between ERS-2 and Envisat sea ice freeboard anomaly for the three winter seasons

2002/2003 to 2004/2005 (Giles et al., 2008). Around the same time, the Ice, Cloud

and land Elevation Satellite (ICESat) laser altimetry mission operated as part of

NASA’s Earth Observing System (Schutz et al., 2005), and provided seasonal and

interannual estimates of Arctic sea ice thickness and volume between 2003 and 2008

(Kwok & Rothrock, 2009) (Figure 1.6).

The contribution of the ERS satellites to marine and land ice monitoring led to

the development of CryoSat. Commissioned specifically for monitoring the Earth’s

polar regions, CryoSat’s radar altimeter was designed to overcome the limitations

(for polar applications) of its predecessors. An orbit inclination of 92◦ would enable

measurements of the Arctic Ocean and Antarctic Ice Sheet up to 88◦N/S latitude,

while Doppler beam formation would permit a sharpening of the footprint to ∼300

m along-track, allowing CryoSat to better resolve small ice leads, floes, and glacier

systems at ice-sheet margins (Wingham et al., 2006). After CryoSat failed to reach

orbit, CryoSat-2 successfully launched in 2010 and the first Arctic sea ice thickness

and volume estimates from the mission were reported by Laxon et al. (2013). Now

seven years past its planned mission duration and with enough resources to last until

2020, CryoSat-2 is on track to establishing the first decade-long record of Arctic sea

ice thickness and volume. Before discussing the CryoSat-2 mission and the sea ice

thickness processing chain in detail, the following chapter begins by outlining the

fundamental theory of radar altimetry.
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Chapter 2

Radar Altimetry

Radar altimeters transmit and receive microwaves in order to measure the distance

to Earth’s surface. The basic concept is simple: By measuring the time delay, t,

between transmission and receipt of the echo of a pulse of microwaves which travels

at speed of light, c, the range to the surface is given by:

R =
ct

2
. (2.1)

In practise however, things are not so simple. One of the unavoidable limitations

of the method comes from the fact that altimeters, by design, do not range to a

single point on the Earth’s surface. Instead they survey a wider area, known as the

footprint, and the received echo contains information about the average properties

of that area. For observing surfaces which are flat and motionless, like ice-sheet

interiors, this is not so limiting a factor. However for monitoring a surface as rough

and dynamic as the seas and the sea ice upon them, realising a design which best

accommodates this limitation is paramount.

2.1 Altimeter design

A primary concern when considering the practicality of an altimeter is the footprint;

the surface area from which a single signal is received. This footprint area defines the

horizontal resolution of the instrument; an altimeter with a kilometre wide footprint

cannot hope to identify features on the metre scale1.

Although a smaller footprint reveals more detail, it comes at the expense of

covering vast areas of the globe in a short amount of time. For the monitoring of

1although average properties, such as roughness, can be estimated (Section 2.2).
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Figure 2.1: Beam-limited altimeter geometry.

a highly dynamic feature like sea ice, this is key. There exists a trade off between

resolution and coverage, and ultimately the ‘ideal’ footprint size of an altimeter

depends on the surface it is designed to monitor. As will be discussed in Section

3.1, the CryoSat-2 satellite switches between three modes of operation, each with

different resolution capabilities, depending on the surface type it is monitoring.

The first radar altimeters were beam-limited ; where footprint size is dictated by

the beamwidth of the transmit pulse. For reasons demonstrated below, this design is

non-viable for high-resolution observation from space. Its limitations were overcome

using pulse compression techniques and pulse-limited altimeters have since paved

the way for space-borne Earth observation. Despite the advancement in design, it

is useful to outline the basics of beam-limited altimetry because they underpin the

principle of altimetry in general and because the beam-limited footprint is often

referred to when discussing more advanced designs.

2.1.1 Beam-limited altimetry

A traditional beam-limited altimeter transmits a short pulse toward the ground at

fixed beamwidth θ, where the beamwidth is defined as the angular separation between

the two half-power sides of the main lobe of the antenna gain pattern (Figure 2.1).

The beam-limited footprint is the area illuminated on the ground subtended by this

beamwidth (Mantripp, 1994).
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Figure 2.2: (a) Beam-limited altimetry is subject to a range error ∆R from an antenna
mispointing angle γ. (b) Pulse-limited altimetry. The transmitted pulse, of duration τ ,
reaches nadir (n) at a time indepedent of pointing angle γ due to large beamwidth θ. Adapted
from Chelton et al. (2001).

It follows from Equation 2.1 that the minimum distance two targets must be

apart in order to be distinguished, called the range resolution is given by:

∆h =
cτ

2
, (2.2)

where τ is the pulse length. Thus, the choice of pulse length is dependent on the

desired range resolution.

The appeal of beam-limited altimetry lies in the simplicity of interpreting the

received signal to find the range, however restrictions on the size of a space-borne radar

antenna have rendered it redundant for satellite missions. Referring to Figure 2.1, as

range R increases, θ must become increasingly small to maintain the same footprint.

The diameter of a radar’s antenna is inversely proportional to its beamwidth, thus in

order to achieve a small footprint at long range, i.e. in space, antenna sizes become

impractically large for construction and deployment.

As well as antenna size limitations, the beam-limited configuration is very sensitive

to errors in instrument pointing. Figure 2.2a demonstrates the range error ∆R

incurred as a result of an off-nadir point, θ. It can be calculated that θ of only 0.03°
will result in ∆R =10 cm at CryoSat-2’s orbit altitude of 730 km.

2.1.2 Pulse-limited altimetry

Both antenna size and pointing error limitations can be addressed using pulse-

compression. Contrary to the beam-limited altimeter whose footprint is constrained

by the beamwidth, a pulse-limited altimeter’s footprint is defined by the pulse
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duration (Rapley et al., 1983). The beamwidth can therefore be large and the

antenna correspondingly small and easy to manufacture and deploy. Furthermore,

since the pulse radiates out spherically its leading edge meets the ground at nadir at

a time independent of the antenna pointing angle (Figure 2.2b).

Figure 2.3 illustrates the evolution of the area illuminated by the pulse and the

received echo. As the leading edge of the pulse reaches the ground at nadir (at t = t1),

it illuminates a point which grows into a disk as the pulse continues to propagate.

The disk reaches a maximum diameter at t3 when the trailing edge of the pulse

reaches the ground at nadir, after which the footprint becomes an annulus which

expands with fixed area until the pulse trailing edge subtended by the beamwidth

has been reflected.

The echo of the pulse leading edge arrives back at the antenna from nadir at a

time t = 2t1, after which time received power increases linearly to reach a maximum

at 2t2. This seems counter-intuitive since the largest area illuminated occurs at t3,

but can be understood by considering the times at which various reflections are

received back at the antenna, as follows:

• At time t0 = 0 the pulse of length τ is emitted from the antenna. The leading

edge of the pulse reaches the ground at nadir (range R0) at time t1 = R0/c

where c is the speed of light. The signal reflected from the surface at nadir will

arrive back at the antenna at time t = 2t1 = 2R0/c.

• At time t2 = R0/c + τ/2, the mid-point of the pulse intersects the ground

at nadir and the pulse leading edge reaches the ground at off-nadir angle θ2.

Due to their differing path lengths, the return signals from these two locations

will be received by the antenna at different times; t = t2 +R0/c and t = 2t2,

respectively.

• At time t3 = R0/c+τ the trailing edge of the pulse reaches nadir; the signal from

this point will be received at the antenna at time t = t3+R0/c = 2R0/c+τ = 2t2.

Simultaneously at t3 the leading edge of the pulse reaches the ground at off-

nadir angle θ3; the signal from this point will return to the antenna at time

t = 2t3.

• After t3, the trailing pulse edge has surpassed nadir and the area illuminated on

the ground becomes an annulus. Therefore, after time t = 2t2 nothing received

by the antenna is coming from the ground at nadir, i.e. the footprint “as seen by

the altimeter” has turned into an annulus. At time t = 2t2, reflections from the

surface at angle θ2 are also being received by the antenna. Therefore the area

of the circle subtended by θ2 defines the maximum area whose signal is received

simultaneously by the antenna. In Brooks et al. (1978) and Rapley et al. (1983)

this defines the pulse-limited footprint (PLF). In the European Space Agency
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Figure 2.3: Pulse-limited footprint geometry. The leading edge of the emitted pulse reaches
the ground at time t1, from which point a disk is illuminated on the ground that grows
linearly until the trailing edge of the pulse leaves the ground at nadir. From thereon the
footprint expands as an annulus of constant area until the pulse at the edges of the beam
has been reflected. Power increases linearly from 2t1 to 2t2. After 2t2 the footprint “as seen
by the altimeter” has transformed to an annulus. Although the area illuminated remains
constant as the annulus propagates outward, power will drop off after the peak since antenna
power reduces away from nadir. Adapted from Rapley et al. (1983) and Chelton et al. (2001).

CryoSat-2 handbook (ESA/MSSL, 2012), the diagram illustrating the PLF

(incorrectly) shows it as the maximum surface disk simultaneously illuminated,

i.e. at t3, however the equation for the PLF radius is given as
√
R0τc, which

from geometry can be shown to occur at t2 when the half-pulse intersects the

ground at nadir:

r2 =

√
(R0 +

1

2
cτ)2 −R2

0
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=

√
R2

0 +R0cτ +
1

4
(cτ)2 −R2

0

Ignoring the (seven orders of magnitude) smaller 1
4(cτ)2 term:

r2 =
√
R0cτ

For CryoSat-2’s average altitude of 730 km and pulse length = 3.125 ns, this

results in a value r2 = 827 m and PLF area A2 = 2.15 km2.

Since the PLF is defined when the pulse mid-point intersects the ground at nadir,

it follows that the range to the surface within the PLF is given by the time at

which the reflected pulse mid-point gets back to the antenna. This occurs at a time

t = t2 +R0/c = 2R0/c+τ/2 = 2t1 + τ/2, i.e. half-way up the power response leading

edge, Figure 2.3.

Figure 2.3 represents an idealised case of a flat surface with homogeneous

infinitesimal-scale roughness2. In reality, the topography of the surface will dic-

tate the regularity of the footprint and the shape of the return pulse. An off-nadir

sea ice pressure ridge, for example, may be high enough to be illuminated at the

same time as the flat ice at nadir. In the absence of any roughness, i.e. if the surface

was a mirror, only the reflection from nadir would be ‘seen’ by the antenna and

the received power would be a replicate of the transmitted pulse. With increasing

surface roughness, peaks at nadir are illuminated sooner and troughs at nadir remain

illuminated until later, widening the rise time (leading edge) of the echo. After the

peak, power falls off exponentially due to the reduction in antenna gain with distance

from the axis of the main lobe.

The echo from the surface is therefore a function of the transmitted pulse, the

antenna characteristics, and the scattering capabilities and roughness of the surface.

The Radar Equation characterises this relationship, and is derived as follows.

2.2 The Radar Equation

The Radar Equation describes how the signal received by a radar relates to the

characteristics of the instrument and the target. The following derivation is adapted

from Rees (2001) and Chelton et al. (2001).

If an isotropic radiator transmits a power Pt, then the flux density (power per unit

area) at the Earth’s surface is given by:

2This can be thought of as a surface which has no relief, but whose reflecting facets scatter energy
isotropically.
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Si =
Pttλ
4πR2

,

where R is the range to the surface and tλ(λ,R) is the atmospheric transmittance,

defined as the proportion of electromagnetic radiation of wavelength λ that is

transmitted through the atmosphere at range R.

Radar altimeters do not radiate energy isotropically; their power transmission is

directional and is dictated by their antenna gain, G. G is the ratio of power density

received in a specified direction to the power density received by a lossless isotropic

radiator with the same input power: G = Sd/Si. The power density at range R from

a directional transmitter is therefore given by:

Sd =
PttλG

4πR2
.

The power intercepted by a point-source target of area dA is given by: Sd dA, and

the proportion of this incident energy reflected back in the direction of the antenna

is a function of the absorption and scattering characteristics of the target, and the

incidence angle of the radiation. The area of a point scatterer “as seen by a radar”

is given by σ, the radar cross-section. A point target that reflects no energy in the

direction of the receive antenna is essentially invisible to the radar and will have a

radar cross-section of zero. In quantitative terms, σ is the cross-sectional area of a

sphere which, when reflecting isotropically, produces the same reflected power as the

scatterer. The power reflected from the point-source scatterer is therefore given by:

dPr =
PttλG

4πR2
σ.

This power is attenuated by the atmosphere and spreading loss factor as tλ/4πR
2 as

it travels back to the transmitter such that the power density at the receiver is:

dSr =
Ptt

2
λG

(4π)2R4
σ.

This flux, dSr, is captured by the effective area of the antenna, AE , such that the

power received by the antenna dPr = dSrAE . AE is a function of the antenna’s

physical area and efficiency and can be expressed for wavelength λ in terms of its

gain G by AE =
λ2G

4π
.

Substituting dSr and AE yields:
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dPr =
Ptt

2
λG

2λ2

(4π)3R4
σ. (2.3)

Equation 2.3 expresses the backscattered power from a single differential area dA,

with radar cross-section σ, a distance R from the antenna. For applications to radar

altimeters, the area illuminated by the antenna contains many differential scatterers,

all at variable distance R and receiving a different power (Gain is a function of

angular distance from the antenna boresight). Dividing σ by its physical area dA

yields σ0, the radar cross-section per unit area, also known as the normalised radar

cross-section or backscatter coefficient. Total power received is then obtained by

substituting σ = σ0dA into Equation 2.3 and integrating over the radar footprint

Af :

Pr =
λ2Pt
(4π)3

∫
Af

t2λG
2σ0

R4
dA. (2.4)

Equation 2.4 is called the Radar Equation. It describes how the power received by

the antenna is related to the instrument characteristics and the scattering properties

of the target. For applications to satellite altimetry, it can be assumed that R and

therefore also tλ are constant over the area Af , so they can be moved outside the

integral. Furthermore, if σ0 is considered to be constant over the antenna footprint or

the average value of all the differential backscattering coefficients within it, Equation

2.3 can be rearranged as:

σ0 =
(4π)3R4

λ2t2λPt
∫
AF

G2dA
Pr. (2.5)

Since all of the terms in the multiplicative factor on the right-hand side of Equation 2.5

are known quantities of the radar system or can be calculated from the measurement

geometry, σ0 can be estimated from the return power Pr. σ
0 is a valuable parameter;

it expresses the (average) scattering characteristics - the “roughness” - of the surface

within the footprint. Surface roughness of the ocean is affected by, for example,

winds, and surface wind speed can thus be inferred from radar altimetry (Linwood

& Schroeder, 1978; Chelton & Mccabe, 1985).
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2.2.1 Brown’s convolution model

Brown (1977) demonstrated that, for a level surface with homogeneous roughness,

the received echo is formed of the convolution of three functions:

Pr(t) = Sr(t) ∗ PFS(t) ∗Q(t) (2.6)

The point target response, Sr(t), is the shape of the transmitted pulse. This can be

modelled as a step function, after Rapley et al. (1983), as:

Sr(t) =

P0 0 ≤ x ≤ τ

0 otherwise,
(2.7)

where τ is the transmitted pulse length, and P0 is the power amplitude (Figure

2.4a).

Q(t) is the height probability density function (PDF) of reflecting facets within

the footprint. Note that the application of the convolution model to sea ice has

typically assumed the ice surface to have the same Gaussian height PDF as the open

ocean, for which the model was derived (Rapley et al., 1983; Wingham et al., 2006).

For the open ocean, larger waves will widen the height PDF (Figure 2.4c), analogous

to increased surface roughness in the case of sea ice.

For inclusion in Equation 2.6, roughness must be converted to time. From Hayne

(1980), the PDF expressed as a pure Gaussian (no skewness) and expressed in the

time domain is:

Q(t) =
1

σt
√

2π
e−t

2/2σ2
t , (2.8)

where σt is the rms surface roughness converted to two-way ranging time by σt =

2σs/c.

The flat surface impulse response, PFS(t), can be thought of as the response,

taking into consideration the antenna gain pattern, of a surface with infinitesimal-

scale roughness (as in Figure 2.3), to an impulse (dirac delta function). Substituting

Pt in Equation 2.4 with the dirac delta function gives:

PFS(t) =
λ2

(4π)3

∫
Af

δ(t− 2R/c)t2λG
2σ0

R4
dA, (2.9)

where δ(t− 2R/c) is the transmitted delta function, delayed by the two-way ranging
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time to the surface. The integration of PFS(t) is derived in Brown (1977) and yields:

PFS(t) = σ0Ae−βt−CI0(Dt
1
2 )U(t). (2.10)

σ0 is the backscatter coefficient as a function of angle of incidence, U(t) is the unit

step function, I0(Dt
1
2 ) is a modified Bessel function and A, β, C and D are the

constants:

A =
t2λG

2
0λ

2c

4(4π)2h3
,

β =
4c

γh
cos 2ξ,

C =
4

γ
sin2 ξ,

D =
4

γ

√
c

h
sin 2ξ,

where G0 is boresight gain, ξ is the absolute off-nadir pointing angle, c is the

speed of light, and γ is the antenna beamwidth parameter defined by a Gaussian

approximation to the antenna gain of the form:

G(θ) = G0 exp[−(2/γ) sin2 θ] (2.11)

The convolution of Equation 2.7 (Figure 2.4a), Equation 2.8 (Figure 2.4c) and

Equation 2.10 (Figure 2.4b) is shown in Figure 2.4d.

A wider spread on Q(t) results in a longer rise time for Pr(t). Thus, the large-scale

surface roughness3 can be deduced from analysing the rise of the received echo. The

mean surface is intersected at time t = 0, which falls half-way up the waveform

leading edge.

3Not to be confused with σ0, the backscatter coefficient, which characterises roughness on the
millimetre scale.
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Figure 2.4: Pulse-limited return signal components. (d) The received signal Pr(t) is
composed of the convolution of three functions: (a) The pulse shape Sr(t), shown for
τ = 3.125ns. (b) the flat surface impulse response PFS(t), shown for h=730 km, G0; λ; tλ;
σ0 = 1, ξ=0, and γ=0.0002. (c) the delay time distribution of surface scatterers Q(t), for
rms roughness σ varying between 0 (black) and 1.2 m (red) in 20 cm increments.
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Chapter 3

CryoSat-2

This chapter provides an overview of the European Space Agency satellite, CryoSat-2.

An introduction to its operation characteristics is followed by a detailed description

of the Centre for Polar Observation and Modelling (CPOM) CryoSat-2 processing

algorithm, which estimates sea ice thickness from Level-1B echoes. Although the

processing chain is detailed in full in Tilling et al. (2018), it is explained herein since

CryoSat-2 data is used in every chapter of this thesis and a detailed understanding

of the algorithm was required for its adaptation and application to the Sentinel-3

satellites, which are the subjects of Chapters 5 and 6. At the end of this chapter,

the specific aims of this thesis are outlined.

3.1 CryoSat-2 operation

CryoSat-2 (CS2) was launched in 2010 by the European Space Agency (ESA),

following the launch failure of CryoSat in October 2005. Building on a legacy of

high-latitude radar altimeters, CS2 was the first with a specific focus on the polar

regions. To accommodate both a high density of orbit crossovers over high-latitude

land ice and a near-complete coverage of Antarctica and the Arctic Ocean, an orbit

inclination of 92◦ was chosen, giving CS2 unprecedented coverage for a radar altimeter

up to a latitude of 88◦ (Figure 3.1a). Unlike its predecessors, CS2 occupies a non

sun-synchronous orbit and has a long repeat cycle of 369 days, which produces a

much higher orbit crossover density per square kilometre, useful in particular for

land ice monitoring. A 30-day orbit sub cycle ensures uniform coverage of sea ice

every month.

The satellite’s main payload is a Synthetic Aperture Interferometric Radar

Altimeter (SIRAL), which operates in Ku-band at a frequency 13.575 GHz, and

at normal incidence to the Earth’s surface (Wingham et al., 2006). It consists of
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(a) (b)

Figure 3.1: (a) Seven days of CS2 tracks. (b) One cycle (1st to 30th March 2014) of tracks
showing the three modes of operation; LRM (green), SAR (yellow), SARIN (red). Modes are
updated every two weeks to accommodate shifting sea ice margins.

two nadir-looking antennas mounted perpendicular to the flight direction, a radio

frequency unit (RFU) and a digital processing unit (DPU), which together generate

and amplify the transmit signal (via the left antenna) and process the receive echoes.

CS2’s other instruments; the Doppler Orbit and Radio Positioning Integration by

Satellite (DORIS), a laser retro-reflector (LRR), and three star trackers, ensure

precise orbit and attitude determination, critical for accurate estimation of elevation

above the surface.

The characteristics of the transmit signal and the use of the antennas on reception

are dictated by the operational mode. SIRAL operates in three different modes;

Low Resolution Mode (LRM), Synthetic Aperture Radar (SAR) mode and Synthetic

Aperture Radar Interferometric (SARIn) mode, each designed for observing different

surface types. The mode is switched according to pre-determined geophysical masks

(Figure 3.1b), which are updated every two weeks to accommodate shifting sea ice

margins.

3.1.1 Low Resolution Mode

Over ice sheet interiors and the open ocean, SIRAL operates in a traditional pulse-

limited fashion in which its footprint is determined by the length of the emitted pulse

(section 2.1.2). For CS2 this is called Low Resolution Mode (LRM), since its data

rates are lower than for its other modes of operation.

A radar pulse (a 49µs, 350 MHz bandwidth chirp) is transmitted (from the left

antenna) to the surface every 500µs and received on the same antenna some 4.8 ms

later. The received signal is sampled at 128 discrete points, spaced by a range
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resolution of 47 cm (equating to a range window of 60 m). 91 consecutive echoes are

accumulated to reduce speckle noise1, equating to an along-track sampling distance

of ∼300 m (Wingham et al., 2006). These accumulated echoes are passed to an

on-board tracker to inform on the position of the surface so that the subsequent

91 echoes are sampled at the right time (i.e. so that they include the surface), an

arrangement known as closed-loop control.

3.1.2 Synthetic Aperture Radar (SAR) mode

In SAR mode, the same one-antenna receive chain is used as for LRM, but the

configuration of transmit pulses is different. Bursts of 64 phase-coherent pulses

are transmitted with a pulse-repetition frequency (PRF) of 18.182 kHz, i.e. one

pulse every 55µs with a burst duration of 3.5 ms. A burst is transmitted every

11.7 ms, meaning that the echoes from one burst are received and processed before

the transmission of the next (the two-way travel time to the surface, for an altitude of

720 km, is ∼4.8 ms). The distance that the satellite has travelled between transmission

and receipt of a burst synthesises a large aperture antenna, hence the mode’s name.

SAR mode offers a number of improvements over LRM, the first being utilisation

of the entire along-track antenna footprint thanks to Doppler modulation. The

SIRAL antenna has an elliptical gain pattern given by the equation:

G(θ, ϑ) = G0 exp

[
− θ2

(
cos2 ϑ

γ2
1

+
sin2 ϑ

γ2
2

)]
, (3.1)

where G0 is peak gain, equal to 42 db; θ and ϑ are the polar and azimuthal angles

with respect to antenna boresight, and γ1 and γ2 are the across and along track

antenna parameters equal to 0.0116 and 0.0129 radians respectively (Wingham et al.,

2018). The gain pattern on the Earth’s surface can be plotted by converting Equation

3.1 from Polar to Cartesian coordinates:

G(x, y) = G0 exp

[
− 1

h2

(
x2

γ2
1

+
y2

γ2
2

)]
, (3.2)

where h is satellite altitude. G(x,y) is plotted in Figure 3.2 for CS2’s nominal

altitude h = 720 km and ignoring Earth’s curvature, yielding a beam-limited footprint

diameter of approximately 14 km and 16 km in the along and across track directions

respectively.

