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Changes in sea ice cover are one of the most visible signs of climate change. Long time series of

thickness observations are needed to study climatological changes.

The knowledge of sea ice thickness is also important for human activities in the Arctic. Need for

better predictions of sea ice conditions is increasing due to opening of the Arctic sea routes for longer

operational season among other things. Improving predictions requires high-quality observations.

However, measuring sea ice thickness with adequate resolution, accuracy and coverage over the

Arctic is a major challenge.

In this thesis a new product of sea ice thickness, ESA-CCI (Climate Change Initiative), based on

satellite radar altimetry is used for assessment of sea ice thickness from ocean reanalysis ORAS5.

The CCI product combines two satellite missions, CryoSat-2 and ENVISAT, which leads to 15-year

time series of sea ice thickness over the Arctic.

The new CCI product performs well in validation of the reanalysis. Overall average difference

(RMSE) between sea ice thickness in the CCI product and reanalysis is below 1 m but seasonal

and interannual variation during the time series is from 0.5 m to 1.3 m. There are strong regional

differences. The results of this thesis support previous research. Differences are a sum of reanalysis

biases, such as incorrect physics or forcing, as well as uncertainties in satellite altimetry, such as

the snow product used in thickness retrieval.

Monthly separated time series of sea ice volume for the CCI coverage reveal years of extremely

low volume and recovery during the season. The trends in sea ice volume are clearly negative.

Monthly CCI trends are statistically significant. ORAS5 trends have larger interannual variability

and therefore show no significance. The observed negative trends are connected to changes in both,

atmospheric and oceanic forcing.

HELSINGIN YLIOPISTO — HELSINGFORS UNIVERSITET — UNIVERSITY OF HELSINKI
Tiedekunta — Fakultet — Faculty Koulutusohjelma — Utbildningsprogram — Degree programme

Tekijä — Författare — Author

Työn nimi — Arbetets titel — Title

Työn laji — Arbetets art — Level Aika — Datum — Month and year Sivumäärä — Sidantal — Number of pages

Tiivistelmä — Referat — Abstract

Avainsanat — Nyckelord — Keywords

Säilytyspaikka — Förvaringsställe — Where deposited

Muita tietoja — Övriga uppgifter — Additional information





Matemaattis-luonnontieteellinen tiedekunta
Ilmakehätieteiden maisteriohjelma
Hydrosfäärin geofysiikka

Joula Siponen

Uusanalyysin merijään paksuuden arviointi perustuen ESA Climate Change Initiative -tuotteeseen

Pro-gradu tutkielma 15.1.2019 55

merijää, Pohjoinen jäämeri, satelliittialtimetria, mallinnus, merijään paksuus, ilmastonmuutos

Kumpulan kampuskirjasto

Muutokset merijään paksuudessa ovat yksi selvimmistä ilmastonmuutoksen merkeistä. Klimatolo-

gisten muutosten tutkimiseen tarvitaan pitkiä havaintoaikasarjoja merijään paksuudesta.

Lisäksi tieto merijään paksuudesta on tärkeää kaikelle ihmistoiminnalle Arktisella alueella. Parem-

pien merijääennusteiden tarve on kasvussa muun muasssa Arktisen alueen laivareittien operatiivisen

kauden pidentyessä merijään vähenemisen seurauksena. Ennusteiden kehittäminen vaatii laaduk-

kaita havaintoja, mutta merijään paksuuden mittaaminen riittävän hyvällä resoluutiolla, tarkkuu-

della ja kattavuudella on merkittävä haaste.

Tässä tutkielmassa uutta aineistoa merijään paksuudesta, ESA-CCI (Climate Change Initiative),

joka perustuu satelliittialtimetriaan, on käytetty merten uusanalyysin, ORAS5, arviointiin. CCI-

aineisto yhdistää kaksi satelliittihanketta, Cryosat-2:n ja ENVISAT:in, minkä ansiosta käytössä on

15 vuoden aikasarja merijään paksuudesta Arktisella alueella.

Uusi aineisto toimii hyvin uusanalyysin validointiin. Kaiken kaikkiaan keskimääräinen ero (RMSE)

merijään paksuudessa aineistojen välillä on alle 1 m, mutta kausittain sekä vuosien välillä ero

vaihtelee 0,5 metristä 1,3 metriin. Alueelliset erot ovat suuria. Tämän tutkielman tulokset tulevat

aikaisempia tutkimustuloksia. Erot ovat uusanalyysin vikojen, kuten virheellisen fysiikan tai pakot-

teiden, ja satelliittialtimetrian epävarmuustekijöiden, kuten jään paksuuden johtamisessa käytetyn

lumiklimatologian, summa.

Kuukausittaiset merijään tilavuuden aikasarjat havaintojen kattavuudella paljastavat vuodet, jol-

loin tilavuus oli äärimmäisen alhainen, sekä vuoden sisällä tapahtuvan jääpeitteen palautumisen.

Aikasarjan pohjalta lasketut tilavuuden trendit ovat selvästi negatiivisia ja CCI-satelliittiaineiston

trendit tilastollisesti merkittäviä. Havaitut negatiiviset trendit ovat yhteydessä muutoksiin sekä

ilmakehän että meren pakotteissa.
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1. Introduction

1.1 Sea ice in the Arctic

Figure 1.1: The study area of the Arctic Ocean and its seas with the minimum sea ice extent of 2016. (Burgess

et al., 2017)

The Arctic Ocean lies around the North Pole and consists of multiple smaller seas (Figure

1.1). It is a largely landlocked ocean that has year-round ice cover. Continents surrounding

it limit the ice extent in the winter. Maximum coverage is reached typically in March and

minimum in September before the beginning of a new growth season. Atmospheric and oceanic

forcing determine the growth and melt of sea ice. Thermodynamical growth by freezing of sea

water and dynamical growth from ridging and rafting together define the maximum thickness.

2



3 Chapter 1. Introduction

Some of the ice survives through the summer to the next growing season and that part of the ice

cover is called multi-year ice (MYI). Ice formed during the same year is referred to as first-year

ice (FYI). Often older ice implies thicker ice but sometimes also FYI can build up to extremely

thick ridges, thicker than the thermodynamical growth alone enables. (e.g. Serreze and Meier,

2018; Haas, 2017)

Winds and ocean currents transfer momentum between the ocean, ice and the atmosphere,

making the ice move and break. In the Arctic most of the ice cover is constantly in motion of

different temporal and spatial scales. There are two main large scale drift patterns in the

Arctic: the Beaufort Gyre in the Beaufort Sea north of Canadian and Alaskan coasts is driven

by a persistent high pressure system in the area, and the Transpolar Drift transports ice from

the East Siberian coasts over the North Pole towards the Fram Strait and eventually out of

the Arctic Ocean. Also in smaller scales sea ice cover experiences convergence and divergence

that can lead to formation of high pressure ridges as well as open leads and, in extreme cases,

persistent irregularly shaped openings, polynyas. The thickest ice in the Arctic can be found

along the north coast of Greenland and Canadian Arctic Archipelago because of a slight onshore

component of the large drift patterns. Also the East Greenland Sea is known for thick ice

transported by the Transpolar Drift. (Serreze and Meier, 2018)

1.2 Changing sea ice

Climate change can be seen in the Arctic more clearly than anywhere else in the world. Mean

surface temperature has increased 2.5◦C since the end of the 20th century (Overland et al.,

2017). As part of the system, sea ice cover in the Arctic is experiencing major changes, which

reflect to the global climate system. (e.g. Serreze and Meier, 2018; Overland et al., 2017; Meier,

2017)

Sea ice extent is decreasing rapidly and the Arctic is expected to be ice free (sea ice

extent falling under 1 million km2) during summer in the next couple of centuries if not earlier

(Overland and Wang, 2013). In 2007 and 2012 the sea ice hit the record low extents, which

partly awoke scientist but also public to the situation. Multiple studies have shown that climate

models tend to underestimate the rate of sea ice loss compared to observations (e.g. Stroeve

et al., 2007). One reason for the offset is uncertain sensitivity of the Arctic sea ice to climate

forcing (Niederdrenk and Notz, 2018). Sensitivity refers to the amount of sea ice loss per degree
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global warming (Kay et al., 2011). Another reason is the role of interannual variability that was

recently studied by Ding et al. (2018) to account for about 40–50% of the recent sea ice decline.

Ding et al. analysed a set of fully coupled climate models together with sea ice concentration

observations, and concluded that the models lack in simulating the linkages between the Arctic

and lower latitudes.