1Radar speckle is the exponentially-distributed fluctuation in power arising from the random
phase of elemental scatterers.
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Figure 3.2: CryoSat-2 antenna gain pattern assuming a flat Earth and with satellite at
its nominal altitude of 720 km. Contours are every 0.5 db. The −3 db beamwidth (39 db
contour) intersects the surface with a diameter of ∼16 km and ∼14 km in the across and
along-track directions respectively, defining CS2’s beam-limited footprint.

Doppler modulation Each pulse illuminates a ∼15 km-diameter footprint on the

ground. The along-track separation between the first and last of these footprints of

the burst is only 26 m, i.e. each pulse of the burst is sampling an almost identical

beam-limited footprint. So what then is the purpose of the burst? Due to the radial

velocity of the satellite, the echoes of each pulse are Doppler shifted with respect

to each other when received back at the antenna (Ray et al., 2015). This Doppler

modulation splits the beamwidth into a series of 64 ‘Doppler beams’, illustrated in

Figure 3.3a. In physical terms, this is synonymous with partitioning the antenna

footprint into 64 across-track strips, illustrated in Figure 3.3b. From Raney (1998),

the along-track resolution of each Doppler cell is given by the equation:

∆x =
1

NB

( hλ

2vTPRF

)
, (3.3)

where NB, h, λ, v, and TPRF are the number of pulses per burst, satellite altitude,

radar wavelength, satellite velocity (along orbit), and pulse repetition interval,

respectively. Inputting values for CS2 of; NB = 64, h = 720 km, λ ∼2 cm, v =

7.5 km/s (Wingham et al., 2018), and TPRF = 1/PRF = 55µs yields an along-track

footprint of ∼300 m. The ability for SIRAL to enhance its resolution along-track

using delay-Doppler processing offers improved capabilities over sea ice compared
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to its pulse-limited, LRM mode. This is particularly important for detecting finer

features within the ice cover, such as leads, which is essential for sea ice thickness

retrieval (Section 3.2).
RANEY: DELAY/DOPPLER RADAR ALTIMETER 1579

(a) (c)

(b) (d)

Fig. 1. Comparison of a conventional pulse-limited radar altimeter’s (a) illumination geometry side view and (b) footprint plan view, to a delay/Doppler
altimeter’s (c) illumination geometry side view and (d) footprint plan view. The conventional radar altimeter measurement space is inherently 1-D, whereas
that of the delay/Doppler altimeter is 2-D.

the output height waveforms. The compressed pulse length is
inversely proportional to the duration of the CW signals.
The delay/Doppler altimeter introduces along-track pro-

cessing steps after the range deramp and before the range
IFFT, the net effect of which is to transform the signal space
to two dimensions [Fig. 1(c) and (d)]. The delay/Doppler
technique requires coherent correlation within each burst of
pulses, in contrast to a conventional altimeter for which
pulse-to-pulse correlation is not desirable [16]. The received
signals from each burst are stored in memory. A Fourier
transform is applied to these data in the along-track dimension,
implemented in real time onboard as a set of parallel FFT’s
that span the range gate width. Signals in the resulting two-
dimensional (2-D) range CW/Doppler domain are processed
to eliminate the curvature of the range delay. The delay-
corrected data are partitioned by Doppler frequency, which
is isomorphic to along-track distance from spacecraft nadir.
At each Doppler frequency bin, range data are inverse trans-
formed, detected, and accumulated in parallel to form many
equivalent looks at that position. As a consequence of the 2-D
signal processing unique to the delay/Doppler altimeter, its
flat-surface response has an impulse-like shape, in contrast to
the step-function response of a conventional radar altimeter
(Fig. 2). The JHU/APL has received patent protection on this
new concept [12].

Fig. 2. The round-trip delay time from a scatterer is always longer for all
altimeter locations (A, C) that differ from the minimum range position (B),
giving rise to the well-known step-function waveform from a conventional
altimeter. The delay/Doppler altimeter compensates for the extra delay, from
which much sharper waveforms derive.

Although familiar to those versed in synthetic aperture radar
(SAR), 2-D coherent signal processing is likely to be a new and
perhaps foreign concept to those used to the one-dimensional
(1-D) world of conventional radar altimeters. The key ideas
are introduced in Sections II and III. Section II describes the
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the corresponding along-track response function is set by
weighting in the processor and subject to design optimization.
It is helpful to distinguish between two closely related “flat

surface” functions, denoted here as and . The
(idealized) flat surface response was first described
by Moore and Williams [8] as the function that accounts
for the effects of antenna pattern, illumination geometry, and
incoherent surface scattering. The flat surface response
includes the physical constraints of the illumination and an-
tenna geometry as well as the impact of (compressed) pulse
shape and signal processing. It is this flat surface response
that serves as the primary analytical basis for description of
the spatial properties of radar altimeters [2], [5].
The difference between these two flat surface functions is

subtle, but significant. Recall that the impulse response
describes the output of a (linear) system when its input is
an arbitrarily short test signal. Under reasonable conditions,
the expected output from any linear sensor is given by
the convolution of the sensor’s impulse
response over the distribution function that describes
the input data source. It has been shown that the average input
data distribution function for a (conventional) radar altimeter
is well modeled by a convolution
of the (idealized) flat surface response with the
topographic distribution of the reflective points on the
surface [2]. The resulting radar altimeter linear model is a
triple convolution or (impulse
response) (idealized flat surface response) (topographic dis-
tribution) in plain language. This triple convolution may be
regrouped as (flat surface response) (topographic distribution)
or , where .
The flat surface (delay time) responses for both a con-

ventional radar altimeter and the delay/Doppler altimeter are
shown in Fig. 6. The droop imposed by antenna weighting
is also suggested. The underlying analysis assumed that the
effective (compressed) radiated pulse was rectangular in both
cases. Time delay is shown in units of pulse length. If
the effective pulse were weighted, as might be expected in
practice, the corners of these response functions would be
smoother.

A. Conventional Pulse-Limited Altimeter
The behavior of a conventional satellite radar altimeter

[Fig. 6(a)] is well known. Its flat surface response function is

(9)

where is the effective pulse length, is the altitude, and
is the speed of light. After an initial rise, the response

remains constant, more-or-less, subject primarily to decreases
from off-boresight antenna pattern weighting. (Of course,
antenna pointing errors, or nonzero slope of the illuminated
surface, cause departures from this norm [2].) The portion

(a)

(b)

Fig. 6. Typical quasiflat surface response waveforms from (a) conventional
satellite pulse-limited radar altimeter and (b) delay/Doppler altimeter. (Note
that the power scales are normalized to unity.)

of the flat surface response function that corresponds to the
area illuminated by the pulse during the second pulse delay
interval is shaded in the figure. The defining characteristic
of this response function is that the curve is essentially a
step function: once attained, the maximum value is supported
for many delay intervals. This is because the areas of the
concentric annuli defined by the radiating (compressed) pulse
are constant with time.

B. Delay/Doppler Altimeter
The delay time response (after processing) of the de-

lay/Doppler altimeter is shown in Fig. 6(b) and has the
functional form

(10)

This curve represents the (average) strength of the altimeter’s
response to illumination of a quasiflat surface as a function of
time delay, just as in the previous case. As before, the second
delay interval is more darkly shaded in the figure. Note that
the response to a flat surface for all regions in the second
delay zone and beyond have much less relative power for
the delay/Doppler altimeter than for the conventional radar
altimeter. This is because the area contributing to the response
signal decreases as the square root of time.
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Fig. 1. Comparison of a conventional pulse-limited radar altimeter’s (a) illumination geometry side view and (b) footprint plan view, to a delay/Doppler
altimeter’s (c) illumination geometry side view and (d) footprint plan view. The conventional radar altimeter measurement space is inherently 1-D, whereas
that of the delay/Doppler altimeter is 2-D.

the output height waveforms. The compressed pulse length is
inversely proportional to the duration of the CW signals.
The delay/Doppler altimeter introduces along-track pro-

cessing steps after the range deramp and before the range
IFFT, the net effect of which is to transform the signal space
to two dimensions [Fig. 1(c) and (d)]. The delay/Doppler
technique requires coherent correlation within each burst of
pulses, in contrast to a conventional altimeter for which
pulse-to-pulse correlation is not desirable [16]. The received
signals from each burst are stored in memory. A Fourier
transform is applied to these data in the along-track dimension,
implemented in real time onboard as a set of parallel FFT’s
that span the range gate width. Signals in the resulting two-
dimensional (2-D) range CW/Doppler domain are processed
to eliminate the curvature of the range delay. The delay-
corrected data are partitioned by Doppler frequency, which
is isomorphic to along-track distance from spacecraft nadir.
At each Doppler frequency bin, range data are inverse trans-
formed, detected, and accumulated in parallel to form many
equivalent looks at that position. As a consequence of the 2-D
signal processing unique to the delay/Doppler altimeter, its
flat-surface response has an impulse-like shape, in contrast to
the step-function response of a conventional radar altimeter
(Fig. 2). The JHU/APL has received patent protection on this
new concept [12].

Fig. 2. The round-trip delay time from a scatterer is always longer for all
altimeter locations (A, C) that differ from the minimum range position (B),
giving rise to the well-known step-function waveform from a conventional
altimeter. The delay/Doppler altimeter compensates for the extra delay, from
which much sharper waveforms derive.

Although familiar to those versed in synthetic aperture radar
(SAR), 2-D coherent signal processing is likely to be a new and
perhaps foreign concept to those used to the one-dimensional
(1-D) world of conventional radar altimeters. The key ideas
are introduced in Sections II and III. Section II describes the

(c)

(b)

(a)

Figure 3.3: Delay-Doppler modulation (a) allows the pulse-limited footprint to be divided
into strips along-track (b). Multiple looks of each strip as the altimeter moves forward
improves signal to noise ratio. (c) The average waveform of the stack of looks. The pink
shaded region shows a rapid power drop-off, which occurs when the area illuminated in (b)
transforms from the blue strip into the two pink patches. Adapted from Raney (1998).
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Multi-looking With a burst-repetition frequency of 87.5 Hz, approximately 200

bursts are transmitted over a distance equivalent to the beam-limited footprint. This

means that Doppler strips are each illuminated some 200 times as the satellite passes

overhead, resulting in multiple ‘looks’ at the same footprint. Echoes from each look

are ‘stacked’ and averaged to improve signal to noise ratio, a process known as

multi-looking. Before stacking, waveforms must be ‘slant range corrected’ to account

for the difference in path lengths between multiple looks of the same point from

different off-nadir angles. Figure 3.4 shows a stack of echoes, slant-range corrected

and aligned, for (a) a sea ice floe and (b) a lead. The average waveform, shown on

the back axis, is the summation of power across all looks, and is much less noisy than

any individual echo. On the left axis is the ‘range-integrated power’ (RIP) waveform

which is the summation of the stack in the range dimension. The width of this stack,

characterised by the stack standard deviation (SSD) is used in the discrimination of

leads and floes (Section 3.2.1).

The overall effect of this technique is both finer resolution in the along-track

direction and improved signal to noise ratio thanks to multi-looking. Since the entire

beam-limited footprint contributes to the return signal, delay/Doppler mode also

makes better use of the antenna’s radiated power than pulse-limited operation.

Unlike the traditional step-function flat-surface response from pulse-limited al-

timeters, Doppler processing causes an impulse-like response, where power falls off

quickly with time after the peak. This can be understood by considering the geometry

of the illuminated strip over time. Referring to Figure 3.3b and c, peak power results

from the contribution of the central portion of the strip, shaded blue. Following this,

subsequent pairs of patches either side of nadir are illuminated (pink, then yellow

etc). The change in area from strip to patches causes a rapid drop in power, which

then decreases gradually as subsequent strips contribute increasingly less power to

the return.

3.1.3 Synthetic Aperture Radar Interferometric (SARIN) mode

SIRAL’s third mode, SARIN, is the most specialised. Capable of detailing complicated

terrains it is primarily used over mountain glaciers and around the margins of ice

sheets. Here, the altimeter carries out SAR processing but also makes use of the

second receiver antenna, offset perpendicular to the flight track, which allows for

calculating the across-track angle to the earliest radar returns, via interferometry.

In SARIN mode, a 64-pulse burst with a PRF of 18.2 kHz is again transmitted,

but this time with a lower burst repetition frequency (BRF) of 21.4 Hz, i.e. one burst

every 47 ms. To accommodate complex, high-topography terrain, the SARIN range

window is increased to 240 m. Over this range the receive signal is sampled at 512

points, maintaining the same range resolution as for SAR mode of ∼47 cm.
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(a)

(b)

Figure 3.4: SAR multi-looked waveform stacks for a floe (a) and a lead (b). Power is
summed in the look dimension to produce the average waveform, shown on the back axis,
which is far less noisy than any individual echo. The summation of power in the range
dimension produces the RIP (range-integrated power) waveform (shown on the back left
axis), whose properties are utilised for surface classification. The observed curvature of the
stack along the look dimension is a product of the slant-range correction.
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The extended interval between bursts as compared with SAR mode is to allow robust

tracking of the range window. Rather than using the previous cycle to determine

the positioning of this window as in LRM and SAR modes, the interval is used

to transmit and sample pulses over a much larger range window of 480 m. This

arrangement ensures the range window does not ‘miss’ the surface over Earth’s

regions of significant topography.

For the purposes of sea ice processing, SARIN is ‘degraded’ i.e. the interferometry

is not used and echoes received at each antenna are slant-range corrected and stacked,

as for SAR mode. Owing to the fewer number of bursts per cycle in SARIN mode,

there are approximately four times less the number of looks than for SAR mode,

resulting in noisier stack-average waveforms (see Figure 3.5). However since the

echoes received by the two antennas are largely uncorrelated (Wingham et al., 2006),

they are combined to form a stack with double the number of looks as a single

antenna.

3.1.4 Level-0 to Level-1B processing

Besides slant range correction, multi-looking and stacking, there are a number of

other processes applied at the Level-0 to Level-1B stage, that is, in the formation of

geo-located average waveforms (L1B data) from the received signal (L0 data). It is

beyond the remit of this thesis to detail the L0 to L1B processing in full, but two

processes which warrant mention are Hamming weighting and zero-padding, both

important for applications of radar altimetry data to sea ice.

Hamming weighting involves the application of a Hamming filter to the receive

burst in the along-track direction, which dampens the influence of high-angle off-nadir

beams and limits ambiguities caused by antenna side lobes away from the main axis

(Dinardo & Benveniste, 2013), demonstrated in Figure 3.6a. Applying a Hamming

filter coarsens the along-track footprint, from ∼300 m to ∼450 m (Scagliola et al.,

2014), but without it side-lobe interference complicates waveform retracking (Section

3.2.2).

Zero-padding mitigates signal aliasing and upsamples the received signal by a

factor two (Smith & Scharroo, 2019), shown in Figure 3.6b. This halves the range

resolution from 46 cm to 23 cm, and doubles the number of range bins, from 128

to 256 in SAR mode and from 512 to 1024 in SARIN mode. This is important for

lead retracking, described in Section 3.2.2. The sea ice processing described in the

next section applies to L1B waveforms which have been Hamming weighted and

zero-padded.
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Figure 3.5: SARIN multi-looked diffuse waveform stack from each antenna. Power is summed in the look dimension to produce the average waveform,
shown on the back axis, which is far less noisy than any individual echo. The summation of power in the range dimension produces the range-integrated
power (RIP) waveform, shown on the left axis, whose properties are utilised for surface classification. Visible ‘drop outs’, i.e. looks with no data, occur
when SIRAL is performing calibration between the two antennas (Salvatore Dinardo, personal communication, 29th May 2019.)
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Figure 3.6: Effect of Hamming weighting and zero-padding. (a) without Hamming weighting
(grey line), waveforms can exhibit spikes before the leading edge which are the result of
side-lobe contamination. The retracker will interpret this as the return from the surface,
biasing elevation estimates. Passing the waveform through a Hamming filter removes these
ambiguities, shown by the red dashed line. (b) Zero-padding doubles the range resolution,
particularly important for lead waveforms. Without zero-padding (black line), the peak
may occur only over 4 range bins, making lead retracking (described in Section 3.2.2),
prone to failure. Once zero-padded, the specular return spans 8 range bins (red line). L0
to L1B processing was done using ESA’s Grid Processing on Demand (GPOD) service
(https://gpod.eo.esa.int/).

3.2 The CPOM sea ice processing algorithm

This section describes the Centre for Polar Observation and Modelling sea ice

processing chain, developed over 25 years at UCL and Leeds Universities, and during

its evolution applied to the ERS-1 and -2 satellites (Laxon et al., 2003; Peacock &

Laxon, 2004), Envisat (Giles et al., 2008), and ultimately CryoSat-2 (Laxon et al.,

2013; Tilling et al., 2018). During this PhD, the processing chain was written from

scratch in Python, both to develop a full understanding of the algorithm and for

its eventual adaptation and application to the Sentinel-3 satellites, which are the

subjects of Chapters 5 and 6.

3.2.1 Lead and floe discrimination

The retrieval of sea ice thickness from radar altimetry relies on distinguishing between

echoes from sea ice floes and those originating from leads. This is made possible

because of the different scattering characteristics of each. Because sea ice is typically

rough and has a snow layer which scatters radiant energy in all directions, off-nadir

contributions cause the power to trail off exponentially after the peak, giving the

response from sea ice its characteristic ‘diffuse’ form (see average waveform in Figure

3.4a).

In contrast to this, the calm water within leads creates a highly specular echo,

where power falls of rapidly after the maximum, as in in Figure 3.4b. In the extreme

case of a lead surface with zero roughness, the surface will act like a mirror and
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reflect an exact copy of the transmitted pulse.

The pulse peakiness (PP) criterion, introduced in Laxon & Rapley (1987), is defined

as the ratio of peak power to average power:

PP =
pmax
pmean

. (3.4)

A highly specular waveform will have a high Pmax, and comparatively small Pmean,

giving it a high pulse peakiness. Conversely, a diffuse waveform will have a smaller

Pmax and a higher Pmean, producing a lower PP. The first stage in sea ice processing

is to assign each waveform a PP and then filter based on thresholds. Traditionally,

these thresholds have been derived by comparing with coincident visible imagery

(Ridout, 2011). For CryoSat-2, waveforms with a PP less than 9 are classed as ‘diffuse’

and those with a PP greater than 18 are defined as ‘specular’. The PP criterion

is particularly important for filtering out contaminated waveforms, i.e. those that

contain a mixture of leads and floes where pulse peakiness falls in the range 9 < PP

< 18.

Waveforms are further filtered according to their stack standard deviation (SSD).

The SSD is the standard deviation of the Gaussian fit to the range integrated power

(RIP) waveform, or ‘stack’, shown for an ice floe and a lead in Figures 3.4a and b

respectively. Because of its tendency to scatter in all directions, sea ice will be ‘seen’

over all look-angles, resulting in a power response from each look and a wide stack.

Analogous to only seeing your reflection when directly over a mirror, a perfectly

specular surface will only reflect from nadir. In the context of multi-looking, the

more specular the surface, the fewer Doppler beams will contain a response, leading

to a narrower stack and reduced SSD.

Empirically derived SSD thresholds of 6.29 and 4.62 are used in SAR and SARIN

modes respectively to separate surface types (Tilling et al., 2018); a diffuse waveform

must have an SSD > 6.29 (4.62) and a lead waveform must have an SSD < 6.29

(4.62), else they are discarded. The smaller SSD for SARIN accommodates the

reduced number of looks in interferometry mode.

Due to the similar shape of ice and open ocean waveform responses, echoes

classed as diffuse by the above criteria will include those originating from open ocean

which must be removed from processing for the correct retrieval of sea ice elevation.

To do this, daily sea ice concentration data from NSIDC2 and ice type data from

OSI SAF3 are employed; Figure 3.7 shows ice concentration and ice type at the

beginning and end of the winter growth season. Ice concentration is provided on a

25×25 km grid and expresses the percentage of each grid cell covered in ice. Ice type

2National Snow and Ice Data Center, https://nsidc.org/
3Ocean and Sea Ice Satellite Application Facility, http://www.osi-saf.org/
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Figure 3.7: Sea ice concentration and ice type for a day at the beginning of the growth
season and end end of the growth season (sea ice extent maximum occurs around mid-March).
Daily sea ice concentration and ice type data are provided daily by NSIDC and OSI SAF
respectively.

is classed as either none (i.e. ocean), first-year ice (FYI), multi-year ice (MYI) or

ambiguous/unset. Ambiguous data typically occur along the FYI / MYI margin.

For each geo-located waveform, the corresponding sea ice concentration and

ice type are found by nearest neighbour assignment. Diffuse waveforms with a

concentration of 75% or above and with an ice type either first-year or multi-year

are labelled as floes; the rest are discarded from sea ice processing.

3.2.2 Range calculation

Referring to Figure 3.8, the elevation of each measurement above the reference

ellipsoid4 is given by:

Elevation = Altitude − Range. (3.5)

The altitude of the satellite is precisely calculated by the onboard DORIS and star

tracker instruments and output in the L1B files, expressed with respect to the WGS84

reference ellipsoid. Range is calculated from the two-way travel time to the central

4An idealised model of the Earth’s surface with respect to which satellite altitudes are referenced.
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Figure 3.8: Definition of satellite altimetry terms.

range bin; bin 128 for SAR mode and 512 for SARIN mode. The range must be

corrected for atmospheric attenuation, and the influence of tides and atmospheric

pressure on the sea surface elevation is removed. A total of 9 corrections are subtracted

from the range during sea ice processing, detailed in Table 3.1.

Tidal corrections Description Range of values

Ocean tide Compensates for local tides due to the Moon. −0.5 to 0.5 m

Long period equilibrium

ocean tide
Compensates for long-period tides caused by the Sun. −0.5 to 0.5 m

Ocean loading tide
Accounts for the deformation of the Earth’s crust

due to the weight of the overlying ocean tides.
−0.02 to 0.02 m

Solid earth tide
Accounts for the deformation of the Earth due to tidal

forces from the Sun and Moon on the Earth’s body.
−0.3 to 0.3 m

Geocentric polar tide

Corrects for the longperiod distortion of the Earth’s

crust caused by variations in centrifugal force as the

Earth’s rotational axis moves its geographic location.

−0.02 to 0.02 m

Atmospheric corrections Description Range of values

Wet tropospheric correction
Corrects for the effect of polar gases, largely water

vapour, on the refractive index of the atmosphere.
0 to 0.5 m.

Dry tropospheric correction

Compensates for the effect of non-polar gases such

as oxygen and nitrogen which alter the refractive

index of the atmosphere.

1.7 to 2.5 m

Ionospheric correction

Compensates for the attenuation of the radar pulse

by free electrons in the Earth’s ionosphere,

which varies with solar radiation.

0.06 to 0.12 m

Inverse barometric correction
Compensates for variations in sea surface height

due to atmospheric pressure.
−0.15 to 0.15 m

Table 3.1: Atmospheric and tidal range corrections. From ESA/MSSL (2012).
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Figure 3.9: (a) to (b) Diffuse waveform retracking. A 3-point moving average smoothing
function is applied to the waveform to reduce noise, and then the retrack point is defined at
the 70% first peak power threshold. The first peak is defined as any peak whose amplitude
is at least 20% of the waveform maximum. Dashed lines show original waveforms, solid lines
show smoothed waveforms. In (b) the leading edge width, defined as the 70% threshold minus
the 30% threshold (both shown with grey dashed lines), exceeds 3 bins, so the waveform is
discarded from processing. (c) For lead retracking, the Giles et al. (2007) ‘Gaussian plus
Exponential’ fit (dotted line) is fitted to each specular waveform (solid line) by a least-squares
fit. The centre of the Gaussian is taken to be the retrack point (solid vertical line).

Retraking A critical part of the processing involves identifying the point on the

waveform that originates from the surface at nadir, called retracking. This was

discussed in Section 2.1.2 in reference to pulse-limited altimetry, for which the

retrack point falls half-way up the pulse leading edge. In the CPOM CryoSat-2

processing, different retrackers are used for leads and floes to accommodate their

different characteristics. For ice floes, the retrack point is defined where the leading

edge of the first peak (defined as the first peak whose maximum power is at least 20%

of the maximum waveform power) reaches 70% of its maximum. This differs from the

50% threshold derived for pulse-limited altimetry in Section 2.2.1 due to the different

nature of SAR waveforms (see Wingham et al. (2006), Figure 15). The precise bin

fraction at which this occurs is calculated by linearly interpolating between the two

bins between which the 70% threshold is crossed. Note that before retracking, floe

waveforms are smoothed with a 3-point moving average to remove any noise on the

58



-40 -20 0 20 40 60 80

Figure 3.10: The CPOM mean sea surface (MSS), created from two years of CryoSat-2
elevation data (Ridout, 2014). Elevation is with respect to the WGS84 reference ellipsoid.
South to north illumination has been added for enhancement of fine-scale topographical
features. The black line is a satellite track, shown in Figure 3.11.

leading edge (see Figure 3.9a;b). Further, any floe waveform whose ‘leading edge

width’ (defined as the bin separation between the 30% and 70% thresholds) exceeds

3 bins, e.g. Figure 3.9b, is discarded from processing. For leads, each waveform

is modelled as a Gaussian distribution which accounts for the power rise leading

edge, followed by a an exponential decay function that simulates the power drop

off, after Giles et al. (2007). After 3000 least-squares iterations the centre of the

Gaussian of the best fit is taken as the retrack point, i.e. the range to the lead

surface, demonstrated in Figure 3.9c.

The final range is given by:

Retracked Range = R0 −G− C

where R0 =
ct2
2

is the range to the nominal range bin; c is the speed of light and

t2 is the two-way travel time, provided in the L1B files, G is the combined tidal

and atmospheric corrections, and C = (bn − br)∆R is the retracking correction

where bn is the nominal range bin (128 in SAR mode and 256 in SARIN), br is the

retracked fractional range bin, and ∆R is the range resolution, equal to 23.42 cm for

zero-padded CS2 data.
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Figure 3.11: Along-track elevation transect (location shown in Figure 3.10) with and
without mean sea surface (MSS). Blue points are leads; red points are floes. Removal of the
high amplitude MSS (shown by the black line) flattens the transect to create the sea level
anomaly (SLA).

3.2.3 Sea surface interpolation

With the elevation of every lead and floe above the reference ellipsoid known, the

next stage involves interpolating the sea surface between lead tie points to find the

sea surface height at each floe location. This is best thought of as the level the water

would reach in a hole drilled in the centre of the sea ice floe. In order to aid the

interpolation, the along-track elevation transect is first ‘flattened’ by removing the

mean sea surface (MSS), shown in Figure 3.10. This model of the MSS was created

from two years of CS2 lead and ocean elevation data (Ridout, 2014). It represents the

Earth’s geoid5 plus the time-averaged ocean dynamic topography. The MSS varies

between ±100 metres globally, and about ±50 metres in the Arctic ocean (Figure

3.10). Once removed, any residual sea surface height variability is the result of wind

and currents and is called the sea-level anomaly (SLA), see Figure 3.11. Before

interpolation, SLA measurements that fall outside ±3 m are removed, considered

to be anomalies resulting from poor retracking or noise spikes. Then, at every floe

location, SLA measurements within ±100 km along track are linearly interpolated to

retrieve the interpolated sea-level anomaly (iSLA). There must be at least 1 lead on

either side of the floe within the 200 km window for the interpolation to be valid.

5The Geoid is the hypotherical ocean surface under the influence of Earth’s gravity and rotation
alone.
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the speed of light propagation in a vacuum (3.0 ! 108 m
s"1), and cs is the speed of light propagation in snow
(2.4 ! 108 m s"1) (Giles et al., 2008; Kwok et al., 2011).
Therefore, corrected freeboard is simply expressed as:

f c ¼ f i þ 0:25hs ð13Þ

Corrected freeboard values outside the range "0.3 m to
3.0 m are removed from processing. These limits were
selected by analysing a histogram of all freeboards between
November 2010 and April 2017 (Fig. 11). Large negative

freeboard values are likely to be caused by errors in the floe
retracking and are removed, but slightly negative free-
boards are permitted to allow for random noise in the
returns from thin ice floes and ensure that the average free-
board is not biased high. Less than 1% of freeboard values
are removed according to these criteria. The upper limit of
3 m was chosen as a means to remove extreme outliers, as
the diffuse echo retracker occasionally returns anomalously
large freeboard values. These values are likely a conse-
quence of complex echoes whose leading edge width did
not meet the removal criteria at the earlier stage of process-
ing (Section 4.4.2), or of poor reconstruction of the ocean
surface elevation through interpolation. Poor reconstruc-
tion of the ocean surface becomes more of an issue close
to land, where fewer lead measurements are available.
However, outliers of this magnitude are uncommon, and
no freeboard measurements exceeded 4 m from November
2010 to April 2017. Over this period the mean freeboard
was 20.50 cm with a standard deviation of 17.66 cm.

4.9. Calculation of sea ice thickness

Sea ice freeboard is converted to sea ice thickness by
assuming that the ice floes are floating in hydrostatic equi-
librium (Laxon et al., 2003) (Fig. 12). This means that sea
ice thickness can be calculated using:

hi ¼
f cqw þ hsqs

qw " qi
ð14Þ

Fig. 9. Sea level anomaly (SLA) profile from CryoSat-2. The profile is from a Hudson Bay track in July 2011. Red stars show the SLA computed using the
diffuse echo retracker over open ocean. Blue stars show the SLA computed using the specular echo retracker at leads. The dashed blue line shows the
interpolated SLA between leads, which is constructed using a straight line fit to all lead measurements. SLAs measured with the diffuse echo retracker are
positively biased with respect to those measured with the specular echo retracker, with a mean value of 16.26 cm.

Fig. 10. A normalised histogram of CryoSat-2 sea level anomaly (SLA)
estimates, for all lead measurements from November 2010–April 2017. We
reject SLA values outside the range ±3.0 m (red dashed lines).
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} 16.26 cm

Figure 3.12: The retracker bias is estimated from this transect, taken from a pass across
the Hudson Bay in July 2011. Thin ice floes (shown in blue) and ocean measurements (in
red) are retracked using the Giles et al. (2007) and 70% threshold retrackers respectively.
Since there is expected to be negligible elevation between the ocean and very thin ice, the
16.26 cm offset found by linear regression across the transect is the result of a retracking bias,
which is removed from all floe elevation estimates before freeboard calculation. Adapted
from (Tilling et al., 2018).

3.2.4 Retracker bias

Because the 70% threshold retracking for floes is a rounded estimate, there exists a

fixed offset between lead and floe elevations by this methodology. This offset can

be visualised and quantified by considering a region of very thin ice floating in the

surrounding ocean, where the elevations of leads and floes are expected to be very

similar. The Hudson Bay in Canada typically demonstrates these characteristics

during the summer. Applying the processor to this region at this time of year,

waveforms that are classified as diffuse by the Pulse Peakiness criterion are expected

to originate from the ocean, since there is no rough or snow-covered ice present. In

contrast to this, specular waveforms are assumed to originate from very thin, smooth

ice, with melt ponds on its surface (sea ice in Hudson Bay typically disappears around

July/August, Andrews et al. (2018)). The 70% threshold and Giles retrackers are

therefore applied to open ocean and sea ice respectively. Tilling et al. (2018) quantify

the retracker bias from one section of a satellite pass across the Hudson Bay in July

2011, shown in Figure 3.12. By linear regression they retrieve a value of 16.26 cm,

which is removed from all floe elevations before calculating radar freeboard.
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3.2.5 Calculation of sea ice freeboard

Radar freeboard for every along-track floe is found by subtracting the iSLA from the

floe elevation. It is assumed for CS2 that the Ku-band radar pulse fully propagates

the snow layer to reach the snow-ice interface, therefore in order to convert radar

freeboard to sea ice freeboard, a correction must be made to account for the radar

pulse’s propagation through the snow layer. Sea ice freeboard, fi, is given by the

equation:

fi = fr + hs

(
c

cs
− 1

)
, (3.6)

where fr is the radar freeboard, hs is snow depth, c is the speed of light in a vacuum

and cs is the speed of light in snow. In the CPOM sea ice processor, a fixed refractive

index is assumed for snow, given by cs/c = 0.781 after Kwok et al. (2007).

3.2.6 Calculation of sea ice thickness

The conversion from sea ice freeboard to thickness is based on the assumption that

floes float in hydrostatic equilibrium with the surrounding ocean (Laxon et al., 2003).

By balancing buoyancy forces, sea ice thickness, hi, is derived from:

hi =
fiρw
ρw − ρi

+
hsρs
ρw − ρi

, (3.7)

where ρw, ρi and ρs are the densities of sea water, ice and snow respectively. A fixed

sea water density 1023.9 kg/m3 is used in the CPOM processor, and ice densities

of 916.7 kg/m3 and 882.0 kg/m3 are assumed for FYI and MYI respectively. The

reduced density of MYI compared with FYI is attributed to its porous nature

(Grenfell & Maykut, 1977).

Snow depth and density data are derived from the Warren climatology (Warren

et al., 1999). The data set comprises of measurements collected at drifting Soviet

stations across the central Arctic6 between 1954 and 1991. Figure 3.13 shows the

paths of the drifting stations over the 37 year period.

To spatially extrapolate snow depth and density across the Arctic basin, a two-

dimensional quadratic function is fitted to data gathered in each calendar month.

These 2D fits, shown for the months October and March in Figure 3.14 (top row), are

only constrained within the central Arctic (perimetered by the white line in Figure

3.14), therefore the interpolation performs badly outside this region and is not used.

6The central Arctic is defined as the area bounded by, from West to East, the Canadian
Archipelago, the Fram Strait, the Barents Sea and the Bering strait (Tilling et al., 2018).
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FIG. 1. Paths of NP drifting stations NP-3 through NP-31. Lower frame shows years of
operation of each drifting station.

causes it to be a poor conductor of heat (Sturm et al.
1997, 1998) and also causes solar photons to undergo
numerous scattering events so that penetration of light
is impeded, resulting in a high albedo (Grenfell and
Maykut 1977). The insulating effect of snow reduces
the rate at which seawater freezes to the bottom of the
ice, whereas the high albedo of snow reduces the rate
of ice melting at the top in summer; the resulting de-
pendence of ice thickness and salinity profiles on the
snow thickness is therefore complex (Maykut and Un-
tersteiner 1971; Ledley 1991). When the snow melts, it
becomes an input of freshwater that affects the salinity
and density structure of the ocean. For all these reasons,
a climatology of snow accumulation, including its geo-
graphical, seasonal, and interannual variations, is need-
ed for climatic analyses and climate modeling.
Many manned stations have been established on the

drifting multiyear ice of the central Arctic to carry out
oceanographic and atmospheric measurements. The
largest program, by far, was the series of 31 ‘‘North

Pole’’ (NP) drifting stations operated by the Soviet
Union, begun in 1937 and providing continuous cov-
erage from 1954 to 1991. This paper presents an analysis
of the snow depth measurements at those stations. We
also compare the results to the earlier climatologies that
were limited in space and time: a seasonal cycle for 1
yr at U.S. Drifting Station A (Untersteiner 1961) and
an analysis of the first nine NP stations (Loshchilov
1964).

2. Method of analysis

a. Data available

Figure 1 shows the tracks of the NP drifting stations
3–31 during the years 1954–91. The data collected at
these stations are limited to the region of multiyear ice.
Beginning in 1954 there was always at least one op-
erating station, usually two, and occasionally three, at
any one time (lower panel of Fig. 1). Most of the stations

Figure 3.13: Paths of the 31 Soviet drifting stations. Lower frame shows year of operation
of each station. Taken from Warren et al. (1999).

The in-situ data that forms the climatology was collected over multi-year ice

which at the time of survey spanned an area of some 7× 106 km2 (Warren et al.,

1999). In order to address the change to a more seasonal ice regime, mean values of

the climatology are halved over first-year ice regions to accommodate for the lesser

snow accumulation they experience (Kurtz & Farrell, 2011). The bottom row of

Figure 3.14 shows the snow depths applied in the sea ice thickness processing for the

1st October 2017 and 15th March 2018. Note that although the Warren climatology

is interpolated monthly, daily snow depths vary because they follow the FYI/MYI

margins which are provided by OSI-SAF at daily resolution. The snow depth value

applied over multi-year ice is calculated as the average of the 2D-interpolation for the

month (top row), within the central Arctic perimeter. This value is then halved for

application to first-year ice. Density from the Warren climatology is treated similarly;

a fixed density for each month is found by averaging the spatially interpolated

densities within the central Arctic, applied over both ice types.
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Figure 3.14: Top row: 2D-interpolated snow depths from the Warren climatology (Warren
et al., 1999) for November and January. Bottom row: Snow depths applied in the CPOM
processing chain. The value for MYI is calculated by averaging the 2D-fit within the central
Arctic (white perimeter, top row). This value is then halved over FYI. Since ice-type masks
change daily, snow depth by this method also changes daily, though the absolute values of
snow depth over FYI and MYI are fixed within each calendar month.

3.2.7 Uncertainties

Uncertainties on sea ice thickness estimated by this method take three major forms:

1. Random speckle noise on the data, a product of interference between echoes

from elemental scatterers within the footprint as a result of their random phases

(Wingham et al., 2006). As previously mentioned, multi-looking dampens this

effect. However, Wingham et al. (2006) estimate that the range uncertainty

owing to speckle noise for a single-shot, i.e. one stacked measurement, is

still ∼10 cm. Since radar speckle is random, range uncertainty is uncorrelated

between measurements and therefore reduces by 1√
N

when data is grid-averaged,

where N is the number of individual measurements per grid cell. This is

discussed further in Chapter 4.

2. Uncertainties arising from the conversion of waveforms to radar freeboard. This

includes errors attributed to the use of empirical retrackers and the accuracy
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of the retracker bias, and uncertainties on the interpolated sea-level anomaly

(iSLA). Since the iSLA uncertainty is correlated along-track, it does not reduce

by 1√
N

as does the speckle noise. An estimate of the uncertainty on gridded

radar freeboard by considering number of tracks per grid cell is developed in

Chapters 4 and 5.

3. Errors in the conversion from radar freeboard to sea ice freeboard and thickness.

As discussed, this conversion requires a-priori knowledge of the depth and

density of the snow atop the sea ice, as well as an understanding of where

the main scattering horizon lies. Giles et al. (2007) found that among these

requirements, snow depth was the dominant source of uncertainty on sea ice

thickness. The development of a novel snow depth product from observations

is the subject of the next chapter.

3.3 Thesis aims

In this thesis, the co-existence of high-latitude satellite altimetry missions is exploited

to make novel observations of Arctic sea ice and its snow cover. The specific results

to be presented are as follows:

• In Chapter 4, the lack of contemporary Arctic-wide snow depth estimates is

addressed using dual-frequency satellite altimetry. Armitage & Ridout (2015)

showed that radar freeboard derived from AltiKa, a Ka-band radar altimeter,

was consistently larger than radar freeboard estimated from CryoSat-2 for the

2013-14 winter. This finding was attributed to the lesser snow penetration of Ka-

band radar compared with Ku-band, in line with the inverse linear dependence

of snow penetration on microwave frequency (Ulaby et al., 1984). The authors

used radar freeboard derived from NASA’s Operation IceBridge campaign

to quantify snow penetration at Ka and Ku-band frequencies. Building on

this work, radar freeboard from AltiKa and CryoSat-2 will be calibrated to

the snow surface and ice/snow interfaces respectively, allowing snow depth

to the estimated by taking the difference between the two. The methodology

will also be applied to freeboards from the Ku-band altimeter aboard Envisat

(2002-2012), and ICESat, a laser altimeter that operated periodically between

2003 and 2009.

• In Chapter 5, radar freeboard and sea-level anomaly from the Sentinel-3A

satellite - which launched in February 2016 - will be estimated for the first

time and compared to those from CryoSat-2. Consistency between results from

the two missions will ensure that the sea ice thickness and sea-level (in the

ice-covered ocean) record from radar altimetry is continued by Sentinel-3A
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beyond the mission duration of CryoSat-2. Processing techniques developed

for Sentinel-3A are expected to apply to its twin, Sentinel-3B, which launched

in April 2018. Combining measurements from CryoSat-2, Sentinel-3A and -3B

into a single dataset will generate the opportunity for Arctic-wide observations

at shorter time-scales or finer spatial resolution than is possible using any of

the instruments alone. The increase in spatial and temporal resolution afforded

by merging data from the three satellites will be evaluated using predicted

ground track files ahead of the availability of data from Sentinel-3B.

• In Chapter 6, data from Sentinel-3A, -3B and CryoSat-2 will be merged

into a single dataset of radar freeboard for the winter of 2018-19. It will be

demonstrated that this dataset fully maps the Arctic basin in less than ten

days, allowing synoptic time-scale variability of radar freeboard to be resolved.

An independent dataset of daily snowfall from atmospheric reanalysis will be

utilised to reveal whether short-term variability in radar freeboard can be

attributed to synoptic time-scale meteorological events.
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Chapter 4

Dual-altimeter snow thickness

The following chapter is adapted from the article “Estimating snow depth over

Arctic sea ice from calibrated dual-frequency radar freeboards”, Lawrence, I. R.,

Tsamados, M. C., Stroeve, J. C., Armitage, T. W., & Ridout, A. L. (2018), The

Cryosphere, 12(11)”. An approach for deriving snow depth from dual-frequency

altimetry is outlined that can be applied to any coincident freeboard measurements

after calibration with independent observations of snow and ice freeboard. Freeboard

estimates from CryoSat-2 (Ku band) and AltiKa (Ka band) are calibrated against

data from NASAs Operation IceBridge (OIB) to align AltiKa with the snow surface

and CryoSat-2 with the ice/snow interface. Snow depth is found as the difference

between the two calibrated freeboards, with a correction added for the slower speed

of light propagation through snow. An initial evaluation of the derived snow depth is

performed against OIB snow depth data by excluding successive years of OIB data

from the analysis. In the last part of this chapter, the applicability of the method to

ICESat and Envisat is demonstrated, offering promising potential for the application

of the method to CryoSat-2 and ICESat-2, which launched in September 2018.

4.1 Introduction

The addition of snow on sea ice, given its optical and thermal properties, generates

several effects on the climate of the polar regions. Owing to its large air content, snow

has a thermal conductivity ten times less than that of ice (Maykut & Untersteiner,

1971). During the winter freeze-up, it forms an insulating layer that reduces heat

flow from the ocean to the atmosphere and slows the rate at which seawater freezes

to the bottom of the ice, dampening further ice growth (Sturm et al., 2002).

Snow has an optical albedo in the range of 0.7-0.85, compared to 0.6-0.65 for

melting white ice (Grenfell & Maykut, 1977). At the onset of the melt season,
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short-wave solar radiation is reflected from the surface, limiting ice melt. These

properties make snow on sea ice important in energy budget considerations and the

inclusion of accurate Arctic snow depth estimates would improve current weather

and sea ice forecasting (Stroeve et al., 2018).

As well as its climatic importance, snow depth plays a key role in the retrieval

of sea ice thickness from satellite altimetry. Over the past two decades both radar

(e.g. ERS-2, Envisat, CryoSat-2) and laser (e.g. ICESat) altimeters have enabled

sea ice thickness to be retrieved from space, first by measuring the sea ice freeboard

(the portion of the ice floe above the water), and then converting this to thickness

by assuming that the floe is in hydrostatic equilibrium with the surrounding ocean

(Laxon et al., 2003; Giles et al., 2008; Laxon et al., 2013; Kwok & Cunningham,

2008). For both the radar and laser case, snow depth is one of the dominant sources

of sea ice thickness uncertainty (Giles et al., 2007; Ricker et al., 2014; Tilling et al.,

2018; Zygmuntowska et al., 2014).

In-situ measurements of snow depth and density for the 37-year span from 1954-

1991 provided the first comprehensive Arctic snow climatology. The data set, compiled

and published by Warren et al. (1999) comprises of measurements gathered at Soviet

drifting stations across the central Arctic. Stations were located over multi-year ice,

which at the time of data collection spanned an area of some 7× 106 km2. Recent

studies have demonstrated that the Arctic is undergoing a transition from multi-year

to first-year ice (Comiso, 2012) and the inaccuracy of the Warren climatology over

seasonal ice has been emphasised in the literature (Kurtz & Farrell, 2011; Kurtz

et al., 2013; Webster et al., 2014; Kern et al., 2015).

Despite only representing historical conditions, the Warren climatology remains

the choice source of Arctic-wide snow depth estimates used in the processing of

contemporary sea ice thickness, i.e. from CryoSat-2 (hereafter CS-2, a Ku-band radar

satellite altimeter operational since 2010). In order to address the change to a more

seasonal ice regime, Warren snow depths are halved over first-year ice regions to

accommodate the lesser accumulation they experience (Ricker et al., 2014; Guerreiro

et al., 2017; Tilling et al., 2018; Kurtz et al., 2014). Although this modification

generates temporal and spatial variability of snow depths due to the changing multi-

year ice fraction, trends in precipitation and accumulation are not accounted for,

rendering time series analyses of snow depths impossible by this method.

Only satellite-derived snow depth estimates can offer the spatio-temporal res-

olution required for time series analysis and accurate monthly sea ice thickness

derivation, but retrieving snow depth from space has proven challenging and is

an ongoing effort for the sea ice community. Existing methods have historically

relied on using relationships between passive microwave brightness temperatures and

snow thickness. Using data over Antarctic sea ice from the Defense Meteorological

Satellite Program (DMSP) special sensor microwave/imager (SSM/I), Markus &
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Cavalieri (1998) compared the spectral gradient ratio of the 19 and 37 GHz vertical

polarization channels with in-situ snow depth data in order to express snow depth

as a function of brightness temperature. The algorithm was later developed for

application to Arctic sea ice using data from the Advanced Microwave Scanning

Radiometer-EOS (AMSR-E), but due to the inability to distinguish signatures from

snow and multi-year ice, the available AMSR-E data product is limited to seasonal

ice only (Comiso et al., 2003; Markus & Cavalieri, 2012). Furthermore, subsequent

studies have demonstrated the sensitivity of the retrieved snow depth to snowpack

conditions and surface roughness (Stroeve et al., 2005; Powell et al., 2006).

Maaß et al. (2013) utilised a frequency of 1.4 GHz (L-band), measured by the

European Space Agency’s Soil Moisture and Ocean Salinity (SMOS) satellite to

retrieve snow depth. Although snow is transparent to L-band frequencies, i.e. the

large wavelengths are not attenuated by the snow, their model-based study found

brightness temperatures from the ice increased at L-band frequencies when a snow

layer was present due to its insulating properties and the dependence of ice emissivity

on temperature.

Using a radiative transfer model, they tested the impact of 0−70 cm varying snow

thickness on L-band brightness temperatures for a number of scenarios (in which ice

temperature, thickness, salinity, and snow density varied within a realistic range).

The snow depth which produced a brightness temperature most comparable (smallest

root mean square deviation and best correlation coefficient) to SMOS brightness

temperature was then compared with snow thickness from Operation IceBridge in

order to asses which scenario performed best. Snow depths produced by this scenario

correlated well (root-mean-square deviation = 5.5 cm) up to model-generated depths

of 35 cm, but overestimated snow depth thereafter, owing to the desensitisation

of brightness temperatures when snow depth increases above 35 cm. Furthermore,

this approach requires that the values for the input parameters (ice temperature,

thickness, salinity, and snow density) are assumed valid everywhere. In reality, these

parameters vary in space and time and the authors express the need to develop

the methodology further to allow regional and temporal variability of model input

parameters. To date, no SMOS snow depth product has been made publicly available.