While the extent is decreasing, also the melting season is getting longer due to warmer air

and ocean temperatures (Stroeve et al., 2014). When the ocean gets free of ice earlier, it has

more time to store heat during the summer melting season. Increased heat content of the surface

layer prevents freezing in the autumn delaying the beginning of growing season and therefore

lengthening the melt season even more. (Serreze and Meier, 2018)

In addition to sea ice extent loss, sea ice in the Arctic is thinning and getting younger.

The change was noticed already in the 90s (Rothrock et al., 1999) but it has not stopped, quite

the opposite (Serreze and Meier, 2018). Laxon et al. (2003) showed that numerical models and

thickness measurements agree that the sea ice thickness changes on much longer timescales than

ice extent, which makes it a better indicator of climate change. Changes in sea ice volume also

tell about the changes in the Arctic heat budget as well as freshwater exchange between sea ice

and the ocean.

Knowledge on sea ice thickness distribution is relevant for sea ice volume estimates over the

whole Arctic as well as predictions of the future sea ice conditions. When it comes to interactions

between the components of the system, it is important to know how the new thinner ice regimes

respond to atmospheric and oceanic forcing, and natural variability (Serreze and Meier, 2018).

It is already clear that thinner ice breaks more easily enhancing the melt and drifts faster leading

to more ice being transported out of the Arctic Ocean. Still some responses are likely unknown

and therefore impossible to predict. We haven’t seen the Arctic Ocean as it will be in the future.

It has been even suggested that parts of it are starting to resemble more the Atlantic Ocean

(Polyakov et al., 2017).

Environment, flora and fauna, as well as human activities in the Arctic are affected by

the changing sea ice conditions. Thinner sea ice and longer periods without any ice mean

challenges for any animal or human population dependent on ice cover, and larger variability

makes adaptation challenges worse. At the same time increasing accessibility arouses economical

interest towards the Arctic, for example by opening of new shipping routes. Better predictions
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Figure 1.2: Example of possible variations in sea ice thickness and snow on top within 10 km range by NASA

(2017). Often satellites cannot capture such variation due to the large size of the ground area covered with one

measurement, also known as a footprint of the satellite.

and forecasts across a wide range of time scales are required for any activity in the Arctic as

well as for understanding the climate system and preparing for future changes. Therefore we

need good observations and models.

1.3 Monitoring sea ice thickness

Models that simulate the physics of the climate system as well as a wide range of observations

form the basis for the knowledge we have of sea ice. The Arctic Ocean is a large area with

rather variable environmental conditions. The overall thinning of sea ice has been observed with

submarines and Upward Looking Sonars (USL) as well as airborne and satellite measurements

(Kwok and Rothrock, 2009). However measuring thickness is not that simple and resolution,

accuracy and coverage do not often go hand in hand. As the illustration 1.2 shows, thickness

varies largely even in scales of 1 km, and most ice being under the sea level plays a major

challenge for estimating thickness from above. In addition all the measurement techniques have

their own, sometimes partly unknown, sources of uncertainty (Lindsay and Schweiger, 2015).

Even if satellites are far from the target and individual measurements sometimes inaccurate, it

has been claimed by multiple studied that they are the only way to cover all the polar regions

in a month (Laxon et al., 2003; Tilling et al., 2017; Paul et al., 2018).

Continuous sea ice extent observation series started with passive microwave sensing in
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1979. Satellite altimetry, that is based on measuring radar beam echoes and calculating the

thickness assuming hydrostatic equilibrium, is a rather new tool for observing sea ice thickness

(e.g. Laxon et al., 2003; Tilling et al., 2017). With satellite radar altimetry it is possible to have

measurements throughout the growing season from October to April. Summer months cannot

be covered due to melt water on ice that affects the radar reflection. Laser altimetry is another

approach used for example by NASA’s ICESat (Ice, Cloud and land Elevation Satellite), to

conduct similar measurements. Its differences to radar include smaller penetration depth in the

snow-ice surface, smaller footprint as well as interference by atmospheric conditions, especially

clouds. Here I’m using a new product of sea ice thickness by radar altimetry covering time

series of 2002-2017 that became available in summer 2018 as a result of ESA (European Space

Agency) Climate Change Initiative.

Sea ice is an important component of the climate system because it controls the fluxes

of energy (heat and momentum) and matter (salt and moisture) between the ocean and the

atmosphere, and is related to major feedbacks of the system (for example albedo feedback).

Therefore sea ice is a part of all major climate and ocean models. Then again, models need

observations for validation and nowadays they are dependent on the global observation network.

Satellite observations play a significant role in validation of the models (Zuo et al., 2018).

Ocean Reanalysis is a combination of general ocean circulation model (GOCM) and ob-

servations to adjust it to fit the reality better. Reanalysis can be used for retrieving initial

conditions for a forecast. The reanalysis studied here is ORAS5 by the European Centre for

Medium-trange Weather Forecasting (ECMWF). Assimilation of multiple observational data

products has been studied to improve the performance of the model (Zuo et al., 2018). Lack

of products with proper quality control and coverage has prevented the assimilation of sea ice

thickness to ocean reanalysis but it has been suggested that it could increase the skill of forecasts

significantly (Day et al., 2014). Recently sea ice thickness has been included in the nudging of

the reanalysis to retrieve more accurate initial conditions for seasonal forecasts without fully

assimilating it.

1.4 Background and aim of the study

For validation of their own products, ECMWF has done comparison between model outputs of

sea ice thickness and observational datasets. Tietsche et al. (2015) compared the pilot version
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of ORAS5 Ocean Reanalysis (ORAP5) to several remote sensing datasets, especially NASA’s

ICESat (Ice, Clouds and land Elevation Satellite), between 1993-2012 using for example Root

Mean-Squared Error (RMSE) as a metric for the agreement between the model and observa-

tions. They stated that ORAP5 agrees well with the assimilated observations and can be used

for deriving initial conditions for predictions. In addition Tietsche et al. (2017) looked at the

differences between thin ice regimes from ORAS5 and ESA’s SMOS (Soil Moisture Ocean Salin-

ity) mission using passive microwave for measuring the thickness but this approach works only

for ice approximately less than 0.5 m thick. For time being ESA CCI product extension of the

ENVISAT mission, was still in the developing phase and therefore not used for comparison.

In this work I will compare the new CCI sea ice thickness product to the ORAS5 ocean

reanalysis. The processing methods used for the freeboard retrieval from ENVISAT is developed

by Paul et al. (2018) but also others, e.g. Guerreiro et al. (2017) and Schwegmann et al. (2015),

have done analysis of the overlapping period between Cryosat-2 and ENVISAT both in the

Arctic and Antarctic.

Thus the motive for this study comes from modelling purposes and developing forecasts

as well as from the improvement and testing of satellite altimetry product performance. The

aim is to give an answer to the question: Can ESA CCI sea ice thickness product be used for

the validation of sea ice in the ORAS5 ocean reanalysis during the growth season? To answer

the question, I will compare the mean thickness grid of both datasets as well as trends in sea ice

thickness and sea ice volume. In addition regional differences in sea ice thickness are examined

and linked to known challenges in modelling of sea ice as well as in satellite altimetry.

The thesis will consist of theory behind satellite altimetry and sea ice in ocean reanalysis,

description of data analysis process of comparing the two datasets as well as results from the

comparison and sea ice volume time series for 15-year time period of 2002–2017. In the discussion

part I will place the results in the context of what has been studied before and find geophysical

connections behind them. In the end I will conclude my findings.



2. Theory

In this chapter I will describe how satellite altimetry can be used for measuring sea ice thickness

in the Arctic and what are the processing steps needed before the final product is ready as well

as sources of uncertainty. Then I will explain the reanalysis concept focusing on the role of sea

ice in it including physical presentation of sea ice growth.

2.1 Satellite altimetry and sea ice

Figure 2.1: Illustration of CryoSat-2 satellite

measuring sea ice thickness with radar altimetry

by ESA (2007).

Updated and comprehensive description of estimat-

ing sea ice thickness and volume with satellite al-

timetry (CryoSat-2) is provided by Tilling et al.