A recent approach to snow depth retrieval from satellites was offered by Guerreiro

et al. (2016), who demonstrated the potential to estimate snow thickness by comparing

retrievals from coincident satellite radar altimeters operating at different frequencies.

Snow depth over Arctic sea ice (up to 81.5◦ North) was retrieved by differencing

elevation retrievals from AltiKa (Ka-band radar satellite altimeter, 2013-present)

and CS-2. To investigate the penetration properties of the two radar altimeters,

the authors simulated penetration depth as a function of snow grain size, under

different temperature and density conditions, derived from the equation for the

extinction coefficient of the radar signal. Based on these model simulations the
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authors suggested that the Ka-band signal stops within the first few centimetres of

the snow and that the Ku-band signal can be reflected before the snow-ice interface

in case of large snow grains. In the following analysis to retrieve snow depth however,

this grain-size dependence of signal penetration is essentially neglected and it is

assumed that AltiKa does not penetrate the snow at all whilst CS-2 penetrates it

fully, allowing snow depth to be calculated simply as the difference between the two.

A previous study by Armitage & Ridout (2015) also compared retrievals from

AltiKa and CS-2; they found a basin-mean freeboard difference of 4.4 cm in October

2013 increasing to 6.9 cm in March 2014, with AltiKa consistently higher across

the basin and season. By comparing the freeboards retrieved from each satellite

with ice freeboard from NASA’s Operation IceBridge (OIB), radar penetration at a

local grid-scale level was quantified. Under the assumption that multi-year ice and

first-year ice characterise snow and ice packs with distinctive penetrative properties,

an average value for radar penetration factor was found for each satellite over each ice

type. Though limited to the spring due to the availability of OIB data and therefore

not necessarily representative of penetration properties throughout the year, the

study highlights the importance of accounting for regional differences in penetration

depth.

Guerreiro et al. (2017) compared freeboards from Envisat, a Ku-band pulse-

limited altimeter, with those from the CS-2 SAR system. Since both altimeters

operate at the same frequency, they are expected to penetrate to the same depth and

therefore retrieve comparable freeboards. The study found Envisat was biased low

compared with CS-2, attributed to differences in footprint size (0.3×1.7 km for CS-2

vs. 2−10 km diameter for Envisat) and the effect of using an empirical retracker

on Envisat’s pulse-limited waveforms (discussed in Sect. 4.2.3). Schwegmann et al.

(2016) performed a similar Envisat / CS-2 freeboard comparison over Antarctic sea

ice and also found a bias on Envisat’s freeboard attributed to its larger footprint.

These results suggest that the freeboard difference between AltiKa and CS-2 found

in Armitage & Ridout (2015) may not have been solely the result of a difference in

physical snow penetration, but due also to differences in sampling area and processing

technique. AltiKa has a smaller pulse-limited footprint than that of Envisat (1.4 km

compared with 2−10 km); nevertheless one would expect the impact of its different

footprint with respect to CS-2 to introduce a bias like that seen in the Envisat data.

This is discussed fully in Section 4.2.3.

Based on studies of snow penetration depth as a function of microwave wavelength

(Ulaby et al., 1984), CS2’s Ku-band pulse is expected to penetrate further into the

snow pack than AltiKa’s Ka-band, but unlike previous studies (Guerreiro et al.,

2016; Armitage & Ridout, 2015) we do not try to quantify this penetration depth.

Based on the results of Guerreiro et al. (2017); Schwegmann et al. (2016) and Kurtz

et al. (2014), it is assumed that the effects of snow penetration and biases due to
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sampling area cannot be separated; instead both are corrected for simultaneously

by calibrating satellite freeboards with independent freeboard data. Snow depth

and laser freeboard data from OIB is utilised to asses the deviation of AltiKa and

CS-2 satellite freeboards from the snow surface and snow/ice interface respectively.

This deviation is assumed to result from the combination of competing effects; snow

penetration, biases due to sampling area and surface roughness, and the effect of the

threshold retracker on the satellite waveforms. Like Guerreiro et al. (2017), satellite

Pulse Peakiness (PP) is used as a characterisation of the surface and each satellite’s

deviation from its expected dominant scattering horizon (∆f) is compared against

PP. Using the relationships between ∆f and PP, both AltiKa and CS-2 freeboards

are then calibrated to bring them in line with the snow surface and snow/ice interface

respectively. Finally, Dual-altimeter Snow Thickness (DuST) is estimated as the

difference between the calibrated AltiKa and CS-2 freeboards.

In the next section the data sets used in this study are outlined and the reasons

why the properties of the area sampled by the satellite footprint can create a bias

on freeboard, which is inseparable from the physical snow penetration of the signal,

are discussed. In Sections 4.2.5 and 4.2.6 AltiKa and CS-2 freeboards are calibrated

and then the results of this calibration applied to the 2015-16 growth season are

presented. Retrieved snow depth estimates are discussed with reference to large-scale

weather phenomena in Section 4.3.1. An analysis of the uncertainty on the gridded

DuST product is provided and results are compared with OIB snow depth data

not included in the calibration in Section 4.3.2. Finally in Section 4.3.4, the DuST

methodology is applied to freeboards from the ICESat and Envisat satellites.

4.2 Data and methods

4.2.1 AltiKa

The Satellite for Argos and AltiKa (herein referred to as AltiKa), was launched in

spring 2013 as a joint mission between the Centre National d’Etudes Spatiales (CNES)

and the Indian Space Research Organisation (ISRO). AltiKa’s pulse-limited Ka-band

radar altimeter, which operates at a central frequency of 35.75 GHz, retrieves surface

elevations up to 81.5◦ latitude. Armitage & Ridout (2015) used a ‘Gaussian plus

exponential’ retracker to retrieve lead elevations (after Giles et al. (2007)) and a 50%

threshold retracker over floes. AltiKa freeboard data used in this study are derived

using the same processing algorithm and the reader is referred to the supplementary

material in Armitage & Ridout (2015) for further details.
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Period of
operation

Operating
frequency

Footprint size
Footprint
area

Sampling
interval

Latitude
limit

AltiKa
Feb 2013−
present

35.75 GHz
(Ka-band radar)

1.4 km diameter
(pulse-limited)

1.5 km2 0.17 km 81.5◦

CryoSat-2
SAR

April 2010−
present

13.57 GHz
(Ku-band radar)

0.3/1.7 km along/across
track (Doppler cell)

0.5 km2 0.3 km 88◦

Table 4.1: AltiKa and CS-2 (SAR mode) operation characteristics.

4.2.2 CryoSat-2

CS-2 was launched by the European Space Agency in 2010, tasked with the specific

role of monitoring the Earth’s cryosphere. The satellite has an orbital inclination of

88◦, giving it far better coverage over the poles than previous radar altimeters, and,

unlike AltiKa, CS-2 employs along-track SAR processing to achieve an along-track

resolution of approximately 300 m, improving the sampling of smaller floes and

making it less susceptible to snagging from off-nadir leads (Wingham et al., 2006).

As with AltiKa, lead elevations are retrieved using the ‘Gaussian plus exponential’

model fit and for floes a 70% threshold retracker was determined as offering the

best average elevation from CS-2’s unique SAR waveforms (Wingham et al., 2006).

The CS-2 freeboard data used in this study were processed by the Centre for Polar

Observation and Modelling (CPOM) and readers are referred to Tilling et al. (2018)

for further details on the method.

4.2.3 Sources of AltiKa / CryoSat-2 freeboard bias

AltiKa / CS-2 freeboard bias is defined as the portion of the AltiKa minus CS-2

freeboard difference that does not originate from the difference in snow penetration

of the two radars. In line with radar theory (Rapley et al., 1983) and in light of

recent findings by Guerreiro et al. (2017), such a bias is expected to be the result

of the difference in footprint sizes between the two altimeters and the consequences

of this during freeboard processing. The differences between AltiKa and CS-2 of

interest to this study are summarised in Table 4.1.

In an initial stage of AltiKa and CS-2 freeboard processing, waveforms are

classified as either lead or floe according to thresholds for Pulse Peakiness (hereafter

PP), defined as:

PP = N
pmax
Σi pi

where N is the number of range bins above the ‘noise floor’ (calculated as the

mean power in range bins 10-20), pmax is the maximum waveform power (the ‘highest

peak’), and Σi pi is the sum of the power in all range bins above the noise floor

(Peacock & Laxon, 2004). It should also be noted that further waveform parameters

are used to identify lead and floes; Stack Standard Deviation (SSD) for CS-2 (Tilling
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et al., 2018) and backscatter coefficient σ0 for AltiKa (Armitage & Ridout, 2015).

Since PP is the criterion shared by both it is the focus of the discussion here.

Waveforms originating from smooth, specular leads demonstrate a rapid rise in

power followed by a sharp drop off, giving them a high PP. Returns from floes typically

demonstrate a more gradual rise in power and slower drop-off, equivalent to a lower

PP. PP can therefore be used to distinguish floe and lead returns, and eliminate

those not clearly identifiable as one or the other. For AltiKa(CS-2), waveforms with

PP less than 5(9) are designated as originating from ice floes. Waveforms with PP

greater than 18 are classified as leads for both satellites (Armitage & Ridout, 2015;

Tilling et al., 2018).

Waveforms that exhibit a mixture of scattering behaviour will have a PP in the

‘ambiguous’ range (5<PP<18 for AltiKa and 9<PP<18 for CS-2) and are discarded.

Since AltiKa has a larger footprint, its waveforms are more likely to be ambiguous

and therefore discarded than CS-2, which can resolve smaller floes within the same

region. The result of this is a bias in AltiKa towards higher freeboards (only larger

floes, which tend to be thicker, are captured), especially over seasonal, lead-dense

areas.

The impact of surface roughness on pulse-limited altimetry is well documented

(e.g. Rapley et al., 1983; Raney, 1995; Chelton et al., 2001). Generally, a rougher

surface leads to dilation of the footprint and a widening of the leading edge of

the waveform return. For a homogeneously rough surface with a Gaussian surface

elevation distribution, the 50% power threshold represents the mean surface elevation

within the pulse-limited footprint. However, for a heterogeneously rough surface,

such as that of multi-year sea ice, the waveform leading edge can take a complex

shape where the half-power point does not necessarily represent the average elevation

within the footprint and using a 50% threshold retracker might lead to a biased

surface height retrieval (Rapley et al., 1983; Raney, 1995; Chelton et al., 2001).

Despite its along-track Doppler processing and effective sharpening of the waveform

response, CS-2 may also be susceptible to an elevation bias due to surface roughness.

This was demonstrated by Kurtz et al. (2014) who advocate the use of a physical

model retracker in order to better resolve CS-2 surface elevation.

AltiKa is also more sensitive than CS-2 to off-nadir ranging to leads due to its

larger footprint. This occurs when an off-nadir lead dominates the waveform response,

resulting in an overestimate of the range to the lead, an underestimate of sea surface

height, and a positive bias on the local floe freeboard (Armitage & Davidson, 2014).

To minimise this effect, lead waveforms for AltiKa are discarded if their backscatter

per unit area, σ0, is less than 24 dB, under the assumption that off-nadir leads return

less power to the antenna compared with those at nadir (Armitage & Ridout, 2015).

However, it is unlikely that this criterion eradicates the problem altogether and the

freeboard bias due to snagging is expected to be larger in the AltiKa data compared
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to CS-2.

To overcome the CS-2/AltiKa freeboard bias, Guerreiro et al. (2016) employed

degraded SAR mode CS-2 data in their comparison, where the synthetic Doppler

beams are not aligned in time and are summed incoherently to obtain a pseudo-pulse-

limited echo. Since this offers a footprint and waveform more closely resembling that

of AltiKa, it was assumed that observed elevation differences between AltiKa and

degraded CS-2 were the result of differences in snow penetration only.

Rather than separating the contributions of freeboard difference in this way,

an approach is here introduced that calibrates AltiKa freeboard to align it to the

snow surface and CS-2 to the ice/snow interface (it is assumed in general that CS-2

penetrates further than AltiKa due to its longer wavelength (Ulaby et al., 1984)).

As such, penetration properties and sources of freeboard bias are corrected in one

step without needing to consider the contribution of each.

While the comparisons of Guerreiro et al. (2016) derived snow depths with those

from OIB are encouraging, the assumption of zero penetration for AltiKa and full

penetration for CS-2 introduces limitations, and is counter to observational results

(Giles & Hvidegaard, 2006; Willatt et al., 2011; Armitage & Ridout, 2015; Nandan

et al., 2017b) - and indeed their own model simulations - in support of a spatially

and temporally variable penetration depth as a function of snow characteristics.

Here a methodology is offered that both accounts for variable AltiKa and CS-2

snow penetration and is simple; freeboard data can be utilised as they are, without

reprocessing. This is in contrast to the method of Guerreiro et al. (2016) which relies

on the ability to process one of the satellite data sets to achieve comparable footprints

and thus alleviate the biases due to difference in sampling areas. It is fortunate that

CS-2 pseudo-LRM has a similar footprint to AltiKa (1.7 km diameter and 1.4 km

diameter respectively), but how for example could the methodology be applied to

CS-2 and ICESat-2 in order to retrieve contemporary snow depth estimates once

AltiKa ceases functionality? Although herein the methodology is applied to the

AltiKa and CS-2 satellites, the intention of this study is to outline an approach that

can be applied more broadly. Given the recent launch of ICESat-2 and the unique

opportunity that its coincidence with CS-2 provides, the method is applied to the

Envisat (same operating frequency as CS-2) and ICESat satellites.

4.2.4 Operation IceBridge

In order to evaluate the deviation of each satellite’s retrieved elevation from its

“expected” dominant scattering horizon (the snow surface for AltiKa and the snow/ice

interface for CS-2), laser freeboard and snow depth from NASA’s 2013-2016 OIB

spring campaigns are used. It is important to note that a variety of research groups

process OIB Snow Radar data in different ways and the results vary significantly
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(for the 2013-2015 period, campaign-average snow depths differ by up to 7 cm over

first-year ice and 12 cm over multi-year ice (Kwok et al., 2017)). Evidently the lack

of singular, robust independent data set presents a limitation to this methodology

since the aim is to calibrate to the “true” snow and ice freeboards. In an attempt

to offer the best Dual-altimeter Snow Thickness product possible, OIB snow depths

processed by the NASA Jet Propulsion Laboratory (JPL) are employed, as these

demonstrated best agreement with ERA-Interim atmospheric reanalysis data and

the Warren climatology for the 2013-2015 period (Kwok et al., 2017). This limitation

is further discussed in Section 4.3.2.

This methodology requires a comparison of CS-2 radar freeboard with OIB radar

freeboard. To calculate this snow freeboard is used, retrieved using OIB’s ATM

laser altimeter, from which snow depth can be subtracted. At time of writing, ATM

freeboard data are only available from the National Snow and Ice Data Centre

(NSIDC), and for the 2014 to 2016 period these exist solely in Quick Look format:

a first-release, expedited version, which demonstrates reduced accuracy compared

with the final release products (Kurtz, 2014). In the interest of consistency the ATM

laser freeboard Quick Look product for 2013 is also used.

Sea ice freeboard, fi, is calculated by subtracting OIB JPL snow depth hs from

OIB Quick Look laser freeboard fl. Ice freeboard is then converted to radar freeboard

fr by:

fr = fi − hs
( c
cs
− 1
)
. (4.1)

The OIB radar freeboard represents the freeboard that would be retrieved by a

satellite altimeter whose pulse penetrated through to the ice/snow interface (Armitage

& Ridout, 2015). A value of c/cs = 1.28 is chosen after Kwok (2014). In the following

discussion, AltiKa and CS-2 freeboard refers to the radar freeboard, that is the

freeboard retrieved by the satellite before the correction for light propagation through

the snow pack is applied.

4.2.5 AltiKa calibration with Operation IceBridge

For each day of the three spring campaigns 2013-2015, OIB laser freeboard data are

averaged onto a 2◦ longitude x 0.5◦ latitude grid. Grid cells containing less than 50

individual points are discarded to remove speckle noise. Along-track AltiKa freeboard

and PP data for the ±10 days surrounding the campaign day are then averaged onto

the same grid and grid cells with less than 50 points are similarly discarded. This

grid and time window were chosen because they produced the maximum number of

grid cells where a grid cell must contain at least 50 airborne and satellite points.

Satellite freeboard and PP grids are then interpolated at the average position

of the OIB data within each valid OIB grid cell. Further, high resolution (10 km
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Figure 4.1: ∆fAK , defined as OIB laser freeboard minus AltiKa radar freeboard, plotted
against AltiKa Pulse Peakiness, for the OIB spring campaigns of 2013 (red), 2014 (blue) and
2015 (grey). Multi-year and first-year ice are plotted with stars and squares respectively,
the horizontal grey dashed line marks zero. The combined (all years) linear regression fit
(CLRF), shown by the black line, has slope of −0.16 and intercept of 0.76. The shaded area
around the CLRF shows the 68% prediction interval, corresponding to a standard error (SE)
on ∆fAK of 9.4 cm.

gridded) ice type data from the Ocean and Sea Ice Satellite Application Facilities

(OSI SAF, http://osisaf.met.no) are interpolated at the same point to determine

whether multi-year or seasonal ice is being sampled. ∆fAK , defined as ATM laser

freeboard minus AltiKa freeboard, plotted against AltiKa PP is shown in Figure 4.1.

Data from 2013, 2014 and 2015 and their corresponding linear regression fits are

plotted in red, blue and grey respectively to demonstrate year to year consistency.

Multi-year and first-year ice are distinguished by star and square markers in order to

illustrate the variation of PP, and thus roughness, with ice type.

The combined (all years) linear regression fit (CLRF) is shown by the black

line and has slope of −0.16 and intercept of 0.76. The shaded area shows the 68%

prediction interval about the CLRF, corresponding to a standard error (SE) on ∆fAK

of 9.4 cm. The CLRF is greater than zero for most PPs, implying that the freeboard

needs to be increased to align with the snow/air interface, though moreso (∼0.2 m)

for low peakiness values (rougher ice) than for high peakiness values (smoother ice),

where the correction approaches zero. This suggests that freeboard over rough ice is

biased low, which could be attributed to difficulty in identifying the average footprint

surface elevation as outlined in Section 4.2.3. It could also suggest that AltiKa

exhibits greater snow penetration over rough ice than seasonal ice, in support of the

assumption that i) rough, multi-year ice has a thicker snow cover and ii) seasonal ice

is likely subject to brine wicking which prevents radar propagation through the snow
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Figure 4.2: ∆fCS , defined as OIB theoretical radar freeboard minus CS-2 radar freeboard,
plotted against CS-2 Pulse Peakiness, for the OIB spring campaigns of 2013 (red), 2014 (blue)
and 2015 (grey). Multi-year and first-year ice are plotted with stars and squares respectively,
the horizontal grey dashed line marks zero. The combined (all years) linear regression fit
(CLRF), shown by the black line, has slope of 0.06 and intercept of −0.46. The shaded area
around the CLRF shows the 68% prediction interval, corresponding to a standard error (SE)
on ∆fCS of 8.4 cm.

(Nandan et al., 2017b). Ultimately the influence of individual sources of bias and

physical penetration cannot be separated and therefore these observations are purely

speculative.

4.2.6 CS-2 calibration with Operation IceBridge

The procedure for calibrating CS-2 with OIB is identical to that outlined above for

AltiKa, but here ∆fCS is defined as OIB radar freeboard (see Section 4.2.4) minus

CS-2 radar freeboard. For consistency and comparability with AltiKa, CS-2 data

above 81.5◦N are removed from the analysis. ∆fCS plotted against CS-2 PP is shown

in Figure 4.2. The CLRF, shown by the black line, has a slope of 0.06 and negative

intercept of −0.46. As before, the shaded area around the CLRF shows the 68%

prediction interval, and corresponds to a ±8.4 cm uncertainty (1 Standard Error) on

∆fCS .

For all of CS-2’s PP range the CLRF is negative. It is most negative at lower PP,

indicating that CS-2’s freeboard lies higher above the snow/ice interface over rough

ice. This is in agreement with rougher ice exhibiting a thicker snow cover and the

radar pulse therefore being limited from getting as near to the snow/ice interface

as where the snow is thinner. This deviation could also be the result of a failure

of the empirical retracker to retrieve accurate surface elevation over rough ice as

77



Figure 4.3: Monthly snow depths for the growth season November 2015 (top left) to April
2016 (bottom right), derived from AltiKa minus CS-2 calibrated freeboard. The multi-year ice
boundary for each month is shown by the dashed black line, adapted from the OSI SAF Quick
look sea ice type map for the 15th day of the month, available at http://www.osi-saf.org/.

demonstrated by Kurtz et al. (2014). As before, since the influence of individual

sources of bias and physical penetration cannot be separated, these suggestions are

speculative.

4.3 Results and Discussion

4.3.1 Case Study November 2015 to April 2016

To derive snow depth, along-track freeboard measurements for AltiKa and CS-2

are calibrated as a function of PP according to the combined linear regression fits

(CLRFs) derived in the previous section, and then averaged onto a 1.5◦ longitude by

0.5◦ latitude monthly grids. A finer grid resolution than for the calibration analysis

is afforded given the coverage of one month’s worth of data as compared to the

21 days (±10 days window) averaged previously. The calibrated CS-2 freeboard
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Figure 4.4: NSIDC November 2015 to April 2016 monthly mean sea ice drift vectors.
Adapted from images retrieved from https://daacdata.apps.nsidc.org/pub/DATASETS/
nsidc0116 icemotion vectors v3/browse/north/.

is subtracted from calibrated AltiKa freeboard, and multiplied by a factor cs/c

= 0.781 to convert to snow depth. Figure 4.3 summarises the retrieved monthly

Dual-altimeter snow thicknesses (DuST) from November 2015 to April 2016. The

delineation of multi-year and first-year ice is shown by the dashed black lines, adapted

from OSI SAF Quicklook daily sea ice type maps for the 15th day of each month,

available at http://www.osi-saf.org.

Spatial distribution of snow depth follows the expected pattern of a thin snow

cover over seasonal ice (up to 25 cm) and thicker snow over multi-year ice (30−40 cm)

(Warren et al., 1999), which in recent years is limited to regions north of the Canadian

Archipelago (CAA) and Greenland, and the Fram Strait. However, seasonal deposi-

tion of snow occurs between November and April, corresponding with the locations of

predominant cyclone tracks in winter (e.g. the Aluetian Low on the Pacific side, and

the North Atlantic Storm tracks). In particular, snow predominantly accumulates

within the Chukchi Sea, and within the Kara, Barents and East Greenland Seas. As

well as precipitation events, ice drift governs snow distribution through the advection

of snow-loaded sea ice parcels around the ocean. Therefore in order to understand the

seasonal evolution of the snow cover, snow depth maps are compared with monthly

sea ice motion vectors from the National Snow and Ice Data Centre (NSIDC, available

at https://daacdata.apps.nsidc.org), shown in Figure 4.4. Snow accumulation west

of Banks Island in the CAA is expected to be the result of westward transport of
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Figure 4.5: April 2016 minus November 2015 DuST.

multi-year ice by the Beaufort Gyre. Snow depths in the Kara Sea appear high given

the advection of ice out of this region throughout the season, however anomalous

precipitation events cannot be ruled out. Typically 20-40 extreme cyclones occur

each winter within the North Atlantic, but in recent years there has been a trend

towards increased frequency of cyclones, particularly near Svalbard (Rinke et al.,

2017). These cyclones, while they transport heat and moisture into the Arctic and

may impact the sea ice edge location (Boisvert et al., 2016; Ricker et al., 2017), can

also be associated with increased precipitation.

To understand where greatest accumulation of snow occurs over the season,

the difference between November 2015 and April 2016 snow depth is plotted in

Figure 4.5. Snow accumulation is highest in the Western Beaufort sea, in particular

adjacent to the coast of Canada. This is attributed the advection of snow-loaded

multi-year ice by the Beaufort Gyre, supported by the visible shift of the multi-year

ice boundary through the season (Figure 4.3). Accumulation also occurs in the

Fram Strait, which is expected to be the result of southward advection of multi-

year ice from the central Arctic Ocean in December and April, as well as snow

deposition from the North Atlantic Storm tracks. High accumulation in the southern

Chuckchi Sea could also be explained by strong advective currents pushing snow-

loaded ice into this area, particularly from November to January, as well as snow

precipitation from the Aleutian Low. Negative snow depth changes are generally

small, and are predominantly visible in the centre of the Beaufort and Laptev Seas.

In accordance with Figure 4.4 these negative accumulations are expected to be the

result of advection transporting snow-loaded ice parcels out of these regions and
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perhaps new ice formation.

One limitation of the AltiKa CS-2 DuST product is the data gap associated

with AltiKa’s upper latitudinal limit of 81.5◦ North. This region contains a large

proportion of the Arctic’s thick multi-year ice and thus observations of snow depth

could provide valuable insight as the icepack transitions from multi-year to first-year

ice. Furthermore, for a snow depth product to be useful for integration into sea

ice thickness retrievals as discussed in the introduction, one that extends to CS-2’s

latitude range is desirable. Application of the DuST methodology to the CS-2 and

ICESat-2 satellites would generate a snow depth product up to 88◦N/S. Alternatively,

dual-frequency operation from the same satellite platform would open the potential

for snow depth retrievals along the satellite track.

A secondary limitation of the methodology is the extent of the OIB campaigns;

since they only operate in the western Arctic Ocean, north of the CAA and in the

Lincoln and Beaufort Seas, no observations from the eastern Arctic go into the

calibrations. Thus, the calibration functions derived are unconstrained outside of this

area and we have less confidence in the snow depths in the eastern Arctic. Further,

the calibration relationships are only strictly valid in spring, when OIB operates, so

caution is warranted in using these products for seasonal variability of snow depth

analysis.

4.3.2 Uncertainty calculation

The uncertainty calculation performed in this section assumes that the OIB products

used in the analysis contain no systematic bias. Random noise is expected to be

minimised by grid averaging, but any systematic error would offset the calibration

linear regression fits and alter snow depth retrievals. As discussed in Section 4.2.4,

the recent study by Kwok et al. (2017) highlights the differences that exist between

OIB Snow Radar data processed using various existing algorithms. It is not within

the scope of this study to asses the sensitivity of the DuST product to the different

OIB Snow Radar input data, but remains the subject of future work. One purpose of

the Kwok et al. (2017) inter-comparison was to identify the strengths and weaknesses

of each processing technique in order to inform the design of an optimised algorithm

and generate an improved Snow Radar product. This methodology would benefit

from such an effort and it is suggested that for future applications of this methodology

- in particular to CS-2 and ICESat-2, the next-generation of OIB snow depths should

be investigated.

The equation for calculating snow depth, hs, by this methodology is:

hs = 0.781
(

(fAK + ∆fAK)− (fCS + ∆fCS)
)
, (4.2)
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where fAK and fCS are AltiKa and CS-2 freeboard and ∆fAK and ∆fCS are

the AltiKa and CS-2 freeboard corrections (see Sections 4.2.5 and 4.2.6). From

propagation of errors on Equation (4.2), the uncertainty on snow depth, σhs , is given

by:

σhs = 0.781
(
σ2
fAK

+ σ2
∆fAK

+ σ2
fCS

+ σ2
∆fCS

+

2σfAK∆fAK
− 2σfAKfCS

− 2σfAK∆fCS
− 2σ∆fAKfCS

− 2σ∆fAK∆fCS
+ 2σfCS∆fCS

) 1
2
,

(4.3)

where the first four terms are the errors on the four variables in Equation 4.2 and

the last six terms are the covariances between them. Values of σ∆fAK
= 9.4 cm and

σ∆fCS
= 8.4 cm are obtained from the 68% prediction intervals on the calibration

fits, represented by the shaded areas in Figures 4.1 and 4.2 respectively.

Since the DuST snow product is monthly-gridded it is monthly-gridded snow

depth uncertainty that is of interest here. Therefore σfAK
and σfCS

are the errors

on the monthly-gridded satellite freeboards to which the calibration corrections are

being applied. According to Tilling et al. (2018), the error on monthly-gridded CS-2

freeboard is dominated by the uncertainty on the interpolated sea-level anomaly

(SLA), calculated from the SLAs of waveforms identified as leads (see Section 4.2.3).

Lead SLAs within a 200 km along-track window centred on each floe measurement are

fit with a linear regression to estimate the SLA beneath the floe and thus calculate

the freeboard. As such, along-track floe measurements are not decorrelated at length

scales less than 200 km and the interpolated SLA uncertainty is not reduced from

grid-cell averaging of data from the same satellite pass. Since the interpolation is

performed along-track, separate satellite passes over each grid cell over the month

are decorrelated, and thus the error is minimised by 1/
√
N , where N is the number

of passes over a grid cell in one month. To calculate this error, one month (January

2016) of CS-2 and AltiKa data was reprocessed, recording for each floe freeboard

retrieval the 68% prediction interval on the linear regression fit across the 200 km

window. These errors, averaged on the 1.5◦ longitude by 0.5◦ latitude grid are shown

in Figure 4.6a. Since this error decorrelates from one satellite pass to the next, we

divide by the number of satellite passes in a month (Figure 4.6b) to retrieve the final

interpolated SLA uncertainty, shown in Figure 4.6c. Since this error dominates the

freeboard retrieval (Tilling et al., 2018), this approximates to the monthly uncertainty

on AltiKa and CS-2 freeboard, σfAK
and σfCS

.

The last six terms of Equation 4.3 are the covariances of the four variables. These

are calculated by gridding all AltiKa and CS-2 data from March 2013 to January 2018

and finding the correlation-covariance matrix. The value for each term is summarised

in Table 4.2. All terms are substituted into Equation 4.3 to find the uncertainty
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Figure 4.6: Satellite freeboard error calculation for January 2016 for AltiKa (left) and CS-2
(right). (a) Monthly gridded sea-level anomaly (SLA) error. (b) Number of tracks per (1.5◦

longitude × 0.5◦ latitude) grid cell per month. (c) SLA error divided by the square root of
the number of tracks, i.e. (a)/

√
(b) gives the reduced monthly error on freeboard. The black

circle on the CS-2 maps show the upper latitude limit of DuST (81.5◦ N).
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Covariance term σfAK∆fAK
σfAKfCS

σfAK∆fCS
σ∆fAKfCS

σ∆fAK∆fCS
σfCS∆fCS

Value 0.0013 0.0063 −0.0027 0.0010 −0.0010 −0.0027

Table 4.2: Covariances between terms for snow depth uncertainty calculation.

σhs on monthly gridded snow depth, shown for January 2016 in Figure 4.7. The

uncertainty is higher at lower latitudes where there are less satellite passes per grid

cell, and over the thick multi-year ice to the north of the CAA where fewer leads

available for the linear regression increase the uncertainty on the interpolated SLA,

particularly for CS-2 (see Figure 4.6a). As a conservative estimate the monthly

gridded snow depth product is assigned an average uncertainty of 8 cm for all months.

The main contribution to snow depth uncertainty is the prediction intervals

from the calibration functions (see Sections 4.2.5 and 4.2.6). This uncertainty could

be reduced with the addition of more data points, i.e. more seasons of coincident

satellite and OIB measurements. At time of writing OIB data for springs 2017 and

2018 have not been made publicly available.

4.3.3 Comparison with Operation IceBridge

Snow depth retrieved by this methodology is compared with OIB snow depths from

spring 2016 following the same procedure outlined in Sections 4.2.5 and 4.2.6. For

each day of the 2016 campaign, OIB snow depths are averaged onto the 2◦ longitude x

Figure 4.7: January 2016 snow depth uncertainty.
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Figure 4.8: Comparison of DuST and OIB snow depths for the 2013, 2014, 2015 and 2016
spring campaigns. Statistical results for all years are summarised in Table 4.3.

0.5◦ latitude grid and grid cells containing less than 50 individual points are discarded

to remove speckle noise, as before. Calibrated AltiKa and CS-2 freeboards for the

±10 days surrounding the campaign day are averaged onto the same grid and grid

cells with less than 50 AltiKa or CS-2 points are discarded. Gridded calibrated CS-2

freeboard is subtracted from gridded calibrated AltiKa freeboard and multiplied by

factor cs/c = 0.781, as previously. The resulting snow depth grid is then interpolated

at the average position of the OIB data within each valid OIB grid cell. The Dual-

altimeter Snow Thickness (DuST) retrieved for each point is plotted against OIB

snow depth.

In order to compare with more than one OIB campaign, the original calibration

analyses outlined in Sections 4.2.6 and 4.2.5 were repeated, successively omitting

each of the 2013-2015 OIB seasons and using the other three years’ data to derive

calibration functions and generate snow depths for the omitted year. DuST snow

depths were then compared against OIB snow depths by the method outlined in

the previous paragraph. Results for all four years are shown in Figure 4.8 and

summarised in Table 4.3.

Since OIB data was used to calibrate the satellite freeboards, this cannot be

considered a validation exercise. However, if OIB is considered as providing true

snow depth estimates (see discussion in Section 4.2.4 and 4.3.2), then the results

suggest the ability to use the derived calibration relationships to predict snow depth

when OIB does not operate, e.g. in future. The poor agreement between DuST and

OIB for 2013 as compared to subsequent years could relate to the persistence and

treatment of radar sidelobes in the 2013 data (Kwok et al., 2017). This analysis

would benefit from the inclusion of additional OIB campaign data in the calibration

and comparison. At present OIB data for 2017 and 2018 are not available.

4.3.4 Application of DuST to ICESat−Envisat

The methodology outlined above demonstrates the ability to calibrate satellite

freeboards with an independent data set in order to derive snow depth. It can be
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2013 2014 2015 2016

Root-mean-square deviation (RMSD) 7.7 cm 5.3 cm 5.9 cm 6.7 cm
Difference in means 2.12 cm 0.92 cm 1.29 cm 0.03 cm
Pearson Coefficient R 0.58 0.68 0.61 0.71

Table 4.3: Results of OIB and DuST comparison for the years 2013-2016.

applied to any two coincident freeboard data sets and could be applicable to ICESat-2

once it is launched later this year. In view of this possibility, the methodology was

applied to the ICESat and Envisat satellites, whose periods of operation overlapped

between 2003 and 2009.

The Radar Altimeter 2 (RA2) instrument operated on the Envisat satellite from

2002 until 2012. It was a pulse-limited Ku-band radar altimeter which like SIRAL,

operated at a central frequency of 13.575 GHz. NASA’s ICESat mission featured a

Geoscience Laser Altimeter System (GLAS) in order to accurately measure changes

in the elevation of the Antarctic and Greenland ice sheets. This laser was also used

to estimate ice thickness from laser freeboard retrieval (e.g. Kwok et al. (2007)).

Between 2003 and 2009, ICESat completed 17 observational campaigns; once every

spring (Feb/March) and autumn (Oct/November) as well as three in the summers of

2004, 2005 and 2006.

ICESat had a ∼70 m diameter footprint, so biases due to footprint size or retrack-

ing method are presumed negligible and the instrument is assumed to offer accurate

estimates of the snow freeboard. ICESat freeboard data version 1, available from

NSIDC (Yi & Zwally, 2009), are deployed in this analysis. Envisat freeboard data

were processed by CPOM and the reader is referred to Ridout & Ivanova (2013) for

further details on the algorithm.

Following the procedure outlined in Section 4.2.5, Envisat freeboard is calibrated

to the snow/ice interface. Envisat has a larger footprint than AltiKa, nominally

2−10 km diameter (Connor et al., 2009). As such, the waveform returns are more

often classified as ambiguous (showing a complex mixture of scattering behaviour)

and discarded, as discussed with reference to AltiKa in Section 4.2.3. As a result,

Envisat data are sparsely populated and in order to have sufficient coverage for

comparison with OIB data and 50 or more points per grid cell (to reduce speckle

noise), it was necessary to increase both the grid resolution and time window as

compared with the calibration procedure performed for AltiKa and CS-2.

Satellite data for the ±15 days surrounding each 2009-2012 OIB campaign day

were averaged onto a 3◦ longitude x 0.75◦ latitude grid. ∆fENV , defined as OIB

radar freeboard minus Envisat freeboard, plotted against Envisat PP is shown in

Figure 4.9a. The combined (all years) linear regression fit (CLRF) is shown by the

black line and has slope of −0.23 and intercept 0.5. The shaded area shows the 68%

prediction interval about the CLRF, corresponding to a ±5 cm standard error (SE)
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Figure 4.9: (a) Envisat calibration relationship, derived from comparison of coincident
OIB and Envisat data. Data and corresponding linear regression fits for 2009, 2010, 2011
and 2012 and shown in orange, purple, blue and grey respectively. Star and square symbols
represent multi-year and seasonal ice respectively, the horizontal grey dashed line shows zero.
(b) Snow depth for ICESat’s ‘3E’ laser period (22nd February 2006 to 27th March 2006),
retrieved by subtracting calibrated Envisat freeboard from ICESat freeboard and multiplying
by a factor 0.781.

on ∆fENV .

Dual-altimeter Snow Thickness (DuST), retrieved by subtracting calibrated

Envisat freeboard from ICESat freeboard is shown in Figure 4.9b for the ICESat

laser period ‘3E’ (22nd February 2006 to 27th March 2006). Snow depth spatial

distribution follows the expected pattern of thicker snow (30 to 40 cm) over multi-year

ice to the north of the Canadian Archipelago and in the Fram Strait, and thinner

snow cover (<20 cm) over seasonal ice. Overall higher magnitudes as compared with

March 2016 (Figure 4.3) could be the result of a decline in multi-year ice fraction

and precipitation over the past decade. Though validation is required, the result

demonstrates the viability of combining laser and calibrated radar freeboard to

retrieve snow depth.

4.4 Conclusions

Using independent snow and ice freeboard data from OIB, calibration relationships

were derived to align AltiKa to the snow surface and CS-2 to the ice/snow interface,

as a function of their pulse peakiness. Calibrated CS-2 and AltiKa freeboard data

were then combined to generate spatially extensive snow depth estimates across the

Arctic Ocean between 2013 and 2016.

The Dual-altimeter Snow Thickness (DuST) product was evaluated against OIB

snow depth by successively omitting each year of OIB data from the calibration

procedure, returning root-mean-square deviations of 7.7, 5.3, 5.9 and 6.7 cm for

the years 2013, 2014, 2015 and 2016 respectively. While the OIB snow depth data
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cannot be considered statistically independent validation of the DuST product, this

evaluation does demonstrate the ability to up-scale OIB snow depths to the wider-

Arctic, i.e. predict OIB snow depths for an unsampled region and year. However,

the DuST snow depth estimates remain unconstrained and unevaluated outside of

the Western Arctic and the spring season, due to a lack of coincident data. OIB

Snow Radar data processed by NASA JPL were used in this analysis since they

demonstrated best agreement with ERA-interim and the Warren climatology for the

years 2013-2015, however the methodology would benefit from the development of

an optimal Snow Radar processing algorithm and snow depth product. Investigating

the sensitivity of this product to the discrepancies between existing OIB Snow Radar

data versions remains the subject of future work.

The upcoming MOSAiC ice drift campaign in autumn 2019 will provide a unique

opportunity for validating DuST in regions not sampled by OIB (e.g. the eastern

Arctic) and throughout a full annual cycle. A dedicated dual-radar study is planned

during the MOSAiC experiment, using in-situ and on-aircraft Ku-Ka band radar

to quantify radar backscatter at each frequency together with snow depth and ice

thickness measurements. This in conjunction with AltiKa and CS-2 observations will

provide valuable insight into the validity of the calibration functions and retrieved

DuST snow depths presented here.

The methodology presented in this chapter can also be applied to retrieve snow

depth from coincident satellite radar and laser altimeters. Here, the applicability

of the method to the ICESat and Envisat satellites was tested, offering promising

potential for the future retrieval of snow depth on Arctic sea ice from CS-2 and

ICESat-2, with better coverage over the pole.
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Chapter 5

Sea-level and radar freeboard

from Sentinel-3A

This chapter is based on the article “Extending the Arctic Sea Ice Freeboard and Sea

Level Record with the Sentinel-3 Radar Altimeters”, by Lawrence, I. R., Armitage, T.

W. K., Tsamados, M. C., Stroeve, J. C., Dinardo, S., Ridout, A. L., Muir, A., Tilling,

R. L., & Shepherd, A., (2019), Advances in Space Research. Radar waveform data

from the Sentinel-3A satellite are processed to estimate sea-level anomaly and radar

freeboard for the 2017-18 winter (November to April), and results are compared to

those from CryoSat-2. Ahead of Sentinel-3B waveform data being made available,

orbit files are used to estimate the improvement in sampling resolution afforded by

combining data from Sentinel-3A, -3B and CryoSat-2 into a single dataset.

5.1 Introduction

Estimating Arctic-wide sea ice thickness on monthly time-scales was made routinely

possible with the advent of high-latitude satellite altimeters. Laxon et al. (2003),

using data from the European Space Agency (ESA) ERS-1 and ERS-2 satellites,

demonstrated for the first time the ability to use altimeter range measurements to

estimate sea ice freeboard (the height of the sea ice surface relative to local sea

level). Under the assumption that a sea ice floe is in hydrostatic equilibrium with

the surrounding ocean, and assuming bulk values for the densities of the ice and

ocean, and the density and thickness of the snow cover, freeboard can be converted

to sea ice thickness.

The ERS satellites, operational jointly from 1991 to 2011, established the founda-

tions of the Arctic sea ice thickness record. In 2002, ESA launched Envisat, carrying

aboard a Ku-band radar altimeter similar in design to that of its ERS predecessors.
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Giles et al. (2008) applied a processing method similar to Laxon et al. (2003) to

retrieve sea ice freeboard and thickness from Envisat. They found the 2007/8 average

winter sea ice thickness to be 26 cm less than the 2002/2003 to 2007/2008 average,

following the September 2007 sea ice extent minimum (Comiso et al., 2008; Stroeve

et al., 2008). ERS data was not used in the study, though the authors report a good

agreement between ERS-2 and Envisat sea ice freeboard anomaly for the three winter

seasons 2002/2003 to 2004/2005 (Giles et al., 2008). Around the same time, the

Ice, Cloud and land Elevation Satellite (ICESat) laser altimetry mission operated as

part of NASA’s Earth Observing System (Schutz et al., 2005), and provided seasonal

and interannual estimates of Arctic sea ice volume between 2003 and 2008 (Kwok &

Rothrock, 2009).

The contribution of the ERS satellites to marine and land ice monitoring led to

the development of CryoSat. Commissioned specifically for monitoring the Earth’s

polar regions, CryoSat’s main payload SIRAL (Synthetic Aperture Interferometric

Radar Altimeter) was designed to overcome the limitations (for polar applications)

of its predecessors. An orbit inclination of 92◦ enabled measurements of the Arctic

Ocean and Antarctic Ice Sheet up to 88◦N/S latitude, while Doppler beam formation

allowed a sharpening of the footprint to ∼300 m along-track, allowing CryoSat to

better resolve small ice leads and floes (Wingham et al., 2006). After CryoSat failed

to reach orbit, CryoSat-2 successfully launched in 2010 and the first Arctic sea ice

thickness and volume estimates were reported by Laxon et al. (2013).

For climatic studies, a continuous time series spanning a decade or more is essential.

For this, achieving consistency between results from consecutive satellite missions

is vital, but differing instrument design has not made this a straightforward task.

Obtaining consistent sea ice thickness from CryoSat-2 and Envisat, whose periods

of operation overlapped for 2 years between 2010 and 2012, has been the subject of

multiple studies (Schwegmann et al., 2016; Guerreiro et al., 2017; Paul et al., 2018).

The Centre for Topographic studies of the Ocean and Hydrosphere (CTOH) offer a

combined Envisat + CryoSat-2 monthly gridded sea ice thickness product for the

northern hemisphere at http://ctoh.legos.obs-mip.fr/products/sea-ice-products/sea-

ice-thickness/description-1 (Guerreiro et al., 2017), and as part of ESA’s Sea Ice

Climate Change Initiative (SICCI) a continuous timeseries of sea ice thickness

spanning 2002 to 2017 (Envisat + CryoSat-2) for both the Arctic and Southern

oceans has been available online since June 2018 (http://cci.esa.int/content/cci-

sea-ice-dataset-release-sea-ice-thickness-v20, last accessed 8th Jan 2019). To date

nothing has been published on extending the time series back to include the ERS

satellites.

Originally built to be operational until 2013 and still functional, CryoSat-2 has

now far exceeded its commissioned lifespan of just three years. When the mission

eventually ends, successor missions will be essential to continue the sea ice thickness
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climate record. NASA’s ICESat-2 successfully launched in September 2018 and its

extensive coverage (up to 88◦N/S latitude) and high resolution laser altimetry offers

great promise for the sea ice community. The instrument is, however, hampered

by the presence of clouds, and since CryoSat-2 and ICESat-2 do not have the same

footprint, nor reflect from the same surface (assumed ice/snow interface vs. ∼snow

surface), there will likely be work to do to obtain consistent sea ice thickness from

the two.

The Sentinel-3A and -3B satellites launched in February 2016 and April 2018

respectively as part of European Commission’s multi-satellite Copernicus Programme.

Alongside two radiometers and the Ocean and Land Colour Instrument (OLCI), the

satellites carry a dual frequency (Ku and C band) SAR Radar ALtimeter, SRAL.

At Ku band, SRAL shares a number of operation characteristics with CryoSat-2’s

Synthetic Aperture Interferometric Radar Altimeter (SIRAL), including operating

frequency and footprint size (see Table 5.1). When processed in the same way, radar

freeboards from the Sentinel-3 and CryoSat-2 satellites are therefore expected to be

consistent, and will provide essential continuity of the high-latitude radar altimeter

time series into the 2030s.

In this study, radar freeboard and sea-level anomaly from Sentinel-3A are esti-

mated for the 2017-18 winter and compared to those from CryoSat-2. The agreement

between results justifies the combination of CryoSat-2 and Sentinel-3A into a single

dataset, and the subsequent addition of Sentinel-3B data, assuming they are consis-

tent with 3A as expected. Ahead of Sentinel-3B waveform data becoming available,

orbit files are used to quantify the increased spatial and temporal resolution afforded

by combining data from the three satellites.

5.2 Data

Sentinel-3A and -3B carry a dual-frequency (Ku/C-band) altimeter called the SAR

Radar ALtimeter (SRAL), which at Ku-band operates at a frequency of 13.575 GHz.

Its Pulse Repetition Frequency (PRF) produces an along-track footprint length

equivalent to CryoSat-2 (∼300 m), given its different altitude. SRAL and SIRAL

instrument characteristics are summarised in Table 5.1, compiled from the Sentinel-3

and CryoSat-2 user handbooks (EUMETSAT, 2017; ESA/MSSL, 2012).

In this study, data from CryoSat-2 (CS2) and Sentinel-3A (S3A) are processed.

Although Sentinel-3B (S3B) launched in April 2018, it flew in tandem with S3A for

the first 8 months of its mission before shifting into its nominal orbit in November

2018, +140◦ out of phase with S3A. Final-orbit S3B waveform data were not available

at time of writing and therefore are not included in this analysis.

S3A L1B waveform data is used, processed by ESA’s Grid Processing on Demand

(GPOD) SARvatore service (Dinardo et al., 2014), due to the lack of availability
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Satellite Sentinel-3 A/B CryoSat-2

Payload SRAL (SAR Radar ALtimeter) SIRAL (SAR Interferometric Radar Altimeter)

Altitude 814.5 km 730 km

Orbit repeat cycle 27 days 369 days with a 30-day sub-cycle

Orbital inclination 98.65◦ 92◦

Operating frequency
Dual Ku/C-band

(13.575 / 5.41 GHz)

Ku-band

(13.575 GHz)

Modes of Operation /

where applied

Synthetic Aperture Radar (SAR) mode:

Applied globally

Low Resolution Mode (LRM):

Open oceans and ice shelf interiors.