(2017). Some methods of preprocessing vary be-

tween studies, but the basic structure of steps are

the same. The original CryoSat mission and its de-

sign and operation have been described by Wing-

ham et al. (2006). Unfortunately the first mission

did not succeed due to the failed launch in 2005,

but in 2010 European Space Agency (ESA) success-

fully launched an updated version, CryoSat-2, that

has proven to provide crucial data about the frozen

parts of the Earth, including sea ice but also ice

sheets on land. Figure 2.1 illustrates the CryoSat-2

measuring sea ice thickness. Before CryoSat time,

there were other altimetry satellites. One of them

was ENVISAT satellite carrying RA-2 (Radar Altimeter) operating from 2002 to 2012.

8
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Cryosat-2 (CS2) is a geodetic satellite that covers the Arctic all the way to 88◦N, which

is better than any other satellite used for studying sea ice in the Arctic. CS2 has repeat period

of 369 days which means that the same exact point at the surface is measured only about

once a year. CS2 works at the Ku-band (13.6 GHz) with a synthetic aperture radar altimeter,

SIRAL. Ku-band frequencies are assumed to be strongest reflected from the snow-ice interface

(Schwegmann et al., 2015). It has two nadir-looking antenna, 1 m apart in the across-track

direction. Waveform footprint surface with CS2 is small compared to other similar instruments,

only 4.9 km2. Small footprint of CS2 is enabled by the sliced radar beam of SIRAL technology

(Figure 2.1). SIRAL also makes it possible to reduce the noise from radar speckle by taking

multiple measurements from one location. (Tilling et al., 2017; Laxon et al., 2003)

CryoSat-2 works on three different modes: low resolution mode (LRM), synthetic aperture

radar (SAR) mode, and SAR interferometric (SARIn) mode. With SAR the amount of inde-

pendent measurements with finer resolution is higher than with LRM improving the retrieval

accuracy needed for the sea ice measurements. On the other hand, because of the relative flat-

ness of the sea ice surface, SARIn mode with the use of extra antenna for additional across-track

information is not necessary. However, it has been used for filtering of the noise from off-nadir

leads. (Wingham et al., 2006; Tilling et al., 2017)

ENVISAT satellite was not originally designed for sea ice thickness measurements and its

coverage over the Arctic is restricted to only 81.5◦N. It uses RA-2 radar altimeter that works

at Ku-band similar to CS2. Footprint is round instead of sliced and size is much larger than

CS2’s, 181.4 km2. This is a major challenge for retrieving the same resolution as from CS2 for

the final product but the new improved processing has enabled comparable sea ice thickness as

will be seen (Paul et al., 2018).

From radar echoes to sea ice thickness

Satellite altimetry is a method based on measuring distance and surface type by transmitting

radar waves towards the surface and studying the received echoes (i.e. backscatter pulse) that

have reflected or scattered from the solid surface back to the instruments on board the satellite.

Radar means that the pulses are electromagnetic radiation at radio frequencies. Travel time

of the pulse to reach the surface and the echo to get received is recorded and converted into

distance between the radar and the surface (also referred to as the range). Here near light speed
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is assumed but set of corrections, including atmospheric, geophysical (e.g. tides) and surface

corrections, are applied to get the final range.

Figure 2.2: Example of waveforms received from ENVISAT and CryoSat-2 by Schwegmann et al. (2015). Top

row shows ones from leads and lower row from ice floes. Grey line in the lead graphs presents the floes in the

same scale meaning that the echoes from leads have much higher power spectrum.

The received waveform does also provide information about the properties of the surface.

It is a sum of all surface types and reflectors inside the footprint of the radar. The method for

classification of surface types according to waveforms is based on pulse peakiness (PP) of the

waveform: peaky and specular waveforms refer to smooth surface and more diffuse waveforms

tell about rougher surface (Figure 2.2). Reflectance of the surface type affects its dominance

in the waveform. For example scattering from leads with specular waveform on the sides of

the footprint can dominate the power echo, which can lead to overestimation of two-way travel

time and therefore sea ice thickness up to 40 cm. This is where the SARIn mode of CryoSat-2

becomes useful. It can help to minimize the error in the final result (Armitage and Davidson,

2014). ENVISAT does not have the same capabilities and has a larger footprint, which means

that measurements by ENVISAT are more prone to errors from scattering of off-nadir sources.
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This can be also seen as a less clear waveforms in the Figure 2.2. Since the waveforms that

cannot be clearly classified are left out, ENVISAT provides smaller amount of valid data points

compared to CryoSat-2.

In addition to different surfaces inside the footprint, the waveforms produced by different

surface can be similar in the first place. Large open water areas between ice flows might have

waves that increase the surface roughness and eventually can lead to waveforms that are easily

mixed with ones from sea ice surface. This is why only areas with sea ice concentration more

than 75% can be used. At the same time, lead detection is crucial part of determining the

sea ice thickness, and the quality of the freeboard estimate improves with a clear separation

between leads and sea ice surface types. To aim for consistency between the datasets, a set of

parameters available for both sensors, on board CS2 and ENVISAT, were used for the surface

type classification of the CCI product. (Paul et al., 2018)

Different institutions have their own processing systems as well as retrackers (Tilling et al.,

2017). After the waveform origin, the surface type, has been classified, a retracker is used to

increase the amount of available data. This is especially important for ENVISAT processing very

coarse original resolution, 100 × 100 km. Paul et al. (2018) developed an empirical retracking

and surface type classification scheme that is consistent for CS2 and ENVISAT based on the

overlapping period from 11/2010 to 3/2012. As a result is the dataset, with good resolution (25

× 25 km), used in this work.

Figure 2.3: By assuming hydrostatic equilibrium, sea ice thickness can be derived from freeboard but it requires

estimations of snow loading on top of the ice as well as density of ice. (Tilling et al., 2017)

The freeboard measurement, i.e. the difference in range from lead and ice flow surface

measurement, is converted into ice thickness hi by assuming hydrostatic equilibrium between

water and the ice (Figure 2.3). The following methodology of this conversion of sea ice to
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thickness is combined from two sources, Tilling et al. (2017) and Ricker et al. (2014).

hi = fcρw + hsρs

ρw − ρi
(2.1)

where fc is ice freeboard (see Figure 2.3) that is the radar freeboard fr with corrections

added as follows:

fc = αfr + cp + cr + cw (2.2)

where corrections include penetration depth correction cp, effect of the surface roughness

cr and lower wave propagation speed in snow cw, and α represents the uncertainty from the

choice of retracker threshold.

For the thickness calculation, it is vital to have valid estimations of the densities of water

(ρw), snow (ρs) and ice (ρi) as well as snow layer depth hs on top of the ice (see Section 2.1).

The ice density differs depending on the age and structure of the ice (solid level ice or pressure

ridges etc.). The age is taken into account by using ice density ρi of 916.7 kg m−3 for FYI

and 882.0 kg m−3 for MYI (Alexandrov et al., 2010) that has more air pockets inside (Tilling

et al., 2017). Kern et al. (2015) studied the impacts of different density and snow products,

and conducted that the sea ice density and snow depth are equally important for the conversion

between freeboard and thickness. In fact the difference between MYI and FYI density can

explain thickness bias of 0.5 m. Ridged ice is more difficult to consider. As large areas might

have experienced ridging, it is important factor in the conversion from freeboard to thickness

but not included in the density approximation yet. Since the error in freeboard is relatively

smaller for thicker ice, the ice density becomes the major source of uncertainty for thick MYI

(Alexandrov et al., 2010).

Snow on ice

One of the biggest challenges needed to overcome during the following years of sea ice remote

sensing research is the snow on sea ice. The radar is assumed to penetrate to the snow-ice

interface, based on laboratory measurements done with cold and dry snow on ice (Beaven et al.,

1995), and therefore the amount of snow on top cannot be obtained from pure radar altimeter

measurements (e.g. Wadhams et al., 1992; Tilling et al., 2017).
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Snow loading has major effect on the conversion from freeboard to sea ice thickness (Kern

et al., 2015). The W99 climatology (Warren et al., 1999) used has been discovered to be outdated

by multiple studies. For example Kurtz and Farrell (2011) and Webster et al. (2014) compared it

to current observations conducted during NASA’s Operation IceBridge (Studinger et al., 2010).

Webster et al. (2014) reported thinning of the snow pack in all areas but up to 50% in some

areas, namely Beaufort and Chukchi seas. Kurtz and Farrell (2011) found that over first-year

ice the snow pack was 52% thinner during the observations than the climatology predicted.