Synthetic Aperture Radar (SAR) mode: Sea ice.

SAR interferometric (SARin) mode:

Ice sheet margins and mountain glaciers.

Pulse bandwidth
350 MHz (transmitted)

320 MHz (received)

350 MHz (transmitted)

320 MHz (received)

Pulse Repetition Frequency 17.8 kHz (SAR)
1.97 kHz (LRM),

18.181 kHz (SAR/SARin)

Footprint size
∼0.3 km (∼1.64 km) along (across)

track (Doppler cell)

∼0.3 km (∼1.65 km along (across)

track (Doppler cell)

Along-track sampling frequency ∼0.3 km ∼0.3 km

Table 5.1: Sentinel-3 (A/B) and CryoSat-2 satellite and payload characteristics. Footprint
dimensions and along-track sampling spacing are approximate because they vary with surface
elevation.

of Hamming-weighted and zero-padded L1B data from the ESA Copernicus Hub

(https://scihub.copernicus.eu/dhus/#/home, last accessed 8th January 2019). During

Hamming weighting, a Hamming weighting function is applied to the received radar

burst in the azimuth direction, damping the contribution from highly off-nadir beams

to mitigate the effect of side-lobe ambiguities. Zero-padding up-samples the received

signal by a factor of two to 256(1024) bins for CS2/S3A SAR(CS2 SARin) (Dinardo

& Benveniste, 2013). Both settings have been demonstrated to be optimal for SAR

altimeters for sea ice processing (Quartly et al., 2019; Smith & Scharroo, 2019) and

are applied as standard in the ESA L0 to L1B CryoSat-2 processing chain.

In the interest of consistency, and to limit discrepancies in L0 to L1B processing,

the GPOD service is also used to process L0 CS2 data to L1B. Since the CS2 and

S3A L1B products from GPOD are packaged the same (i.e. same file formats and

variable names), this also allows us to use an identical sea-ice processor for both

datasets. The GPOD service offers a processing option called ‘official CryoSat-2’

which was chosen for CS2 and S3A processing; the associated processing options are

briefly summarised in Table 5.2. The reader is referred to the ‘Guidelines for SAR

L1B Processing document’ (Dinardo & Benveniste, 2013) for more details on these

processing options.

92



Data posting
rate

Hamming weighting
window

Exact
beam-forming

FFT zero-
padding

Radar receiving
window size

20 Hz Applied Approximated Applied
128 bins (SAR)
512 bins (CS2 SARin)

Table 5.2: GPOD Level 1B processing options applied to S3A and CS2 SAR.

5.3 Methods

To convert CS2 and S3A L1B waveforms to radar freeboard, the Centre for Polar

Observation and Modelling (CPOM) sea ice processing algorithm is deployed, which

is summarised briefly below. Tilling et al. (2018) provide a comprehensive description

of the processing chain.

Initially, waveforms are categorised as either lead or floe according to their Pulse

Peakiness (PP), calculated as:

PP = N
pmax
Σi pi

, (5.1)

where N is the number of range bins above the ‘noise floor’ (calculated as the

mean power in range bins 10−20), pmax is the maximum waveform power (the

‘highest peak’), and Σi pi is the sum of the power in all range bins above the noise

floor (Peacock & Laxon, 2004). Waveforms with a PP less than 9 are classed as

diffuse, those with a PP higher than 18 are considered specular and attributed to

leads. Any waveforms with a Pulse Peakiness in the range 9<PP<18 are discarded.

Stack Standard Deviation (SSD) is not output in L1B data from GPOD, therefore

this criterion is not used to further filter specular and diffuse waveforms as in Tilling

et al. (2018). An analysis was performed on CS2 ESA L1B data to assess the impact

on monthly radar freeboard and sea-level anomaly of neglecting the SSD criterion.

For one test month (Feb 2014), it was found that 7.5% of specular waveforms (those

with a PP > 18) were removed with the addition of the SSD criterion. For the same

month 1.2% of diffuse waveforms (PP < 9) were removed when filtering for SSD.

The difference in mean monthly sea-level anomaly with and without filtering for SSD

was −0.6 cm, i.e. SLA is biased low if the SSD criterion is not included. The effect

on floe elevation is minimal (0.003 cm), therefore the −0.6 cm bias on SLA results in

a +0.6 cm bias on radar freeboard. Since the SSD criterion is omitted for both CS2

and S3A processing, its absence is not expected to affect the comparison of sea-level

anomaly and radar freeboard for the two satellites. For this study it was decided

that it was more important to use data with Hamming-weighting and zero-padding

applied, at the cost of not applying an SSD filter. SSD filtering should however be

included in future processing to limit the bias on sea-level anomaly due to off-nadir

ranging to leads (Armitage & Davidson, 2014). The range-integrated power (RIP)

stack, from which the stack standard deviation is derived, can be optionally output
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into GPOD L1B products allowing SSD to be calculated by the user.

Sea ice concentration data from NASA Goddard Space Flight Centre (GSFC)

is used, available at the National Snow and Ice Data Centre (NSIDC) (Cavalieri

et al., 1996), and sea ice type data from the EUMETSAT Ocean and Sea Ice Satellite

Application Facility (OSI SAF, www.osi-saf.org), to distinguish between floe and open

ocean waveforms. Diffuse waveforms are removed if they fall within an area where

the sea ice concentration is below 75%, or where the sea ice type is neither multi-year

nor first-year ice (i.e. open ocean or ambiguous) (Tilling et al., 2018). With lead

and floe echoes separated, the point on each waveform (given as a fractional range

window bin, br) that represents the average surface elevation within the footprint

must be identified, a process known as retracking. Lead echoes are retracked by

fitting a “Gaussian plus Exponential” fit to the waveform (after Giles et al. (2007)),

where the centre of the Gaussian is taken as br. For floes, the 70% leading edge

threshold of the first peak defines the retrack point. The waveform leading edge

width is calculated as the fractional number of range bins between the 30% and 70%

leading edge thresholds, and all waveforms with a leading edge width exceeding 3

bins are excluded from the analysis (Tilling et al., 2018).

The two-way travel time to a nominal waveform bin b0 (bin 128 (of 256) for CS2

SAR and S3A, bin 512 (of 1024) for CS2 SARin) is converted to range (distance to

surface) by halving and multiplying by the speed of light, c. A series of geophysical

corrections are then be applied to account for the effect of the ionosphere, troposphere,

atmospheric pressure and tides. This corrected range is subtracted from the satellite

altitude to give the elevation of b0 above the reference ellipsoid (WGS-84 for both

CS2 and S3A). Finally the retracker correction, given by: retracker correction =

(b0 − br) x bin width is subtracted from the range, where bin width = 1
2 ×

c
2×BW '

23 cm. BW is the pulse bandwidth, equal to 320 MHz (after low-pass filtering of the

received pulse, Table 5.1) for both CS2 and S3. The CPOM Mean Sea Surface (MSS),

a model of the average ocean surface generated from 2 years of CS2 data (Ridout,

2014), is subtracted from all lead and floe points in order to remove high-amplitude

ocean topography. Residual lead elevation gives the sea-level anomaly (SLA). Since

tidal influences have been accounted for, the SLA represents deviations of the local

sea surface from the mean sea surface as a result of ocean dynamics (Armitage et al.,

2016).

Before freeboard is calculated, a ‘retracker bias’ of 16.26 cm is subtracted from

all floe elevations. This correction accounts for the fact that a different retracker

is applied to leads and floes and was derived for CS2 in Tilling et al. (2018) by

comparing the elevations of very thin ice (estimated using the Gaussian+Exponential

retracker) and open ocean elevations (using the 70% threshold retracker), in the

Hudson Bay in the summer. At every floe location, the SLA is interpolated by

fitting a linear regression to all lead points within a 200 km window about the floe
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coordinates; this interpolated sea-level anomaly (ISLA) is then subtracted from the

floe elevation to give radar freeboard. Radar freeboard differs from sea ice freeboard

in that it has not been corrected to account for the slower speed of propagation of the

radar pulse through the snow layer atop the sea ice. Since the information required

to convert to sea ice freeboard (and subsequently sea ice thickness and volume) is

independent of the satellite measurements and require some a-priori knowledge, it is

consistency between CS2 and S3A radar freeboard that is important and remains

the subject of this analysis.

In order to directly compare CS2 and S3A freeboard, along-track data are first

averaged (mean value taken) on a 1.5◦ longitude by 0.5◦ latitude grid, corresponding

to grid cell dimensions of approximately 80 x 55 km at 60◦ latitude and 30 x 55 km

at 81◦ latitude. This variable grid area compliments the satellite track spacing;

since higher latitudes are sampled more extensively by both satellites, a finer grid

resolution is afforded. Basin-mean and standard deviations presented in Section 5.4

are area-weighted to accommodate the grid choice.

The uncertainty on each along-track interpolated sea-level anomaly (ISLA) mea-

surement is estimated as the ±68% prediction interval on the 200 km-window regres-

sion fit, after Lawrence et al. (2018). Due to the sliding nature of this window, ISLA

uncertainties are correlated along-track, and therefore do not reduce to negligible

during grid averaging, in contrast to the random speckle errors on radar freeboard

(Tilling et al., 2018). Uncertainty on gridded satellite radar freeboard is therefore

dominated by the ISLA uncertainty. When gridded, ISLA uncertainty reduces by

1/
√
N , where N is the number of satellite passes per grid cell, and this reduced

ISLA uncertainty is considered as a proxy for gridded radar freeboard uncertainty.

Since the addition of S3A and S3B data to CS2 data increases the track density,

uncertainty on monthly gridded freeboard is reduced as compared to using data from

a single satellite. This is explored in section 5.5.2.
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5.4 Results

5.4.1 Radar freeboard

Monthly radar freeboard for CS2 and S3A, and the difference between them, is shown

for the 2017-18 winter season in Figure 5.1. Before grid averaging the mean and

standard deviation of the 6-month combined dataset is calculated, and any points

that lie outside the 3-sigma bounds, i.e. ±3 standard deviations from the mean

(shown by the shaded regions in Figure 5.2a), are removed. This eliminates 1.5% of

S3A and 1.7% of CS2 data points, and ensures that extreme outliers resulting from

poor retracking or noise spikes do not bias the grid average estimates. Away from

ice margins freeboard difference displays little variability and appears on average

positive, i.e. S3A freeboard is greater than CS2 freeboard, for all months. In coastal

areas freeboard for each satellite becomes noisier and freeboard difference increases.

Unresolved tidal variability and small-scale ocean dynamics in shallow shelf areas

may adversely affect the local sea level interpolation, and hence freeboard estimates

in these areas. Also, each satellite’s capability to resolve land-fast ice will depend on

the availability of leads along-track (there must be at least one lead on either side

of the floe along-track for the sea-level interpolation to be valid), and will therefore

vary between the two owing to their different orbits. Further, S3A and CS2 operate

in different tracking modes in coastal areas. CS2 covers the coastal zone in ‘closed

loop’ mode, whereby the decision about when to start recording the return signal (so

that it contains the echo from surface) relies on information collected from previous

echoes. S3A has the ability to switch to a more advanced tracking mode called ‘open

loop’, which sets the tracking window based on a-priori knowledge of the surface

topography from a digital elevation model (EUMETSAT, 2017). This enables S3A to

maintain a stable tracking control over complex topographic surfaces such as coastal

waters, resulting in improved elevation estimates in these regions.

S3A and CS2 data for the period November 2017 to April 2018 are compared in

Figure 5.2. Mean freeboard difference (S3A−CS2) is remarkably invariable month

to month; values range between 0.9 cm and 1.1 cm (Table 5.3) with an intermonth

standard deviation of 0.07 cm. The standard deviation on the mean difference, which

reflects the spatial variability of S3A−CS2 differences in Figure 5.1, is also stable

across all months at 6.4 ± 0.4 cm (one standard deviation, calculated from Table 5.3).

This ∼13 cm spread about the mean value results from a combination of random

noise on the data, the differences in measurement capability (e.g. in coastal zones)

detailed above, and physical differences in the ice floes sampled over the month.
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November

December

January

February

March

April

Sentinel-3A CryoSat-2 Sentinel-3A – CryoSat-2

Figure 5.1: Sentinel-3A radar freeboard (left), CryoSat-2 radar freeboard (middle) and
Sentinel-3A minus CryoSat-2 radar freeboard (right) for November 2017 (top) to April 2018
(bottom). White circles on CryoSat-2 maps delineate the upper limit of S3A coverage (81.5◦

latitude). Along-track freeboard measurements for the month are averaged on a 1.5◦ latitude
x 0.5◦ longitude grid after 3-sigma filtering.
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Figure 5.2: (a) CS2 (red) and S3A (blue) histograms containing all individual radar
freeboard measurements below 81.5◦ latitude, for November 2017 to April 2018. Measurements
outside the 3-sigma bounds (±3 standard deviations from the mean) for S3A(CS2), shown
by the blue(red) dashed lines and shaded regions, are removed before grid averaging. (b)
Histogram of (1.5◦ latitude x 0.5◦ longitude) grid averaged CS2 (red) and S3A (blue) radar
freeboard. (c) S3A minus CS2 gridded radar freeboard. The area-weighted mean difference
is plotted with a dashed navy line, and the ±1 weighted standard deviation about the mean
is shaded. (d) CS2 vs. S3A gridded radar freeboard density scatter plot, yielding a Pearson
Correlation Coefficient of 0.642 (Table 5.3). The colour shows the Gaussian kernel density
estimate (KDE), scaled from zero (black) to one (ivory).

Time scale
Mean S3A radar

freeboard (m)

Mean CS2 radar

freeboard (m)

Mean S3A−CS2 radar

freeboard difference (m)

Standard deviation on

mean difference (m)

Pearson Correlation

Coefficient

201711 0.080 0.069 0.011 0.070 0.605

201712 0.086 0.075 0.011 0.067 0.583

201801 0.091 0.082 0.010 0.065 0.626

201802 0.106 0.097 0.010 0.061 0.669

201803 0.111 0.100 0.011 0.066 0.603

201804 0.115 0.106 0.009 0.057 0.683

All months 0.100 0.089 0.010 0.064 0.642

Table 5.3: Mean S3A and CS2 gridded radar freeboard, S3A−CS2 gridded radar freeboard
difference, standard deviation on the mean difference, and the Pearson Correlation Coefficient
between S3A and CS2 gridded radar freeboard. Monthly plots illustrating these statistics
are available in Figure A.1 of the Appendix.

5.4.2 Sea-level anomaly (SLA)

SLA data for the 6-month period November 2017 to April 2018 are analysed in

Figure 5.3. Note that the all-point histogram for CryoSat-2, shown in Figure 5.3a,

only includes measurements up to 81.5◦ latitude, for comparability with S3A. Both

distributions in Figure 5.3a demonstrate a positive skew about zero, with modal

values ∼5 cm and ∼7 cm for CS2 and S3A respectively, indicating that winter sea-

level is elevated with respect to the mean sea surface (MSS). This is likely a physical

signal; the MSS used in this study was constructed using 2-years of data from 2011

to 2013 since which time global sea level has risen by more than 4 mm/year (Yi et al.,

2015). Arctic sea-level also exhibits seasonal and interannual variability (O(10 cm))

associated with freshwater fluxes, redistribution and accumulation (Armitage et al.,

2016).

Prior to grid averaging, individual along-track measurements are discarded if

outside 3-sigma bounds of the all-point distributions (shown in Figure 5.3a), as before.
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Figure 5.3: (a) CS2 (red) and S3A (blue) histograms containing all individual SLA
measurements below 81.5◦ latitude, for November 2017 to April 2018. Measurements outside
the 3-sigma bounds (±3 standard deviations from the mean) for S3A(CS2), shown by the
blue(red) dashed lines and shaded regions, are removed before grid averaging. (b) Histogram
of (1.5◦ latitude x 0.5◦ longitude) grid averaged CS2 (red) and S3A (blue) SLA. (c) S3A
gridded SLA minus CS2 gridded SLA. The area-weighted mean difference is plotted with a
dashed navy line, and the ±1 weighted standard deviation about the mean is shaded. (d)
CS2 vs. S3A gridded SLA density scatter plot, yielding a Pearson Correlation Coefficient
of 0.623 (Table 5.4). The colour shows the Gaussian kernel density estimate (KDE), scaled
from zero (black) to one (ivory).

Time scale
Mean S3A

SLA (m)

Mean CS2

SLA (m)

Mean S3A−CS2

SLA difference (m)

Standard deviation on

mean difference (m)

Pearson Correlation

Coefficient

201711 0.057 0.040 0.017 0.112 0.606

201712 0.052 0.027 0.026 0.117 0.590

201801 0.061 0.026 0.034 0.109 0.618

201802 0.026 0.007 0.019 0.113 0.602

201803 0.002 −0.012 0.014 0.113 0.625

201804 −0.019 −0.033 0.014 0.102 0.594

All months 0.029 0.008 0.021 0.111 0.623

Table 5.4: Mean S3A and CS2 gridded SLA, mean S3A−CS2 gridded SLA difference,
standard deviation on the mean difference, and the PCC between S3A and CS2 gridded SLA.
Plots corresponding to the monthly statistics are available in Figure A.2 of the Appendix.

This removes 2.7% of S3A and 2.1% of CS2 data points. Filtering removes SLA

outliers, which can originate from bad waveforms, poor retracker performance, or

noise spikes. Maps of monthly grid-averaged sea-level anomaly (SLA) from CS2 and

S3A, and the difference between them, are shown in Figure 5.4 and corresponding

statistical results are summarised in Table 5.4. As previously mentioned, anomalous

SLA estimates in shallow sea regions may result from poorly resolved tidal variability

and small-scale ocean dynamics. Fewer leads near land and in fast-ice regions may

also lead to anomalous grid-average estimates of SLA in coastal regions. Mean S3A

SLA is higher than CS2 SLA for all months with an average difference of 2.1 cm

(Table 5.4). The spatial variation of SLA difference is greater than for freeboard,

reflected in the larger standard deviations on the mean difference (average 11.1 cm vs.

6.4 cm for freeboard); the pattern of spatial differences is discussed in the next section.

Month to month variability is an order of magnitude greater than for radar freeboard;

S3A−CS2 mean difference ranges from 1.4 cm to 3.4 cm with an intermonth standard

deviation of 0.72 cm (compared with 0.07 cm for radar freeboard).
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January

February

March

April

Sentinel-3A CryoSat-2 Sentinel-3A – CryoSat-2

Figure 5.4: Sentinel-3A sea-level anomaly (SLA) (left), CryoSat-2 SLA (middle) and
Sentinel-3A minus CryoSat-2 SLA (right) for November 2017 (top) to April 2018 (bottom).
Red circles on CryoSat-2 maps delineate the upper limit of S3A coverage (81.5◦ latitude).
Along-track SLA measurements for the month are averaged on a 1.5◦ latitude x 0.5◦ longitude
grid after 3-sigma filtering.
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5.5 Discussion

5.5.1 Consistency between S3A and CS2

A mean difference (S3A minus CS2) for radar freeboard and sea-level anomaly

of 1.0 cm and 2.1 cm respectively is found. While the S3A−CS2 radar freeboard

bias is remarkably consistent for each month, varying by less than ∼10% with a

standard deviation of 0.07 cm, the mean SLA difference ranges from 1.4 to 3.4 cm

with a standard deviation of 0.72 cm. To understand the origin of this variability

it is important to consider the spatial distribution of differences. Monthly radar

freeboard difference maps (Figure 5.1) appear smooth relative to the equivalent

SLA maps (Figure 5.4), which show greater spatial variation of differences and

artefacts of satellite tracks. Their ‘trackiness’ is due primarily to the fact that S3A

and CS2 sample the ocean surface at different times throughout the course of a

month (see orbit characteristics, Table 5.1). In particular, the precession of the

CS2 orbit throughout the month means that ocean dynamic height variability is

not sampled evenly. Further, unresolved tidal variability in shallow shelf sea regions

affects CS2 more than S3A, due to the latter occupying a sun-synchronous orbit,

aliasing the dominant tidal signals (Armitage et al., 2016). Discrepancies in S3A and

CS2 elevation may also originate from orbit errors in one or both satellites, which

are estimated in the literature as <2 cm for both S3A (EUMETSAT, 2017) and CS2

(Schrama, 2018). In order to separate physical sea-surface height differences from

orbit errors, analysing SLA differences at orbit crossovers within a short time window

is required and remains the subject of future work.

Figure 5.5 shows S3A−CS2 SLA, floe elevation (referenced to the MSS) and radar

freeboard for all data from November 2017 to April 2018 combined. Compared to

the monthly maps, spatial variability of SLA difference is reduced, leaving a residual

∼2 cm S3A−CS2 bias (Table 5.4). This may be the result of unaccounted range biases,

which often exist within (Scagliola & Fornari, 2017) and between (Kleinherenbrink

et al., 2019) missions and need to be adjusted for.

The map of floe elevation difference in Figure 5.5b demonstrates the same track

signals as SLA difference. This is not unexpected since floe elevation is referenced to

the same mean sea surface and subject to the same geophysical corrections. Since

radar freeboard is the difference between floe elevation and SLA, the patterns of

variability ‘cancel out’, and radar freeboard difference is spatially consistent in

comparison (Figure 5.5c). The derived ∼1 cm radar freeboard bias is therefore

independent of the SLA and floe elevation, and is likely a product of the re-tracking.

Differences in satellite configuration (antenna pattern, altitude/altitude rate, rol-

l/pitch bias, platform pointing etc.) affect the waveform shape (Wingham et al.,

2018) and may mean that the retracker bias (section 5.3) requires modification for
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Figure 5.5: (a) S3A minus CS2 SLA. (b) S3A minus CS2 floe elevation (elevation referenced
to the MSS) (c) S3A minus CS2 radar freeboard. Data for all months November 2017 to
April 2018 are averaged on a 1.5◦ latitude x 0.5◦ longitude grid.

application to Sentinel-3A. Numerical waveform simulations e.g. Landy et al. (2019),

with a comprehensive analysis of all the differences between S3A and CS2 instrument

configurations, could help resolve the SLA and radar freeboard biases observed. Since

the aim here is to generate consistent results between CS2 and S3A, removing 1

(2)cm from all S3A radar freeboard (SLA) measurements is suggested in order to

combine CS2 and S3A data into a single dataset, if processing L1B data as described

herein.

5.5.2 A CryoSat-2 + Sentinel-3A + Sentinel-3B combined dataset

As outlined in the introduction, achieving consistency between CS2 and S3A is key if

S3A and B are to continue the sea ice thickness record from radar altimetry. However

it is the addition of S3A and S3B data to the existing CS2 dataset which offers

potential for high resolution sea ice and ocean products from the Arctic Ocean and

peripheral ice-covered seas.

To assess the increase in sampling resolution afforded by the combination of CS2,

S3A and S3B data, ground track files for all three satellites are utilised. For the

Sentinel-3 satellites these are available via the Copernicus website (https://sentinels.

copernicus.eu/web/sentinel/missions/sentinel-3/satellite-description/orbit, date of

last access 16th January 2019). Ground track files for S3B are for its final orbit,

not the tandem orbit it occupied during its commissioning phase. Absolute orbit

ground track files for S3A and S3B (rather than relative orbit ground track files) are

used since they contain information on the day of the cycle (27 days in 1 cycle for

S3A and S3B), which is necessary for this analysis. CS2 ground tracks are available

at https://earth.esa.int/web/guest/-/ground-tracks-7209 (date of last access: 16th

January 2019).
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Figure 5.6: Percentage area coverage for 30 days of data for varying grid sizes. CS2 only
data are shown with the dashed lines, CS2+S3A+S3B data shown by the solid lines. Note
that lines converge at 81.5◦ since CS2 alone operates above this latitude.