It was confirmed by comparing to data from Ice Mass Balance Buoys (IMB) that the thin-

ning of the snow cover is not due to decrease in precipitation but changes in timing of the freeze

up. Later freeze up results in thinner cumulative snow cover since all the precipitation before

the freeze up falls into the ocean. Also other factors, e.g. changes in atmospheric circulation,

sea ice motion and deformation as well as snow distribution, affect the snow depth over the ice.

Especially large changes in snow cover in Beaufort and Chukchi seas can be explained by the

younger sea ice types. (Webster et al., 2014)

The difference in the performance of the W99 climatology over FYI and MYI has lead

to the snow depth to be corrected by taken only 50% over FYI (Laxon et al., 2013). This

approach is far from solid and requires additional sea ice type data. Effort has been recently

put to improving snow depth estimates. Blanchard-Wrigglesworth et al. (2018) reconstructed

the snow in the Arctic using observations of sea ice movement as well as snow precipitation

from reanalysis. Their results showed high interannual variability that the climatology cannot

produce. This is certainly one of the most important sources of uncertainty in sea ice thickness

estimates by altimetry.

Airborne campaigns are important source of validation data and more data are needed.

The advantage with the airborne laser altimetry is that the laser beam reflects already from

the snow surface. In ideal situation, there would be measurements from same locations with

these two methods and snow thickness could be calculated from the difference. Unfortunately

weather conditions cause problems to airborne campaigns and the satellite coverage can never

be achieved with them.

Snow cover does not only make sea ice thickness measurements with radar altimeter com-

plicated but even few centimeters of snow on top of 0.5 m thick ice cover reduces the conductive

heat flux through the ice by up to 50%, which slows the sea ice growth and increases the sen-
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sitivity of the ice cover to oceanic heat flux (Petrich and Eicken, 2017). In addition new snow

on ice increases the albedo of the surface significantly, restricting the absorption of incoming

short-wave radiation from the sun (Webster et al., 2014). I will talk more about the snow and

ice physics in the section 2.2.

2.2 Sea ice in Ocean Reanalysis

In this section I will describe the structure of the reanalysis used for the study, the main focus

being in the role of sea ice. First, it is important to note that there are multiple ocean reanalysis

available provided by different institutes and research groups. Intercomparison of the perfor-

mance of 14 ocean reanalysis with respect to sea ice in the Arctic was done by Chevallier et al.

(2017). Updated and wider analysis including other ocean parameters and also the Southern

Ocean was done recently by Uotila et al. (2018).

In this study ORAS5 by ECMWF was chosen to be used for analysis together with ESA-

CCI satellite altimetry product. ORAS5 is a global eddy-permitting ocean–sea ice reanalysis

that includes estimates of the ocean and sea ice states from 1979, the same time with continuous

satellite passive microwave measurements of sea ice concentration, to Near-Real-Time (NRT).

Together with Real-Time analysis component it forms OCEAN5 system that will be used as

initialization of the state of the ocean and sea ice in operational predictions of different time

scales. Recently completed full documentation of OCEAN5 system by ECMWF (Zuo et al.,

2018) has description of the validation and methods.

ORAS5 itself contains NEMO (Nucleus for European Modelling of the Ocean) ocean model

(Madec et al., 2016) and LIM2 (Louvain-la-Neuve Sea Ice Model, version 2) sea ice model

(Fichefet and Maqueda, 1997) that is coupled to the ocean model every three time steps. The

grid of the model is tripolar and the resolution of the model configuration is 0.25 × 0.25 degree

at the equator. In the Arctic the resolution can be better than 5 km in some areas, for example

in the Canadian Arctic Archipelago, due to the location of the three poles of the grid.

In order to improve the results of the model, observations are assimilated into the ORAS5

system. For this purpose, data assimilation system, NEMOVAR (Mogensen and M. Alonso Bal-

maseda, 2012), is used with configuration combining three-dimensional variational data assimi-

lation (3D-Var) with the first guess at appropriate time (FGAT). The Figure 2.4 shows the steps

that are taken in the data assimilation process. First the NEMO model is integrated forward in
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Figure 2.4: ORAS5 system in schematic diagram by Zuo et al. (2018).

time in order to calculate the model values comparable to the observations at their time steps.

Then 3D-Var FGAT method is used to produce assimilation increments based on minimisa-

tion of the cost function that combines the quality controlled observations and model induced

background field. On the second round of integration of the NEMO model, the increments are

applied.

Atmospheric forcing of ORAS5 comes from ERA-Interim (Dee et al., 2011) before 2015

and from operational ECMWF analysis after that. Assimilated observations include sea surface

temperature (SST), in situ temperature–salinity profiles (T/S), global sea level variations (SLA)

as well as sea ice concentration (SIC) (See Table 2.1 for sources).

Sea ice concentration from HadISST2.1 contains reprocessed EUMETSAT OSI-SAF

(Ocean and Sea Ice Satellite Application Facilities) product and NIC (National Ice Center)

ice charts. Due do overestimated values for charts, SIC in HadISST2.1 is higher than OSI-SAF

alone or OSTIA product. SIC and SST are important boundary conditions for the model runs.

Sea ice thickness is not assimilated to ORAS5, but it is used for validation of the model and

recently also nudging of the initial conditions of seasonal forecasts (Zuo et al., 2018). Model

experiments by for example Day et al. (2014) indicate that assimilating sea ice thickness could

result in significantly better sea ice as well as 2 m air temperature predictions in the Arctic.
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Already improving initial conditions leads to better predictions especially when it comes to

estimating summer sea ice starting the forecast in spring.

Table 2.1: Assimilated datasets of observations in ORAS5.

Variable Source

SST
HadISST2.1 (before 2008) (Titchner and Rayner, 2014)

OSTIA (2008 onwards) (Donlon et al., 2012)

SIC same as SST

T/S EN4 (Gouretski and Reseghetti, 2010)

SLA AVISO DT2014 (Pujol et al., 2016)

Basics of sea ice physics in the model

ORAS5 uses LIM2 as the sea ice model described by Fichefet and Maqueda (1997). It is a

dynamic-thermodynamic model run with viscous-plastic rheology based on Hibler (1979). The

thermodynamical fluxes and storages follow the 3-layer model by Semtner (1976) that consists

of one snow and two ice layers and has a single thickness category (see Figure 2.5). Latent heat

stored in the brine pockets of the sea ice is included in the model. Also leads and polynyas are

taken into consideration.

New sea ice model version LIM3 by Vancoppenolle et al. (2009) introduces multi-thickness

category as well as better vertical resolution and prognostic salinity profile instead of parame-

terization of latent heat in brine, which improves certain aspects of the model performance. The

influence of sea ice physics in these two models was studied by (Massonnet et al., 2011). Version

3 is not yet implemented in ORAS5.

In next section I will describe the physics behind the model and processes affecting sea

ice growth and melt based on description by Fichefet and Maqueda (1997) as well as Petrich

and Eicken (2017) and Haas (2017). The section is divided into two parts: thermodynamics and

dynamics.
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Thermodynamics

Thermodynamical sea ice growth is based on heat flux from the relatively warm ocean to the cold

atmosphere in winter. Loss of heat in winter cools the top layer of the ocean that gets heavier

and sinks to the bottom of the mixed layer, where it meets even denser water masses. When

the surface layer has reached freezing point, the ice formation begins. In LIM2 model the block

of ice and snow is divided into three layers that have constant temperature gradients (Figure

2.5. Since LIM2 has only one thickness category the model uses parameterization to include

virtual thickness distribution inside a grid cell. Temperature gradient and thermal conductivity

determine the conductive heat flux, Fc, through the layer. Properties of the layer, such as

density and specific heat, affect the heat transfer and storing capabilities of the layer. Due to

the large air content, snow layer on top has one order of magnitude smaller conductivity than

sea ice, which makes it an insulation layer.

Figure 2.5: Illustration of sea ice model and no-

tations used by Semtner (1976). Model has two

sea ice layers (hi) and one snow layer (hs). T

refers to temperature in different layers and F to

heat fluxes through the interface between the lay-

ers.

During ice growth the temperature at the bot-

tom of the ice, TB, is kept at freezing point, Tf ,

that is approximately -2◦C depending on salinity of

the water. Growth rate of sea ice can be calculated

based on energy balance between surface and bot-

tom of the ice. Thinner the ice, larger the conduc-

tion and hence faster the ice growth. Surface en-

ergy balance, that is needed for the calculation of

surface temperature, is a sum of incoming and out-

going shortwave (from the Sun) and longwave (from

the Earth) radiation as well as turbulent fluxes of

sensible and latent heat, and conductive flux from

the ice. Absorption of shortwave radiation depends

on albedo and therefore largely on snow on top of the ice.

In Arctic winter the shortwave radiation is absent due to polar night, and surface balance

negative. In that case, ice growth is determined mainly by the lower boundary. The one-

dimensional equation of energy balance reduces to the following form:
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−Fc + Fw + ρiLsi
dH

dt
= 0 (2.3)

where ρi is the density of ice and Li latent heat of ice. The difference between oceanic

heat flux Fw and conductive flux Fc determines the freezing, which means that the ice gets

thicker (dH/dt > 0) as long as conduction through the ice exceeds oceanic heat flux. Sources

of oceanic heat flux can be either heat stored in the mixed layer during the previous summer

or heat transferred from deeper layers. In the Arctic the remnant of the summer heat in the

mixed layer is more notable than heat from lower layers because the Arctic halocline is keeping

warmer Atlantic water masses from intruding the mixed layer.

In LIM2, solar energy absorbed into the ice in summer, Qst, is stored first in brine pockets,

and this energy is used for keeping the upper ice layer at melting point in autumn (Figure 2.5).

This represents the release of latent heat related to refreezing of the internal brine pockets. The

heat reservoir has been restricted to hold up to 50 % of the heat required to melt the whole

ice pack. When the limit is reached, excess heat goes for actual melting of the ice. In case the

ice-snow interface goes below sea level and sea water infiltrates the snow layer due to melting,

part of the snow depth is turned to sea ice depth in the model. This change simulates the

formation of so called snow-ice, that is basically frozen slush.

Leads and polynyas are taken into account with the concentration of sea ice that is the

fraction of the grid cell covered with sea ice. If the heat budget of the open water area is

negative, sea ice is accumulated onto the sides of existing ice floes by increasing the concentration

as parameterized in the model. Here correction factor is used to divide the new ice formation

between lateral and vertical growth so that the existing ice also thickens. To maintain only one

thickness category the new ice is added to the old ice. Snow is added on top of the increased

concentration depending on the atmospheric forcing of the reanalysis.

All the heat gain from leads and polynyas goes to basal melting from bottom since lateral

melting from the sides is assumed small. Melting changes the concentration and to conserve the

ice mass the thickness is corrected. Snow that covered the disappearing ice is moved on top of

the remaining ice (Fichefet and Maqueda, 1997).
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Figure 2.6: Illustration of dynamic processes affecting sea ice thickness as presented by Meier and Haas (2011).

Dynamics

Interaction between the ocean, atmosphere and sea ice includes exchange of momentum that

leads to movement of the ice. In the model sea ice is a two-dimensional continuum. Motion of

sea ice can be described by the following equation.

m
∂u
∂t

= −mfk× u + τai + τwi −mg∇ξ + F (2.4)

where m is the mass of the ice (including snow) per unit area, u is the sea ice velocity,

f the Coriolis parameter, k upward unit vector, τai and τwi are the air and water drag forces,

g gravitational acceleration, ξ is the sea surface dynamical height, and F forces due to internal

ice stress. Scale analysis shows that seasonal average force balance during the growth season is

dominated strongly by air and water drag, and internal stress (Steele et al., 1997). The thickness

distribution is strongly connected to the prevailing direction and intensity of the winds and ocean

currents in addition to temporally and spatially varying radiative heat fluxes. Figure 2.6 shows

how divergence and convergence of sea ice can lead to various features that change the sea ice

thickness.

Dynamical deformation of sea ice enables thickening without thermodynamics and it ac-

counts for the formation of the thickest ice observed in the Arctic. Strub-Klein and Sudom
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(2012) studied the variable first-year ice pressure ridges from multiple data sets and locations

around the Arctic, and found ridge sails (part above sea level) up to 8 m high by the shores of

Sakhalin, the Sea of Okhotsk, and ridge keel (part under the water) depths up to 28 m in the

Baltic Sea. Pressure ridges can account for 30–80% of the total ice volume of a floe or ice field,

depending on history of deformation. They also contribute to the roughness of the surface that

again affects the drag from wind and ocean current forcing.

On the other hand breaking of the ice and opening of leads as a result of divergent motion

cause more efficient ice formation in winter due to enhanced heat flux from the ocean to the

atmosphere. This is why wind-driven polynyas are often referred to as ice factories. Then again

if a pressure ridge thickness passes a certain equilibrium the ice starts to melt, even in winter,

in case of oceanic flux exceeding the low conductive flux through the ice.

The LIM2 model uses viscous-plastic rheology by Hibler (1979) to account for interactions

between ice flows that control ice deformation. ORAS5 uses ice strength parameter P ∗ of 1.5

× 104 when many other reanalysis included in the comparison by Chevallier et al. (2017) use

values of 2–2.75 × 104. Ice strength parameter has been studied to affect ice velocity as well as

thickness and basin scale volume strongly (Steele et al., 1997).



3. Data and methods

For this study I used data from two sources: ESA CCI satellite altimetry sea ice thickness

product and sea ice thickness from ORAS5 Ocean Reanalysis for 15 years, 2002–2017. This

chapter describes sources and methods used for the data analysis. Analysis is mainly done for

each month of the growing season separately to see variation inside the growing season and to

minimise the effect of the missing summer data.

Table 3.1: Datasets used in this work and their time coverage. CCI consists of ENVISAT and CryoSat-2

datasets. From ORAS5 I used opa0 ensemble member (see Appendix B for comparison of members). Between

the starting month and ending month of CCI datasets, there are data for every month of the growing season

(October-April).

Dataset Time period

ENVISAT 10/2002 - 03/2012

CryoSat-2 11/2010 - 04/2017

CCI 10/2002 - 04/2017

ORAS5 (opa0) 01/2002 - 12/2017

3.1 Datasets

Satellite radar altimetry dataset for sea ice thickness used here is developed together with

Alfred-Wegener-Institut (AWI) Helmholtz Zentrum für Polar und Meeresforschung and Finnish

Meteorological Institute as part of the ESA Sea ice Climate Change Initiative (CCI) project

(Phase 2). Dataset consists of Level 3 (L3) sea ice thickness measurements from Northern

Hemisphere winter months (October-April) 2002–2017 in monthly averaged grids.

Auxiliary datasets used in the processing of the satellite altimetry measurements into sea

21
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ice thickness are snow depth climatology by Warren et al. (1999), DTU15 global mean sea surface

(Andersen and Knudsen, 2009), OSI-SAF Global Sea Ice Concentration (EUMETSAT, 2015)

and sea ice type from ESA-SICCI multi-year area fraction based on National Snow and Ice Data

Center (NSIDC) SSMI-SSMIS brightness temperature (Version 4).

ESA CCI project has a mission to develop and gather archives of Earth Observation data

to form long time series for climate change research. When it comes to sea ice, the longest

continuous time series is the NASA’s passive microwave mission of sea ice concentration since

1979. Datasets from satellite altimetry from ERS and ENVISAT as well as the newest CryoSat-2

provide valuable information for developing sea ice Essential Climate Variables (ECV). (ESA,

2010)

ORAS5 Ocean Reanalysis data are provided by ECMWF. The original model output con-

sists of 5 ensemble members with slightly different initial conditions, forcing and observations.

When it comes to sea ice, the outcomes of the members are very similar. Based on personal

communications with Steffen Tietsche from ECMWF and Petteri Uotila as well as visual com-

parison of products (see Appendix B), I decided to use only one member, namely opa0, in this

work. For temporal and spatial comparability I averaged the daily data to monthly means and

regridded them to the CCI satellite data grid EASE that is a Lambert Azimuthal grid with 25

× 25 km equal cell size. The regridding was done using Climate Data Operators (CDO) tool

(info and documentation at https://code.mpimet.mpg.de/projects/cdo).

3.2 Quality control of ORAS5 sea ice thickness

The quality control for ORAS5 sea ice thickness dataset with respect to ESA CCI sea ice

thickness product was conducted including both temporal and spatial comparison. For this

purpose I used two methods: (1) Root Mean-Square Error (RMSE), which is a measure telling

how well predicted values by model match with observations, and (2) correlation of the mean

sea ice thickness for each month separately. Additionally I compared the difference maps for

specific months. The formulation for RMSE is the following:

RMSE =

√∑N
i=1(zri − zoi)2

N
(3.1)

where N is the number of grid cells, zri the ocean reanalysis grid of sea ice thickness and

https://code.mpimet.mpg.de/projects/cdo
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zoi the observations. RMSE is the square root of the sum of the squared differences in each grid

cell divided by the number of grid cells.