The ground track files give along-track coordinates at 10 second intervals, so the

tracks are interpolated at 20 Hz to represent the true along-track sampling frequency.

This generates the coordinates of all footprints for CS2, S3A and S3B, for each day

of their respective cycles. This dataset is used to analyse the increased resolution

resulting from combining data from the three satellites, which is divided into three

categories: (i) increased spatial resolution (ii) increased temporal resolution, and (iii)

reduced uncertainty on monthly gridded freeboard.

Increased spatial resolution

To analyse the potential increase in spatial resolution when combining Sentinel-3 and

CS2 data, 30 days of CS2 footprints and CS2+S3A+S3B footprints are projected onto

a grid of variable size. Figure 5.6 shows percentage spatial coverage as a function of

latitude at grid sizes 2, 5, 10, 15, 25 and 50 km2 for CS2 (dashed lines) and combined

CS3+S3A+S3B (solid lines). Percentage coverage is calculated as the number of grid

cells within a 1◦ latitude band that contain data points, divided by the total number

of grid cells in the band. Coverage on a 5(10)(15) km2 grid using CS2+S3A+S3B

data is comparable to using CS2 data alone on a 15(25)(50) km2, equivalent to

an almost tripling of spatial resolution when combining data from three satellites

compared with solely using CS2.
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Figure 5.7: Percentage coverage of 25 km2 grid cells at increasing latitude for varying time
window. CS2 only data are shown with the dashed lines, CS2+S3A+S3B data shown by the
solid lines. Note that lines converge at 81.5◦ since CS2 alone operates above this latitude.

Increased temporal resolution

To explore the potential increase in temporal resolution, CS2 and CS2+ S3A+S3B

footprints for a varying time window (from 1 to 30 days) are projected onto a 25 km2

grid, chosen after Tilling et al. (2018). Figure 5.7 shows spatial coverage as a function

of latitude for time windows of 1, 3, 10, 20 and 30 days. As before the percentage

coverage is calculated as the number of filled grid cells within a 1◦ latitude band

divided by the total number of grid cells. Coverage using 10 days of combined

CS2+S3A+S3B data is comparable to using 30 days of CS2 data alone, allowing

observations of sea ice and ocean at 10-day frequency where previously it has always

been necessary to gather a month’s worth of data in order to cover the entire Arctic

basin. Basin-scale sea ice thickness observations at 10-day frequency would allow

studies of dynamic thickness changes associated with forcing at synoptic timescales.

Reduced uncertainty on monthly gridded freeboard

Finally the use of the three-satellite dataset to reduce the uncertainty on gridded

radar freeboard is demonstrated. As explained in section 5.3 and in Tilling et al.

(2018); Lawrence et al. (2018), ISLA uncertainty reduces by 1/
√
N during grid

averaging, where N is the number of satellite passes per grid cell, shown in Figure

5.8a and 5.8b for CS2 and S3A/B respectively. With the addition of Sentinel 3A and

3B to the CS2 data, the number of passes per grid cell for the month increases (Figure

5.8c), thus reducing the uncertainty on gridded ISLA (Figure 5.8f) compared with the

uncertainty when using CS2 (Figure 5.8d) or S3A(B) (Figure 5.8e) alone. Gridded

radar freeboard uncertainty is considered as being dominated by the uncertainty
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Figure 5.8: Top row: Number of satellite passes per grid cell (1.5◦ longitude x 0.5◦ latitude)
for (a) CS2 (b) S3A (S3B) and (c) CS2+S3A+S3B. Middle row: gridded ISLA uncertainty
for (d) CS2 (e) S3A (S3B) and (f) CS2+S3A+S3B. (g) Uncertainty reduction when using
data from the three satellites combined as opposed to using CS2 alone. ISLA uncertainty
is treated as a proxy for radar freeboard uncertainty since it dominates over other sources
of random error. Black circles on (a) and (d) show the upper limit of S3A coverage (81.5◦

latitude).

on ISLA and therefore we treat the latter as a proxy for the former. Evidently

this uncertainty depends on the chosen grid and time window. If the chosen grid

resolution is such that the 200km-long SLA interpolation window spans several grid

cells, uncertainties will correlate between adjacent cells and should not therefore be

considered independent. The percentage reduction on radar freeboard uncertainty

when combining CS2+S3A+S3B data as opposed to using CS2 alone (Figure 5.8g) is
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spatially variable (up to 90% at high latitudes where track population is densest)

with an average value of 24% for the chosen grid size of 1.5◦ longitude x 0.5◦ latitude.

5.6 Conclusions

In this study six months of radar freeboard and sea-level anomaly from the Sentinel-

3A and CryoSat-2 satellites were compared. For robust comparison identical L0 and

L1B processing was applied to both datasets. A 2 cm intermission bias was found

on sea-level anomaly, and a 1 cm offset between S3A and CS2 freeboard, which was

suggested to result from a different retracker correction being necessary for S3A

when retracking leads and floes as described in this study. The removal of this 1 cm

bias from S3A freeboard measurements in future processing will align S3A with CS2

radar freeboard, allowing the data from the two satellites to be combined to produce

a higher density dataset of sea ice freeboard, thickness and volume. It should be

noted that for S3A data to be usable for sea ice studies and to be compatible with

CS2, it is necessary that the data are Hamming-windowed and zero-padded at the L0

to L1 processing stage. Ahead of the availability of S3B waveform data, the increase

in sampling resolution afforded by the combination of CS2, S3A and S3B data using

orbit ground track files was estimated. When averaging 30 days of data, the same

spatial coverage when projecting CS2 data alone on a 15(25)(50) km2 is achieved

on a 5(10)(15) km2 grid using data from all three satellites. For a grid of resolution

1.5◦ longitude x 0.5◦ latitude, the addition of S3A and S3B data to the existing CS2

dataset can reduce the uncertainty on monthly gridded radar freeboard by a quarter

on average. Finally, using the merged dataset, observations up to 81.5◦ latitude will

be possible at ten day frequency with the same coverage as is only achievable with a

month of CS2 data, creating the possibility to resolve sub-synoptic changes both in

sea ice volume evolution and ocean circulation.
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Chapter 6

Radar freeboard variability at

synoptic time-scales

Sentinel-3B (S3B) was launched by the European Space Agency (ESA) in April

2018 as part of the multi-satellite Copernicus programme. On the 27th November

2018, after seven months operating in tandem with its twin Sentinel-3A (S3A), S3B

shifted into its nominal orbit; 140◦ out of phase with S3A. In this chapter, S3B radar

freeboard is calculated from L1B waveforms following the methodology applied to

S3A and CryoSat-2 (CS2) in the previous chapter. Following a comparison of data

from S3A, S3B and CS2 for the 2018-19 winter, data from all three altimeters are

merged into a single dataset, achieving basin-wide coverage in less than 10 days. An

analysis of radar freeboard variability in the central Arctic is followed by a detailed

discussion of the dominant factors influencing radar freeboard at synoptic time-scales.

Finally, snowfall data from ERA5 atmospheric reanalysis is used to evaluate the

response and sensitivity of radar freeboard to precipitation events.

6.1 Data and Methods

As for S3A and CS2, Level-0 S3B data are processed to Level-1B using the ESA

Grid Processing on Demand service in order to apply Hamming-weighting and Zero-

padding (Section 3.1.4). Note that 1 cm is removed from all S3A and S3B radar

freeboards to account for the different retracker bias applicable to S3 (Section 5.6).

In Chapter 5, satellite orbit files were employed to quantify the increase in spatial

and temporal sampling afforded by combining data from S3A, S3B and CS2 (note

from here on S3A+S3B is referred to as S3). Since the objective of this chapter is

to explore radar freeboard variability at the synoptic timescale, it is the increase in

temporal sampling that is exploited herein. It was previously found that for a 25 km2
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Figure 6.1: 9-day merged vs. 30-day CS2 spatial coverage. For each day, d, from 1st
January 2019 to 28th February 2019, 9-days of merged data and 30 days of CS2 data about
d are projected onto a 1.5◦ longitude by 0.5◦ latitude grid. For each grid cell, the number of
merged points is plotted against the number of CS2 points.

grid, ten days of S3+CS2 merged data achieved comparable spatial coverage to 30

days of CS2 data. In the analysis that follows, along-track radar freeboard data are

averaged onto a 1.5◦ longitude by 0.5◦ latitude grid rather than a 25 km2 grid. This

provides continuity with the grids used in Chapters 4 and 5, and is justified because

increasing grid cell size with decreasing latitude compliments the density of satellite

measurements. Figure 6.1 shows the number of merged S3+CS2 measurements (per

grid cell) during 9 days compared with 30 days of CS2 only data, for all 9(30) day

windows in January and February 2019. On average, coverage of the merged product

is better, therefore using a 9-day window is warranted at this grid resolution.

Radar freeboard variability at the 30-day and 9-day scale is analysed for the

central Arctic, defined in Tilling et al. (2018) and shown with the yellow contour in

Figure 6.2. Within this region, analysis is further broken into multi-year and first-year

ice regions, also shown in Figure 6.2, calculated using daily ice type masks from

OSI-SAF (www.osi-saf.org) and defined as the regions that contain predominantly

multi-year/first-year ice during every day from 1st December 2019 to 30th April

2019. The seasonal evolution of radar freeboard is expected to differ between the two

ice types due to, for example, first year ice growing more rapidly at the beginning of

the winter than multi-year ice. Furthermore, the effect of time-variable snow-loading

will be more pronounced on thinner FYI than thicker MYI.
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Figure 6.2: First-year ice and multi-year ice masks, shown in red and purple respectively,
are defined as the area which, during every day from 1st December 2018 to 30th April 2019,
contains predominantly MYI(FYI). Masks are derived from daily ice type fields from the
EUMETSAT Ocean and Sea Ice Satellite Application Facility (OSI SAF, www.osi-saf.org).
The yellow contour delineates the central Arctic (Tilling et al., 2018), and the dashed white
line lies at 81.5◦ latitude, marking the upper bound of Sentinel-3A/B coverage.

For each day from the 1st December 2018 to the 30th April 2019, ±4 days of

S3A, S3B and CS2 data are averaged onto the 1.5◦ longitude by 0.5◦ latitude grid

producing the 9-day merged product. Similarly, for each day, 30 days of CS2 data

are grid-averaged, producing the 30-day CS2 product. Both the merged and CS2

products within the multi-year ice and first-year ice regions are then averaged to

find the daily-mean MYI/FYI radar freeboard in the central Arctic. Note that

CS2 measurements above 81.5◦ latitude are excluded from this regional analysis,

equivalent to only averaging the merged / CS2 products over the portion of the MYI

and FYI regions which lie below this latitude (below the white line in Figure 6.2).

CryoSat-2 has a 30-day repeat sub-cycle, and S3A/B has a 27-day exact repeat

cycle. Therefore, when comparing 9 days of data with the subsequent 9 days of data,

the same ground tracks are not being sampled by each satellite. It is important

therefore to distinguish variability due to track location from physical changes in

freeboard with time. To do this, a stationary, high-resolution grid of radar freeboard

is generated by averaging data from all three satellites for the 5-month period between

December 2018 and April 2019 onto a 0.3◦ longitude x 0.1◦ latitude grid. This grid,

shown in Figure 6.3, is then interpolated along the real CS2, S3A and S3B ground
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Figure 6.3: High resolution grid of radar freeboard from CryoSat-2 and Sentinel-3A/B,
generated by averaging data from all three satellites from the 1st December 2018 to the 30th
April 2019 onto a 0.3◦ longitude x 0.1◦ latitude grid.

tracks for each 9-day period, and along the CS2 tracks for each 30-day window.

This generates a dataset of along-track ‘fixed’ freeboards, which can then be grid-

averaged and region-averaged as were the ‘real’ along-track freeboards. Since the fixed

freeboard grid is stationary in time, any temporal variability in the fixed-freeboard

region-averages provides a measure of the proportion of the real freeboard variability

that results solely from sampling. Any variability not due to sampling can then be

assumed to be physical, and the causes for physical variability explored.

6.2 Results

6.2.1 Comparison between monthly S3A, S3B and CS2

Maps of radar freeboard differences between CS2, S3A and S3B for the 2018-19

winter are shown in Figure 6.4. S3A(B) minus CS2 maps show a similar pattern of

variability to 2017-18 (Section 5.4), with differences higher at lower latitudes and

at coastal margins. The statistics for the 5-month period are shown in Figure 6.5,

note that CS2 data above 81.5◦ latitude have been removed from the analysis for

comparability with S3A/B. It is interesting to note that S3A−S3B differences are

of comparable magnitude to S3A/B−CS2 differences; standard deviation on the
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mean difference for S3A−S3B is 0.056 m, compared with 0.060 m for S3A−CS2 and

S3B−CS2 (see Table 6.1). This supports the arguments laid out in the previous

chapter that S3A−CS2 differences result from physical differences in the sampling

of floes over the course of the month and unresolved tidal variability in shallow-sea

regions, rather than any intermission biases. It would also suggest that the difference

in tracking modes between the S3A/B and CS2 satellites has minimal effect on the

freeboard difference when averaged over the month.

6.2.2 Merged 9-day radar freeboard

Figure 6.6 shows the merged radar freeboard for the 9-days centred about the 26th

April 2019 minus merged radar freeboard for the 9-days centred about the 1st

December 2018, revealing the seasonal change in radar freeboard. Added to the plot

are the multi-year ice contours for the same 9-day periods; average MYI position

during 1st December 2018±4 days is shown with the dashed blue line, the mean MYI

position during the 9 days around 26th April 2019 is shown with the solid blue line.

Negative radar freeboard difference predominantly falls within the region between

the two MYI contours since this region represents grid cells that contained MYI at

the start of the season and FYI at the end of the season. Since multi-year ice is

thicker than FYI, cells that have transitioned from MYI to FYI due to ice advection

processes are expected to have reduced in freeboard. This highlights the need to

mask according to ice type, and to define those masks as areas which have remained

as a single ice type across the entire season, to limit the influence of ice dynamics

as much as possible. A more sophisticated approach would remove the contribution

from advection using ice motion vectors, which are available from NSIDC at daily

resolution; this remains an avenue of future development. Figure 6.6 shows ‘holes’

above 81.5◦ North, the latitude beyond which only CS2 operates. In the regional

time-series analysis that follows, CS2 data above this limit are removed and regional

averages represent the average within the regions below this latitude. The progression

towards a finalised merged product should include a treatment to fill these holes, via

interpolation or similar techniques. It is beyond the scope of this chapter to address

this issue and remains the subject of future work.

Table 6.1: CS2, S3A and S3B grid-average radar freeboard.

S3A S3B CS2

Mean radar freeboard (m) 0.095 0.093 0.096

S3A−CS2 S3B−CS2 S3A−S3B

Mean radar freeboard difference (m) 0.000 −0.003 0.003
SD on mean difference (m) 0.060 0.060 0.059
Pearson Correlation Coefficient 0.730 0.732 0.757
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Figure 6.4: CS2 and S3A/B radar freeboard differences winter 2018-19. Corresponding
statistical plots are shown in Figure 6.5 and summarised in Table 6.1.
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Figure 6.5: CS2 and S3A/B radar freeboard statistics winter 2018-19. (a) Histogram
of along-track radar freeboard measurements 1st December 2018 to 30th April 2019 for
S3A (blue), S3B (grey) and CS2 (red). CS2 points above 81.5◦ latitude are removed for
comparison with S3A/B. Dashed lines show the 3-σ bounds (3 standard deviations from
the mean). Points beyond these limits are removed before grid averaging. (b) Histogram of
gridded radar freeboard. Grid-average values for S3A, S3B and CS2 are shown in Table 6.1.
(c) Difference in S3A, S3B and CS2 gridded radar freeboard, see Table 6.1 for mean values.
Bottom row: Scatter plots of (d) CS2 vs. S3A (e) CS2 vs. S3B (f) S3A vs. S3B. Pearson
Correlation Coefficients are 0.73, 0.73 and 0.76 respectively (Table 6.1). Colour shows Kernel
Density Estimate.

Time-series of average radar freeboard within the FYI and MYI regions are shown

in Figure 6.7. Note that grid-cell averages are area weighted before calculating the

region-average. Grey lines show the daily-mean ‘fixed’ freeboard. Since this grid does

not vary in time, any temporal variability is the result of spatial sampling due to the

differing locations of ground tracks within each 9(30)-day interval. Time-series end

on the 15th of April since beyond that date, the CS2 product will not consist of a

full 30-days of data since no L1B data were processed for May at time of writing.

For multi-year ice, radar freeboard generally decreases during December, increases in

January, and then falls again before it increases from late February to mid-April. For

FYI, the 30-day radar freeboard evolution reveals a general increase from December

to April, in line with the idea that seasonal ice thickens throughout the growth

season. The 9-day product (solid red line) reveals more variability, with FYI radar

freeboard decreasing at various times, particularly at the beginning of March and

April. Fixed freeboards (grey lines) reveal very little variability for either the 30-day

or 9-day running means, for both regions. It is estimated that the variance of the
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Figure 6.6: Seasonal merged radar freeboard difference calculated by subtracting the
merged radar freeboard 1st December 2018 ± 4 days from the merged radar freeboard for
the 9 days centred around 26th April 2019. The dashed blue line shows the average MYI
position during 1st December 2018± 4 days, the solid blue line shows the mean MYI position
during the 9 days around 26th April 2019. ‘Holes’ above 81.5◦ latitude arise because only
CS2 data exists in this region.

9-day fixed freeboard (solid grey line) accounts for only 3% of the variance of the

9-day real freeboard variability (solid red line) for both ice types. It can therefore

be inferred that the MYI and FYI signals are not the result of sampling bias and

represent physical changes in radar freeboard over time.

6.3 Discussion

6.3.1 Drivers of radar freeboard variability

In order to understand the drivers of variability at the synoptic time scale, the

equation for radar freeboard can be broken into a Taylor expansion as follows.

The relationship between the radar freeboard, fr, and the real ice freeboard fi is

given by:

fi = fr + hs
(
α
c

cs
− 1
)
, (6.1)
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Fixed 9-day freeboard
Fixed 30-day freeboard
Real 9-day freeboard
Real 30-day freeboard

Figure 6.7: Arctic MYI and FYI radar freeboard time-series. The solid and dashed lines
show the 9-day and 30-day time-series for the ‘real’ (red) and ‘fixed’ (grey) radar freeboards
respectively. The variance of the 9-day fixed freeboard time-series (solid grey line) accounts
for only 3% of the variance of the 9-day real freeboard variability (solid red line) for both ice
types.

where hs is snow depth, c is the speed of light in a vacuum, and cs is the speed

of light in snow. α is a term added to account for penetration of the radar pulse

through the snow pack. If α = 1, the radar fully penetrates the snow, as is the usual

assumption when deriving ice thickness from radar altimetry (Laxon et al., 2013;

Kurtz et al., 2014; Ricker et al., 2015; Tilling et al., 2018). If α = 0, the radar pulse

reflects from the snow surface (as for a laser altimeter), and Equation 6.1 becomes

fi = fr − hs.

Sea ice thickness, hi, assuming hydrostatic equilibrium, is estimated as:
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hi =
fiρw + hsρs
ρw − ρi

, (6.2)

where ρw, ρs and ρi are the densities of sea water, snow and ice respectively. Substi-

tuting Equation 6.1 into 6.2:

hi =
frρw
ρw − ρi

+
hs
(
ρw(α c

cs
− 1) + ρs

)
ρw − ρi

. (6.3)

Rearranging for fr:

fr =
hi(ρw − ρi)

ρw
+ hs

(
1− α c

cs
− ρs
ρw

)
. (6.4)

Treating ρw and c/cs as constants, and supposing that α is constant and equal to

one (as traditionally assumed), a first order Taylor expansion of Equation 6.4 yields:

∆fr =
∂fr
∂ρi

∆ρi +
∂fr
∂hi

∆hi +
∂fr
∂hs

∆hs +
∂fr
∂ρs

∆ρs. (6.5)

Differentiating Equation 6.4 with respect to ρi, hi, hs, ρs:

∂fr
∂ρi

= − hi
ρw

(6.6)

∂fr
∂hi

=
ρw − ρi
ρw

(6.7)

∂fr
∂hs

= 1− α c
cs
− ρs
ρw

(6.8)

∂fr
∂ρs

= − hs
ρw

(6.9)

Values for Equations 6.6 to 6.9 are shown in Table 6.2, estimated assuming typical

values of; hi
MY I ≈ 2.5 m, hi

FY I ≈ 1 m (from CS2-derived sea ice thickness, as in

Tilling et al. (2018)), ρi
MY I ≈ 882.0 kg/m3 and ρi

FY I ≈ 916.7 kg/m3 (Alexandrov

et al., 2010), ρw ≈ 1023.9 kg/m3 (Wadhams et al., 1992), hs
MY I ≈ 0.3 m, hs

FY I ≈
0.15 m and ρs ≈ 300 kg/m3 (Warren et al., 1999; Kurtz & Farrell, 2011), c/cs ≈ 1.28
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∂fr
∂ρi

∂fr
∂hi

∂fr
∂hs

∂fr
∂ρs

Multi-year ice (MYI) −2 × 10−3 0.14 −0.6 −3 × 10−4

First-year ice (FYI) −1 × 10−3 0.10 −0.6 −1 × 10−4

Table 6.2: Estimated values for partial derivatives of Equation 6.5.

(Kwok, 2014), and α = 1. Rates of change for each variable and the impact of each

term on ∆fr are discussed below for MYI and FYI in turn.

Multi-year ice Ice densities used in the CPOM sea ice processor are taken from

Alexandrov et al. (2010), a study which complies in-situ data from the 1980s and

existing literature to estimate average Arctic ice and snow density and snow thickness.

The authors find a thickness dependent MYI density, varying from 887 kg/m3 for

2.4 m thick ice to to 876 kg/m3 for 4.2 m thick ice. Using these values, we assume a

typical multi-year ice compaction rate of ∼ −10 kg/m3 per winter, ∼ −1.66 kg/m3

per month, or ∼ −0.5 kg/m3 per ten days. Density decreases with MYI thickness

due to higher fraction of air-filled pores and increased air content and deformation

(Wadhams, 2000). CryoSat-2 sea ice thicknesses from CPOM (http://www.cpom.

ucl.ac.uk/csopr/seaice.html) reveal an average MYI thickness in December 2018

and April 2019 of ∼ 2.4 m and ∼ 3.1 m respectively. Using this to estimate MYI

growth, we find an increase per ten days of ≈ 6 cm. ∆hs, the ten-day change in

snow depth, is estimated from the Warren climatology (Warren et al., 1999) as ≈
1 cm. Finally, snow compaction is calculated from Figure 7 in Kwok & Cunningham

(2008); snow density increases from ∼ 200 kg/m3 at the beginning of September to

∼ 350 kg/m3 at the end of May - a rate of 150 kg/m3/9 months, ∼ 16 kg/m3 per

month or approximately 5 kg/m3 per ten days. Inputting rates of change and partial

derivatives into Equation 6.5, the typical ten-day change in MYI radar freeboard,

can be estimated:

∆fr
MY I =

∂fr
∂ρi

∆ρi +
∂fr
∂hi

∆hi +
∂fr
∂hs

∆hs +
∂fr
∂ρs

∆ρs

= [−2× 10−3 ×−0.5] + [0.14× 0.06] + [−0.6× 0.01] + [−3× 10−4 × 5]

= 0.0012 + 0.0083 + −0.0057 + −0.0015

= 0.002 m

Since the first and last terms, those driven by changes in snow and ice density, are

nearly an order of magnitude smaller than the other two terms and cancel out to

within a few tenths of a mm, variability of ∆fr is predominantly driven by changes
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in snow and ice thickness. The result of 2 mm radar freeboard increase every ten

days corresponds to an average radar freeboard approximately 1 cm larger at the end

of the winter season that an the beginning, as in Figure 6.7. Variability within this

period is dominated by the interplay between the opposing effect of ice growth and

snow loading. Keeping the ice growth rate ∆hi fixed at 6 cm/10-days, substituting

∆hs = 0.01 with ∆hs = 0.07 in Equation 6.5 yields a change in radar freeboard

of −3 cm, suggesting that the ∼ 3 cm drop in radar freeboard in early December

(Figure 6.7) could have resulted from 7 cm of snowfall across the region in ten days.