The advantage of RMSE is that it gives one value for each time step representing the

mean difference between datasets in hand. However, it does not tell the sign of the difference,

neither which set represents the reality better. Tietsche et al. (2014) studied RMSE of ORAP5

Ocean Reanalysis (the pilot version of ORAS5) with respect to ICESat (NASA’s laser altimetry

satellite) sea ice thickness. In their work ICESat data from 15 missions between 2003 and 2008

were interpolated to the model grid, and only grid cells with ICESat thickness larger than 0.5

m were considered. As a difference to their work I interpolated the model data to the satellite

observation grid. Otherwise I followed their footsteps with ORAS5 and CCI, which has not

been done before with the current versions of the datasets. Different regridding direction leads

to the RMSE being calculated only for the cells with CCI data coverage leaving large areas of

the Arctic out of comparison. For the CS2 time series the RMSE was calculated for the area

south of 81.5◦N for comparison to ENVISAT, and for the whole coverage up to 88◦N.

Table 3.2: The sections of the Arctic used for the correlation comparison between ORAS5 and CCI datasets.

Positive longitudes are east and negative west.

Eastern Longitudinal Western Longitudinal

Arctic limits (◦) Arctic limits (◦)

Norwegian Sea 0, 20 Greenland Sea 0, -40

Barents Sea 20, 60 Baffin Bay -40, -80

Kara Sea 60, 100 Can. Arctic Archipelago -80, -120

Laptev Sea 100, 140 Beaufort Sea -120, -160

East Siberian Sea 140, 180 Chukchi Sea (& Bering Sea) -160, -180

The second method for quality control, is looking at the correlation. I did it following

inspiration from a technical report by Tietsche et al. (2017), where they compared thin ice pro-

duced by ORAS5 to ESA’s SMOS (Soil Moisture and Ocean Salinity) satellite measurements

that are based on higher-frequency passive microwave than in sea ice concentration measure-

ments. I calculated the mean thickness grid of ORAS5 and CCI over the Arctic for each month

separately, and then the correlation between grid cells that had valid CCI data. I used R-squared

to measure the correlation, R being the correlation coefficient from linear regression. In order
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to compare correlation in different areas, I divided the Arctic into 10 sections that are defined

in the Table 3.2. In the north the limit is the same as in RMSE comparison, 81.5◦N, because of

the gap in the satellite data from ENVISAT.

3.3 Calculating sea ice volume

Since the data from satellite measurements are restricted to area south of approximately 81.5◦N,

the central Arctic Ocean is masked out from the ORAS5 data and sea ice volume is calculated for

the area between 45◦N and 81.5◦N. Sea ice thickness data from satellite observations only include

grid cells with sea ice concentration more than approximately 75 % due to smaller concentration

leading to errors in freeboard measurements because of high concentration of open water that

appears similar in the radar echoes (see Section 2.1). From the ORAS5 data the cells that also

had CCI coverage were taken into account to have a comparable time series. Absolute values

are then not comparable to other studies of sea ice volume over the Arctic Ocean.

SIV =
N∑

i=1
SITi × SICi ×A (3.2)

Additional data are needed in order to calculate the sea ice volume by multiplying sea ice

thickness SIT with area, A, and sea ice concentration, SIC, of the grid cell i as the Equation 3.2

shows. I converted the ORAS5 data to the same grid with CCI data, that have constant grid size

of 25 × 25 km. This makes comparison straightforward. Sea ice concentration again is included

in both datasets, and it comes originally from the same observational passive microwave data

set (OSI-SAF). Same data source for one of the multipliers of the equation 3.2 leads to results

being less independent.

In the light of the declining trend in sea ice in the Arctic, I studied the volume changes

in Arctic sea ice and looked at the ability of the model to reproduce the interannual variability

of sea ice volume as well as possible trends for the time series of 10/2002–4/2017. I carried out

the analysis for each month separately so that each time series is continuous and the differences

between phases of the growing season are more visible. The monthly trends were calculated by

linear least-squares regression. I calculated the statistical significance of the trends based on

p-value that uses null hypothesis of no trend. I included the trends to the comparison, marked

differently if insignificant.



4. Results

In this chapter the results of the quality control of ocean reanalysis ORAS5 and ESA CCI sea

ice thickness products, and the analysis of the volume time series for each month of the growing

season (October-April), are presented. First the Root Mean-Squared Error (RMSE) time series

is presented and analysed together with thickness difference maps. Then the correlation between

mean thickness grids for each month is presented and analysed. After comparison of the data

products the time series of sea ice volume over the data coverage are presented and compared.

In the end, the trend maps for the CCI and ORAS5 sea ice thickness over the time series of

2002–2017 for each month are presented.

4.1 Quality control

4.1.1 RMSE between ORAS5 and ESA CCI product

Root Mean-Square Error (RMSE), calculated for ORAS5 and CCI sea ice thickness as a time

series from 2002 to 2017 following the CCI data coverage each month is shown in Figure 4.1.

The mean RMSE over the ENVISAT period, 2002–2012, was 0.88 m and over CS2 period, 2010–

2017, 0.73 m for the coverage up to 88◦N and 0.78 m when limited to 81.5◦N. Maximum RMSE

over the whole time series was almost 1.3 m in October 2014 (< 81.5◦N) and minimum close to

0.5 m in the beginning of CS2 time series in November 2011. Time series of CS2 starting from

2010 follows the same seasonal curve in RMSE as the overlapping ENVISAT period 2010-2012

but the absolute values are approximately 0.1 m smaller. Taking the central Arctic into the

RMSE calculation for CS2 time series does not improve the results significantly except for some

specific months, such as extreme October 2014.

There is a clear seasonal variation recurring yearly that forms a u-shape. RMSE is the

smallest usually (12 out of 15 years) in November or December, and largest in February or

25
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March (10 out of 15). Some years (2 of 15) the highest RMSE is in October. RMSE increases

from November to March almost every year. Specific months of the time series are studied with

sea ice thickness difference maps in order to investigate the spatial variability of the difference

between ORAS5 and CCI sea ice thickness. Specific months are selected so that two sets of

CryoSat-2 coverage are formed: 1) comparing autumn part of the season, October-December,

of three different years 2010, 2014 and 2016, and 2) looking at the change between following

months during the spring part, February and March, in 2012.
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Figure 4.1: Root Mean-Square Error (RMSE) between ORAS5 and CCI October–April sea ice thickness in the

Arctic: between ENVISAT and ORAS5 in purple and CryoSat-2 and ORAS5 in red for the same northern limit

and yellow for total CryoSat-2 coverage. Overlapping period of the satellite missions is 11/2010–03/2012.

Figure 4.2 shows the difference between ORAS5 and CryoSat-2 measurements in autumn.

The maps reveal the yearly difference in how well the simulation correlates with the satellite

measurements in the beginning of the growing season. The amount of valid satellite altimetry

data points is smaller compared to spring season. October 2014 presents one of the largest

RMSE values, 1.05 m (almost 1.3 m with only ENVISAT coverage included), and October 2016

one of the lowest, 0.05 m. In November 2010 agreement between the reanalysis and altimetry

observations is the best of the whole time series RMSE being 0.5 m. Regional features of the

differences are similar in all of the cases: north of Greenland and the Beaufort Sea have clearly

thicker ice in ORAS5, and along the eastern coast of Greenland as well as the central Arctic

there are patches of thicker ice by CCI altimetry observations.

In 2014 the thickness difference from north of Greenland to Beaufort Sea is up to 2 meters.
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Figure 4.2: Sea ice thickness difference between ORAS5 and CryoSat-2 in the beginning of the growing season

2010, 2014 and 2016.

The sign of the difference cannot be seen from RMSE time series and so the maps reveal more.

In some areas CCI product shows up to 2 meters thicker ice compared to ORAS5. For example

north of Canadian Arctic Archipelago in 2016, unlike 2010 or 2014, there is an area where the

reanalysis is underestimating the thickness compared to observations.

Figure 4.3 illustrates the difference between following months, February and March of

2012. Those months are the ones with the largest number of valid satellite data points during

the growth season every year. Maps show two interesting features. First, ORAS5 has a strong

positive bias, up to 2 m, extending along the coast from north-east Greenland to north of Alaska

and along the Siberian coast persisting from February to March. From north of Svalbard to the

central Arctic there is an equally strong negative bias increasing slightly between the months.

Secondly, the difference between ORAS5 and CCI changes sign between the two months in the

Hudson Bay and Baffin Bay regions.

4.1.2 Sea ice thickness correlation regionally

The mean sea ice thickness grid was calculated to the CCI data, including both ENVISAT

and CryoSat-2, and ORAS5 reanalysis sea ice thickness. The correlation is shown separately

in the Siberian side of the Arctic Ocean (Figure 4.4a) and in the American side (Figure 4.4b).

Agreement between the satellite observations and model outcome vary from non-existent to

strong: R-squared values are between 0.37 in April and 0.74 in October, both extremes in the

Siberian side of the ocean. Maps of the mean thickness grids for each month and their difference
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Figure 4.3: Sea ice thickness difference between ORAS5 and CryoSat-2 in the end of the growing season 2012.

can be found in the Appendix A.

In the Siberian Arctic the correlation is good in October and declines as the growing

season advances. The amount of outliers in the data increases towards April. The thickest

ice of around 2.5 meters can be found in the East Siberian, Laptev and Kara Seas. Overall

ORAS5 shows larger values for sea ice thickness than the CCI. When CCI varies between 0 to

2 m, ORAS5 gives values of 0–3 m, especially thin ice being thicker. There are clear regional

differences. In the Barents Sea (red colour in the Figure 4.4a) the correlation is rather good

from October to December but from January on the data points start to diverge from the 1:1

line. There is more of a constant thickness of 0–1 m in the model when the CCI varies more

between 0 and 2 m, which makes it the only area in the Siberian side of the Arctic with ticker

ice by the observations.

Laptev and Kara Seas have constantly thicker ice by ORAS5 than CCI. Especially at

the very coast of Siberia in the Laptev Sea sector there is a high positive bias in the model

compared to the observed thickness that increases during the growing season. Here the satellite

observations give very small thickness, close to no ice at all, when the model expects up to 3

meters thick ice. This same pattern was seen in the maps of spring difference in sea ice thickness

(Figure 4.3).

In the American side of the Arctic Ocean the correlation between ORAS5 and CCI sea ice

thickness varies more than in the Siberian side. In the Chukchi Sea (including the Bering Sea) the
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(a) the Eastern Arctic Ocean

(b) the Western Arctic Ocean

Figure 4.4: Mean sea ice thickness correlation between CCI and ORAS5. Mean is calculated for time period of

total CCI dataset 2002–2017 for each month of the season separately.
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correlation is fairly good throughout the season even though most of the points show continuously

slightly higher thickness by the model, especially late in the season. The Beaufort Sea has the

strongest positive bias by the reanalysis together with the Canadian Arctic Archipelago. In the

Beaufort Sea the bias has similar magnitude as the bias in the Laptev Sea. The Canadian Arctic

Archipelago is scattered all over the graph with highest thickness values up to 5 m by ORAS5

and 0–4 m by CCI. As in the Barents Sea, the Greenland Sea is also a sector with notably

thicker ice by the CCI product, up to 5 m in single grid cells in the spring months compared to

ORAS5, where the thickness seems to have saturated approximately at 2 m. Still the variation

between single data points is notable.

4.2 Sea ice volume 2002–2017

To look at the time series of sea ice conditions over the whole Arctic, the sea ice volume (SIV)

for the satellite data coverage, between the latitudes 45 and 81◦N, is calculated following the

equation (3.2) for each month separately. As the Figure 4.5 shows, the SIV varies in the beginning

of the growing season (October) from 1.5 to almost 4 thousand km3 by CCI and 1.5 to almost

5 thousand km3 by ORAS5. In the end of the season (March), the volume is between 11 and

14.5 thousand km3 by CCI and ORAS5 volume variation is roughly inside the same range. The

variation is relatively smaller in the end of the season when there is more ice.

Interannual variation and extreme years in the sea ice volume can be captured with the

model and the observations. During the ENVISAT period the sea ice volume decreases rather

steadily with the exception of deep drop in 2007–2008 and the recovery following that. The

decreasing trend turns into peaking sea ice volume during the seasons 2013–2014 and 2014–

2015, so during CS2 time series. This peak is notably larger with ORAS5 than CCI, which can

be seen also as a large RMSE values 2014–2015. The last two seasons of the time series from

2015 to 2017, the volume drops close to the level before the peak from October to February, and

even below it in March and April.

Linear trends of SIV calculated for the CCI product (including CS2 and ENVISAT) and

ORAS5 2002–2017 are both clearly negative. CCI trends are statistically significant for all the

months, unlike for ORAS5. On its own, the CS2 trends are not statistically significant due to

the short time series (up to 7 years) and anomalously high volumes compared to the whole time

series. Large increase in volume in 2014–2015 is most probably behind insignificant ORAS5
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trends too. If all the data in the northern hemisphere below 81.5◦N is taken in, also ORAS5

shows significant trends for March and April (not shown here).

CCI has strongest negative trend in March and April, around -1.2 thousand km3/decade,

and November and December trends are not far behind (Table 4.1). Difference between CCI

and ORAS5 trend is smallest in the beginning on the season and largest in February and March,

up to 0.75 thousand km3/decade. In October the reanalysis shows more negative trend than

observations but in other months its trends are less negative than observed.

There is a peak in ORAS5 volume in spring 2012 (January–April) that is not visible in

CCI data. Then again the major drop in the following year is captured by both datasets even

though the absolute volumes differs up to 1 thousand km3 in February and April. Between CS2

and ORAS5 in April, there is the largest continuous difference.

Table 4.1: Trends for sea ice volume for each month of data coverage. ENVISAT period is 2002–2012, CryoSat-2

2010–2017, CCI and ORAS5 2002–2017. Units are in 103 km3 per decade. The trend is not statistically significant

(p > 0.05) if marked with *.

Data Oct Nov Dec Jan Feb Mar Apr

trend trend trend trend trend trend trend

ENVISAT -1.83 -1.33 -1.41 -1.21 -1.13 -1.30* -0.80*

CryoSat-2 0.80* 0.61* 0.85* 0.53* 0.33* -0.45* -1.48*

CCI -0.83 -1.13 -1.12 -1.00 -0.99 -1.22 -1.19

ORAS5 -1.14* -0.74* -0.53* -0.63* -0.24* -0.47* -0.70*

ORAS5 - CCI -0.31 0.39 0.59 0.37 0.75 0.75 0.49
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Figure 4.5: Time series of sea ice volume (SIV) calculated over the grid cells with satellite data coverage between

45–81◦N for each month of the growth season from October to April. If the linear trend is not statistically

significant, it is marked with dashed instead of continuous line. The trends in numbers are given in Table 4.1.



5. Discussion

In this chapter the results presented in the previous chapter are discussed in respect of previous

studies and theory behind the methods for retrieving sea ice thickness by altimetry as well as

known biases in the model. First the RMSE between the sea ice thickness from ORAS5 and CCI

thickness product is discussed. Then the connection of the shown differences is drawn to known

biases in the ocean reanalysis and then in the retrieval of thickness from satellite altimetry. After

the interpretation of the quality control of the products, the geophysical connections behind the

changes in sea ice volume and relation to previously studied events are studied. Last but not

least, some light is shed on the future development needs in the field of sea ice measurements

by satellite altimetry and inclusion of sea ice thickness in the reanalysis.

5.1 Comparison to previous validation studies

Report by Tietsche et al. (2014) comparing ORAP5 and ICESat satellite laser altimetry sea ice

thickness stated that ICESat had the best coverage over the Arctic Ocean back at the time of the

study. Their results however showed mean RMSE of 0.93 m for the whole Arctic, which is up to

20 cm higher than the RMSE that I calculated between CCI sea ice thickness and ORAS5 over

the CCI data coverage. The method of calculating the RMSE differs slightly since Tietsche et al.

(2014) interpolated the data from the ICESat missions over the whole Arctic before comparing

all the data points that had sea ice thickness of more than 0.5 m in the ICESat interpolation. I

used only the grid cells that have CCI data coverage (see Section 3.2). This leads to lower and

seasonally varying amount of data points for comparison but requires no further interpolation

on top of the averaging included in the processing of the CCI product. The advantage of

CCI compared to ICESat is that the satellite radar altimetry produces data for all months of

the growing season. ICESat has missions comprising 35 days in spring (February/March) and

33
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another 35 in autumn (October/November) (Kwok et al., 2007). Thus CCI product is better

validation product in the sense on temporal coverage.