Before addressing the question of how probable this amount of snowfall is, the case

for first-year ice is presented.

First-year ice From in-situ data, FYI density varies between 840 and 910 kg/m3

(Timco & Frederking, 1996). Based on this, we assume a compaction rate of ∼
−50 kg/m3 per winter (Oct-April) ≈ −7 kg/m3 per month, or ≈ −2.3 kg/m3 per ten

days, where decreasing density with growth is attributed to brine loss (Petrich &

Eicken, 2010). First-year sea ice grows thermodynamically to a maximum of ∼ 3 m in

a growth season (Maykut & Untersteiner, 1971). Although this rate is not constant

throughout the winter (growth is fast initially but slows as the ice becomes thicker),

we estimate a ten-day thermodynamic growth ∆hi ≈ 2/(7 ∗ 3) ≈10 cm in ten days.

The same rate of snow precipitation and compaction is used as for MYI: ∆hs ∼ 1 cm;

∆ρs ∼ 5 kg/m3. Inputting rates of change and partial derivatives (Table 6.2) into

Equation 6.5:

∆fr
FY I =

∂fr
∂ρi

∆ρi +
∂fr
∂hi

∆hi +
∂fr
∂hs

∆hs +
∂fr
∂ρs

∆ρs

= [−1× 10−3 ×−2.3] + [0.10× 0.10] + [−0.6× 0.01] + [−1× 10−4 × 5]

= 0.0022 + 0.0105 + −0.0057 + −0.0007

= 0.006 m

(6.10)

∆fr ∼ 0.6 cm per ten days is consistent with the seasonal trend shown in Figure

6.7 of ∼ 7 cm in 4.5 months. While the 30-day running mean (red dashed line)

shows an almost linear increase in radar freeboard, the 9-day product (solid red line)

demonstrates periods of constant or decreasing fr, in particular in mid January, and

at the beginning of March and April. Taking the most extreme of these deviations

from the general trend, between the 1st and 10th March, radar freeboard falls by ∼
1 cm. Keeping all other terms the same, inputting ∆hs=4 cm induces a change in

radar freeboard of −1 cm. A reduction of 1 cm could also be attributed to a lesser

accumulation of snow combined with a reduced ice-thickening rate. For example

using values of ∆hi=1 cm and ∆hs=0.02 m yields a value of ∆fr of −0.01 m. Since
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ice growth is inversely proportional to ice thickness (Maykut & Untersteiner, 1971),

the rate of FYI growth is initially fast and slows through the winter season.

The deployment of a Taylor series using fixed values of ice/snow depth and density

is a gross simplification of the real-world situation; in actuality these values and

their rates of change will fluctuate and evolve over the season. Furthermore, the

influence of ice dynamics is unaccounted for and radar penetration α was assumed

to equal one everywhere, contradicting a number of studies (Willatt et al., 2011;

Armitage & Ridout, 2015; Nandan et al., 2017a). In spite of these assumptions, this

method permits a first-order assessment of whether the revealed synoptic variability

is realistic, and if so, which of the competing factors could be accountable. As

demonstrated above, snowfall is a dominant driver of radar freeboard variability,

and has a negative impact on fr owing to the slowing of the radar pulse through

the snow pack and depression of the ice under snow loading. In the next section an

independent dataset of daily snowfall is utilised to assess both the likelihood of the

9-day snowfall rates suggested above and, more generally, evaluate the correlation

between snowfall and radar freeboard.

6.3.2 Comparison with ERA5 snowfall

The ERA5 atmospheric reanalysis dataset replaces its predecessor ERA-Interim,

combining vast amounts of historical observations into global climate models and data

assimilations (ERA5, 2017). Pan-Arctic daily snowfall fields from ERA5 (available at:

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5) are summed

over the same 9-day periods within which satellite data was gathered, producing a

daily running mean of 9-day total snowfall. For each time-step, the spatial averages

of snowfall within the multi-year/first-year ice regions are calculated.

In Figure 6.8, the black lines shows the 9-day radar freeboard time-series (the

solid red lines in Figure 6.7), with the 30-day time-series (dashed red lines in Figure

6.7) subtracted, thereby isolating the synoptic-scale variability. The blue dashed line

shows the 9-day snowfall from ERA5 in cm snow water equivalent (SWE) - equivalent

to roughly 1/3 snow depth assuming a snow depth of 300 kg/m3. For multi-year ice

the sharpest decline in radar freeboard, that of approximately 3 cm between the 7th

and 15th December coincides with a reduction in ERA5 snowfall of ∼ 0.65 cm SWE.

Freshly fallen snow can have a density anywhere in the range 100 kg/m3 to 300 kg/m3

(Lepparanta, 1983); therefore 0.65 cm SWE could correspond to a snow depth in

the region of 2 to 6.5 cm. The equivalent time-series for first-year ice (Figure 6.8)

reveals a strong positive correlation between radar freeboard anomaly and snowfall,

quantified by a Pearson Correlation Coefficient of 0.72 and a p-value of zero. This

positive correlation is in direct contrast to the Taylor analysis of the previous section,

in which the contribution of snow depth was found to be negative due to below-zero
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Figure 6.8: Central Arctic radar freeboard time-series with ERA5 snowfall.

∂fr/∂hs term, defined above as:

∂fr
∂hs

= 1− α c
cs
− ρs
ρw
. (6.11)

Rearranging Equation 6.11 for α:

α =
cs
c

(
1− ∂fr

∂hs
− ρs
ρw

)
. (6.12)

Solving for ∂fr/∂hs = 0 whilst keeping c/cs = 1.28, ρs = 300 kg/m3 and ρw =

1023.9 kg/m3, yields a result of α = 0.55. That is, for values of α greater than 0.55,

the contribution of snowfall to radar freeboard will be negative, whereas for α < 0.55

radar freeboard will increase with increasing snow depth. In the extreme case, where
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α = 0, radar freeboard will increase by an amount equivalent to the snow depth. It is

interesting to note that the upward shift of ≈ 1.5 cm in FYI radar freeboard in late

February corresponds to an increase in ERA5 snowfall of approximately 0.5 cm SWE,

which assuming a typical snow density around 300 kg/m3 is equivalent to 1.5 cm of

snow depth. Indeed, the correlation between 9-day radar freeboard anomaly and

snowfall resembles the response one would expect from a laser altimeter. These

results are intriguing and while they remain difficult to interpret at this preliminary

stage, they potentially challenge the conventional notion of full snow penetration for

Ku-band radar.

This does not explain however why a decreased rate of snowfall should lead to

a fall in radar freeboard. Note that according to ERA5 data, 9-day total snowfall

is never zero during the 4.5 months analysed (Figure 6.8). Assuming that all snow

that falls settles and therefore accumulates over the season, and for the case α = 0,

radar freeboard would be expected to increase continually, though at a lesser rate

when snowfall decreases. One possibility is that snow compaction causes the snow

freeboard (height of the snow surface above the water) to fall in the days following

a snow-fall event. Heavy snowfall events associated with Arctic cyclones will be

accompanied by strong winds, promoting snow compaction, redistribution, and the

loss of snow to leads (Maykut & Untersteiner, 1971; Déry & Tremblay, 2004; Schröder

et al., 2019). The most dramatic decreases in radar freeboard; that at the beginning

of December over MYI and at the beginning of March and April over FYI, come

after the biggest snowfall events, lending support to these hypotheses. It is for the

moment unclear why there is sometimes an offset between the freeboard and snowfall

patterns, most notably for MYI. For example, for the multi-year ice case, the snowfall

peak around the 10th February lags behind the similarly-shaped freeboard signal

by ∼ 8 days. This could be due to uncertainty in ERA5 data regarding the timing

of snowfall events or their location (Boisvert et al., 2018). Given the much smaller

size of the MYI region compared to the FYI area (Figure 6.2), this may explain why

offsets are particularly pronounced over multi-year ice. A detailed spatial analysis

of radar freeboard and snowfall remains a next step that should shed some light on

these uncertainties.

6.4 Conclusions

In this chapter, radar freeboard was estimated using Level-1B waveform data from

the CryoSat-2, Sentinel-3A, and Sentinel-3B radar altimeters. Mean values of radar

freeboard from each satellite for the period December 2018 to April 2019 were found

to agree to within 3 mm. This consistency permits the merging of CS2, S3A and

S3B radar freeboard into a single dataset, which, below 81.5◦ latitude, was shown to

achieve comparable spatial coverage in 9 days as a month of CryoSat-2 data.
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For each day from the 1st December 2018 to 15th April 2019, ±4 days of merged

data was gathered and averaged within multi-year and first-year regions to produce

a time-series of radar freeboard over the winter season. Similarly, for each day, ±15

days of CryoSat-2 data (excluding points above 81.5◦ latitude) were averaged within

ice-type masked regions to generate a 30-day running mean of CS2 radar freeboard.

Using the 9(30) days of merged(CS2) satellite tracks to sample a stationary high-

resolution grid of season-average freeboard, it was possible to separate radar freeboard

variability due to spatial sampling (i.e. the location of the satellite tracks within the

9(30) days), from variability owing to a real change in radar freeboard with time. It

was found that the spatial sampling bias accounted for only 3% of the variance of

the freeboard variability, and the signal was therefore be assumed to be physical.

Comparing radar freeboard with snowfall from ERA5 atmospheric reanalysis,

a strong correlation with Pearson Coefficient 0.72 and p-value of zero was derived

over first-year ice. The fact that the correlation is positive, i.e. that radar freeboard

increases with increasing snow depth, suggests that the radar pulse is not penetrating

through to the ice interface. For radar freeboard to increase with snowfall as observed,

it was demonstrated that the radar pulse would have to penetrate to less than half

way through the snow pack. This finding lies in contrast to the bulk of the literature

which suggests a snow penetration of 50% or more (e.g. Armitage & Ridout, 2015;

Guerreiro et al., 2016), and appears to contradict the traditional assumption that

the dominant Ku-band radar reflection originates from the snow/ice interface.

These results highlight the need for a better understanding of the seasonal

evolution of the radar scattering horizon. Previously this has been made difficult

because of the inability to operate ground-based and airborne campaigns during

Arctic winter. The MOSAiC project, commencing autumn 2019, aims to answer

some of these questions with a dedicated ground-based radar penetration study

that will run until spring 2020. Including laser freeboard data from the ICESat-2

mission - which launched in September 2018 - in the regional time-series analysis

presented here would also help resolve the Ku-band scattering horizon. This remains

the subject of future work.

The intention of this chapter was to explore radar freeboard variability at the

synoptic time-scale, a key question being whether any real signal could be extracted

from sampling biases and noise. Regardless of the penetration issue, which remains

open for investigation, this work has demonstrated for the first time that satellite radar

freeboard variability over synoptic (9-day) time-scales can be resolved using merged

CryoSat-2 and Sentinel-3A/B data. With Sentinel-3C and 3D commissioned for

construction and scheduled for launch in the early 2020s, the Sentinel-3 constellation

will provide continuity of high-latitude sea ice altimetry into the 2030s, paving the

way for observations of Arctic sea ice and the ocean at finer temporal resolution than

ever previously possible.
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Chapter 7

Summary and Outlook

In this chapter the work undertaken in this thesis is summarised. The key method-

ologies and major results of each chapter are presented in turn, with particular

attention paid to the remaining limitations and avenues for future work. Finally, the

thesis is discussed in the broader context of multi-satellite synergies and polar ocean

altimetry.

7.1 Chapter 4: Dual-altimeter snow thickness

Chapter 4 developed a novel approach for estimating snow depth on sea ice from

dual-frequency altimetry. The methodology, which requires an independent data set

of snow and ice freeboard, was applied to two pairs of satellites; AltiKa (Ka-band

radar) and CryoSat-2 (Ku-band radar), and Envisat (Ku-band radar) and ICESat

(laser). The AltiKa−CryoSat-2 Dual-altimeter Snow Thickness (DuST) product was

evaluated against Operation IceBridge (OIB) snow depths from the 2013, 2014, 2015

and 2016 spring campaigns, returning root-mean-square deviations of 7.7, 5.3, 5.9

and 6.7 cm respectively.

Since a large part of the motivation for producing a monthly snow depth product

from observations was for implementation into sea ice thickness retrievals, this is

a clear next step relating to the work in this chapter. This was not undertaken as

part of this thesis since the development of DuST formed part of a wider European

Space Agency project, Arctic+, aimed at resolving snow thickness on Arctic sea

ice via observational and model-based techniques (http://due.esrin.esa.int/stse/

page stse project205.php). Work package 4 of Arctic+ involved the deployment of

DuST in sea ice thickness processing and a comparison of results against existing

thickness products, i.e. those using the Warren climatology (Warren et al., 1999)

(Figure 7.1). The results of this comparison are being prepared for publication.
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Figure 7.1: Comparison of sea ice thickness derived using DuST and the Warren climatology
for April 2014 as part of Work Package 4 of ESA’s Arctic+ snow on sea ice project. Taken
with permission from Sallila (2018).

The DuST methodology is limited by the fact that OIB data, used to calibrate the

satellite freeboards, are only available in the spring. It cannot therefore be assumed

that the derived calibration relationships are valid in the winter, particularly in light

of field and model-based research that implies a seasonally variable scattering horizon

as a function of snow moisture content and temperature (Willatt et al., 2011), and

salinity (Nandan et al., 2017b). Further, since OIB operates solely in the western

Arctic, DuST snow depth estimates remain unconstrained and unevaluated outside

of this region. These uncertainties should in part be resolved by results from the

MOSAiC campaign, which commences in October 2019. A dedicated in-situ radar

survey, operating throughout the winter, will not only help understand the seasonal

evolution of the Ka and Ku-band radar scattering horizons, but also generate an

in-situ snow depth dataset which could be used to validate dual-altimeter snow

depths for winter 2019-20.

The main motivation for including a treatment of ICESat−Envisat in Chapter

4 was to showcase the applicability of the method to CryoSat-2 and the ICESat-2

satellite, which at time of writing had not yet launched. ICESat-2 has been operating

successfully since October 2018, and data are now publicly available via the National

Snow and Ice Data Center (https://nsidc.org/data/icesat-2/products/). Although

ICESat-2’s laser beams are expected to resolve the snow surface to within 1-2 cm

precision (Kwok et al., 2019), a comparison of OIB and ICESat-2 laser freeboards

during their period of overlap in spring 2019 represents a necessary first-step towards

validating ICESat-2 snow freeboard. The CryoSat-2 calibration function presented

in Chapter 4 (Figure 4.2) could be improved with the addition of a further three

seasons of OIB campaigns since time of writing. Since ICESat-2’s latitudinal range

is the same as CryoSat-2’s (±88◦), the deployment of the DuST methodology to
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ICESat-2−CryoSat-2 would generate monthly snow depth estimates with near-total

spatial coverage of Arctic sea ice.

7.2 Chapter 5: Sea level and radar freeboard from

Sentinel-3A

The focus of Chapter 5 was a Sentinel-3A (S3A) vs. CryoSat-2 (CS2) comparison of

radar freeboard and sea-level anomaly (SLA) for the 2017-18 winter. A 2 cm bias was

found between SLA from each satellite, attributed to an intermission range bias. The

difference in S3A−CS2 basin-average radar freeboard was found to be 1 cm for all

6-months evaluated. Since radar freeboard is a relative difference measurement, it was

concluded that this discrepancy must be independent of range, and was attributed to

the need for an alternative retracker bias for S3A owing to the impact of its different

operation characteristics on waveform shape.

Using predicted ground track files, the gain in spatial and temporal resolution

afforded by combining data from Sentinel-3A, -3B and CryoSat-2 into a single dataset

was evaluated. It was found that the merged product fully maps the Arctic Ocean

below 81.5◦ latitude in ten days, permitting an investigation into the response of sea-

level and radar freeboard to synoptic time-scale changes in atmospheric conditions.

A potential area of improvement relating to this work is a refinement of the

method for identifying leads. Lead detection is traditionally based on threshold

techniques (Quartly et al., 2019); e.g. during CPOM processing, waveforms are

filtered according to their pulse peakiness and stack standard deviation. However

more recent approaches include spectral mixture analysis, where waveforms are

characterised based on where they fall on a spectrum between two end members, that

is, between an average lead and floe waveform (Lee et al., 2018). Preliminary work

undertaken during this PhD involved the implementation of Lee et al. (2018)’s lead-

detection algorithm to Sentinel-3A data and validation using visible imagery from

the Ocean Land and Color Instrument (OLCI) aboard the Sentinel-3 platforms. An

initial visual assessment of the algorithm’s performance on S3A data looks promising

(Figure 7.2), and improved lead-identification remains an area of ongoing research.

Beyond improvements to the freeboard-retrieval algorithm, a treatment of the

‘pole hole’ above Sentinel-3A’s latitudinal limit of 81.5◦ North remains a key future

focus. A primary reason that the work of chapter 5 is valuable is because it ensures

the continuation of sea ice thickness measurements from radar altimetry beyond

the lifespan of CryoSat-2. One of CryoSat-2’s primary scientific contributions has

been the development of an Arctic sea ice volume budget (Tilling et al., 2015), made

possible by the instrument’s extensive spatial coverage and mapping of the entire

multi-year sea ice cover. For the Sentinel-3 missions to continue the sea ice volume
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Figure 7.2: Sentinel-3A SAR track plotted over visible imagery from the Ocean Land Color
Instrument (OLCI), also aboard S3A. Red points show measurements identified as leads
based on (a) a pulse peakiness threshold (b) the spectral mixing analysis of Lee et al. (2018).

record established by CryoSat-2 over the last decade, the pole hole, with an area

of approximately 2.8 million square kilometres, presents a major limitation. One

possible approach to treat this problem could combine daily ice type masks from the

Ocean and Sea Ice Satellite Application Facility (OSI SAF) with average MYI and

FYI thicknesses within the hole derived from CryoSat-2. This first-order estimate of

sea ice volume within the region above 81.5◦ latitude could be compared with actual

CS2-derived volume, offering uncertainty bounds on future volume estimates by this

method. More sophisticated techniques could include the use of Lagrangian ice drift

vectors to estimate the advection of sea ice into and out of the pole hole.

7.3 Chapter 6: Radar freeboard variability at synoptic

time-scales

In Chapter 6, a combination of CryoSat-2, Sentinel-3A and -3B data was used to assess

changes in radar freeboard at 9-day time-scales. Time-series of multi-year ice (MYI)

and first-year ice (FYI) radar freeboard within the central Arctic were generated

for the period 1st December 2018 to 15th April 2019, and compared to 9-day total

snowfall calculated from ERA5 reanalysis. A strong positive correlation was found

between FYI radar freeboard and snowfall, a result that appears to contradict the

assumption that Ku-band altimeters penetrate to the snow-ice interface, and requires

further investigation. A comparison between ICESat-2 and CryoSat-2 freeboard,
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and the results from the MOSAiC mission will help resolve the Ku-band scattering

horizon.

It remains unclear why in the days following a snowfall event radar freeboard

appears to decrease. Possible explanations may be snow compaction or the redistri-

bution of snow by winds. A detailed spatial analysis of radar freeboard and snowfall

variability would help understand this observation; if periods of radar freeboard

decline can be located to more specific regions, the mechanisms explaining them may

be elucidated.

Other applications of the merged CryoSat-2 Sentinel-3 dataset developed in this

chapter include exploring sea surface height variability at the synoptic time-scale in

order to asses the oceanic response to weather events.

7.4 Broader perspective

This thesis has showcased some of the techniques and advances made possible using

synergies of different satellite altimetry missions. The main contributions of this

work to polar remote sensing are:

• The development of a novel method for estimating snow depth on sea ice from

dual-satellite altimetry.

• The first estimates of radar freeboard and sea-level anomaly from the Sentinel-

3A and -3B missions, and more crucially, the demonstration that they are

consistent with state-of-the-art data from CryoSat-2. This ensures the continu-

ation of the radar altimeter sea level and sea ice records beyond the end of the

CryoSat-2 mission, essential for the evaluation of long-term trends.

• The development of the first merged radar altimeter freeboard product with

basin-wide coverage and synoptic time-scale resolution (9 day composites),

allowing investigation of the response of radar freeboard to synoptic scale

meteorological events.

The implications of this work are not limited to the Arctic, the methods devel-

oped being equally applicable to the ice-covered Southern Ocean. A preliminary

AltiKa−CryoSat-2 DuST product suggests the possibility to resolve snow depth on

Antarctic sea ice by this methodology (Figure 7.3), though the derivation of new

calibration relationships via comparison with Operation IceBridge’s Antarctic cam-

paigns is a necessary step towards this goal. A combined CryoSat-2+Sentinel-3A/B

dataset of Antarctic radar freeboard and sea-level anomaly could provide valuable

insight into recent changes in the state of the Southern Ocean sea ice cover, which

has seen a rapid decline since autumn 2016 (Meehl et al., 2016; Ludescher et al.,

2019).
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Figure 7.3: AltiKa−CryoSat-2 dual-altimeter snow thickness (DuST) on Antarctic sea ice,
December 2018.
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Appendix A

Chapter 5 supplementary

figures

This appendix contains two figures that were supplementary to the submitted article

“Extending the Arctic Sea Ice Freeboard and Sea Level Record with the Sentinel-3

Radar Altimeters”, that forms Chapter 5 of this thesis.
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Figure A.1: Normalised histograms of radar freeboard for October 2017 (a) to

April 2018 (f), compiled from individual along-track measurements for S3A (blue)

and CS2 (red). Note that CS2 measurements above 81.5◦ latitude are excluded

for comparison with S3A. The dashed blue(red) lines show the 3-sigma limits (±3

standard deviations from the mean) of the S3A(CS2) 6-month histogram (shown

in Figure 5.2a). Points within the shaded regions outside these limits are removed

before grid averaging. (g) to (l) Histograms of (1.5◦ longitude x 0.5◦ latitude) grid

averaged radar freeboard for S3A (blue) and CS2 (red). (m) to (r) Histograms

of gridded S3A minus CS2 radar freeboard. The area-weighted mean difference is

plotted with a dashed navy line and the ± 1 weighted standard deviation about

the mean is shaded. (s) to (x) Scatter plots of CS2 radar freeboard vs. S3A radar

freeboard. The colour shows the Gaussian kernel density estimation, which has been

normalised from 0 (black) to 1 (ivory). The statistics corresponding to these plots

can be found in Table 5.3.
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Figure A.2: Normalised SLA histograms for October 2017 (a) to April 2018 (f),

compiled from individual along-track measurements below 81.5◦ latitude for S3A

(blue) and CS2 (red). The dashed blue (red) lines show the 3-sigma limits of the

S3A (CS2) 6-month histogram (Figure 5.3a). Points outside these limits (in shaded

regions), are removed before grid averaging. (g) to (l) Histograms of (1.5◦ longitude x

0.5◦ latitude) grid averaged SLA for S3A (blue) and CS2 (red). (m) to (r) Histograms

of gridded S3A minus CS2 SLA. The area-weighted mean difference is plotted with a

dashed navy line and the ± 1 weighted standard deviation about the mean is shaded.

(s) to (x) Scatter plots of CS2 SLA against S3A SLA; colour shows the Gaussian

kernel density estimation, which has been normalised from 0 (black) to 1 (ivory).

The statistics corresponding to these plots can be found in Table 5.4.
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