Version of CCI product used here has better coverage and higher resolution (25 × 25 km

instead of 100 × 100 km) than the one used for brief comparison by Tietsche et al. in a poster

"Arctic sea ice thickness over the last decade from observations and ocean reanalysis". In the

Figure 5.1, ESA-CCI refers to the older version of CCI product and ENVISAT to the one used

in this study that was released in summer 2018. Better resolution and coverage for the same

dataset have been achieved by developing the freeboard retrieval using the overlapping period of

ENVISAT and CryoSat-2 satellite missions (Paul et al., 2018). The visual inspection of thickness

maps shows that the new CCI version agrees much better also with ICESat (Figure 5.1). Still

also the new product has to be used with caution. Paul et al. (2018) did a comparison of the

freeboard difference of the ENVISAT and CryoSat-2 and they found still local differences up to

20 cm, which would be approximately 2 m in thickness based on the hydrostatic equilibrium if

there was no snow. Overall performance has been seen to be moderately good but individual

cells can have major uncertainty based on just this difference and the assumption that CryoSat-2

is more or less right.

With CryoSat-2, even better coverage can be achieved due to higher inclination of the

satellite track that enables measurements all the way to the latitude of 89◦N. This is even better

than ICESat reaching 86◦N that previously had the best coverage of the Arctic (Tietsche et al.,

2014). Coverage difference and better original resolution as well as more advanced instrumen-

tation lead to the even better RMSE between ORAS5 and CS2 than ENVISAT. The difference

maps from three autumns (Figure 4.2) suggest that in the beginning of the growing season the

agreement is generally good in the Central Arctic, and February and March 2012 (Figure 4.3)

reveal the strongly thicker ice there in the CryoSat-2 measurements compared to ORAS5. These

features cannot be studied from the ENVISAT data and they affect the RMSE. This can be seen

as a slight difference in RMSE between the total CryoSat-2 coverage and CryoSat-2 limited to

81.5◦N (Figure 4.1).

Comparisons done between different reanalysis during the ENVISAT time period show very

similar reanalysis biases than comparison done here. Results from Chevallier et al. (2017) for

mean thickness difference 2003–2007 between pilot version ORAP5 and ICESat show the positive

bias in the Beaufort Sea. Uotila et al. (2018) calculated the difference for mean thickness 2000–
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2012 between ORAP5 and ITRP thickness product that includes varying set of observations

from airborne and satellite measurements to upward looking sonars and submarines (Lindsay

and Schweiger, 2015). Their maps showed also the Beaufort bias but the negative bias north

of Svalbard as well. These are clearly visible from my results, both from difference maps and

correlation scatters (Figures 4.2, 4.3 and 4.4), and the magnitude of the biases is the same,

around 1.5–2 m towards the reanalysis in the Beaufort Sea and towards the satellite observations

(a) Sea ice thickness from ICESat and earlier version of ESA-CCI product

February/March 2006 compared in the poster by Tietsche et al.

(b) Mean sea ice thickness of February and March 2006 from the new

CCI product.

Figure 5.1: Comparison of the CCI thickness versions and ICESat for the same time period. New version of

CCI has four times better resolution to the old and the clear improvements in the agreement with ICESat as well

as in data coverage are visible.
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north of Svalbard and along the ice edge in the Barents Sea.

5.2 Biases in the reanalysis or satellite altimetry?

Different types of challenges are related to the sea ice modelling and sea ice as part of ocean

reanalysis. Unrealistic performance of sea ice thickness production in the model is a sign of

inaccurate dynamics or thermodynamical processes behind the sea ice growth (Uotila et al.,

2018). Other sources of erroneous results can be found in the atmospheric and oceanic forcings,

as well as data assimilation, of the model or in the chaotic nature of the climate system that

is simply impossible to model in a perfect manner (Notz and Bitz, 2017). In this section I will

start by discussing some of the results in the light of the known biases in the model and ocean

reanalysis.

Sea ice concentration of ORAS5 has been compared to ESA CCI sea ice concentration

product, and the results acknowledge the largest bias in the East Greenland Sea and the Labrador

Sea (Zuo et al., 2018). A source of these biases is said to be related to the model errors in the

sea ice model NEMO-LIM2 (Tietsche et al., 2014). The sea ice thickness product of CCI used

here does not extent to the latitudes of the Labrador Sea (south of Greenland) but they show

the same bias in the East Greenland Sea. That region is the only one of the regions used for

the thickness correlation with notably thicker sea ice by the satellite measurements than by the

reanalysis (see Figure 4.4b). This is connected to the lack of thickness categories as well as

inaccurate sea ice drift in the sea ice model LIM2. Having only one thickness category and open

water in the model, requires unphysical assumptions. Gradual change in sea ice concentration

needs some thickness distribution inside the grid cell to be assumed but conductive heat fluxes

are still calculated for constant thickness. This leads to inaccurate simulation of sea ice thickness

below 0.5 m in the model. That limit is the initial thickness of sea ice that forms in an open-

water part of a grid cell, and is used for tuning of the model (Hibler, 1979). This could become

a bigger problem when the sea ice is getting thinner in most parts of the Arctic. (Tietsche et al.,

2014).

Effect of the thin ice error, in comparison of ORAS5 and CCI, is most likely one reason

behind large RMSE values in the beginning of the growing season in October, as well as the

thicker ice in the Barents Sea by ORAS5 in the spring. It can also explain part of the 3 m thicker

ice in the Laptev Sea close to Siberian coast. However, another major contributor to the positive
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bias in the Laptev Sea can be appearance of land-fast ice that cannot be simulated by the model.

Most of the ice along the Siberian coasts is often attached to the shore preventing movement

and pressure ridge formation, which means that the ice cover is most likely thinner than in more

convergent ice regions. The satellite observations can be expected to perform moderately well

in the region of less variable thickness distribution, provided that there are some leads available

for the reference sea surface height measurements.

Strong positive thickness bias in the Beaufort Sea occurs yearly throughout the time series.

As mentioned earlier this bias has been noticed to be a problem with this specific model but also

others. Therefore it is most likely caused by the model biases here too (Tietsche et al., 2014).

Beaufort area is also an area containing many upward looking sonars used for validation of CCI

data set meaning that especially in that area satellite altimetry can be assumed to perform well.

The model is concluded to be somewhat biased when it comes to ocean current and/or sea ice

velocities (Zuo et al., 2018), which could explain partly why sea ice grows up to 2 m thicker in

Beaufort Sea than CCI thickness suggests. The ice strength parameter is also lower compared to

other reanalysis, which could produce too large drift speeds (Chevallier et al., 2017). The other,

maybe even more profound, source of error there can be related to the atmospheric forcing and

unrealistically persistent high pressure in the area creating strong winds that push ice towards

the Gyre. Serreze and Meier (2018) pointed out that the shift in atmospheric pressure patterns

do not need to be large to affect the sea ice, and that the changing sea ice regimes due to climate

change might have an effect on these connections.

Model biases are one side of the story but also satellite altimetry contains a lot of approx-

imations and assumptions, such as the constant density values for thickness retrieval (Section

2.1), that accumulate uncertainty to the final thickness estimation. One of problems is the in-

strument footprint that can contain many different surfaces that all contribute to the received

waveform. This means that the measurements are not always trustworthy close to land, or inside

archipelagos. For example the Canadian Arctic Archipelago the amount of land possibly affects

the measurements, or at least the amount of valid data to average over the month. On the other

hand large solid ice cover areas like land-fast ice with no leads for reference, can be impossible

to measure accurately.

Still the largest acknowledged uncertainty in the satellite observations comes from the

outdated snow product used for the conversion from freeboard to thickness. This is most likely
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behind the the change in the sign of the difference between the model and observations between

February and March in the Hudson Bay. The climatology made for the central Arctic Ocean does

not work well this far away. This is also the reason behind no data available from the Labrador

Sea: Warren climatology gives even negative values there. Largely thicker observational values

in the Greenland Sea are likely also related to the snow product. Hence the difference of up to

5 m is a sum of too thick is by the satellite observations and too thin ice by the reanalysis.

5.3 About the volume trends

This section is for the analysis of the sea ice volume time series from ORAS5 and CCI. Difference

between the absolute volume values comes from sea ice thickness as well as sea ice concentration

(that comes originally from the same source). Concentration leads to some false correlation

between the data sets that needs to be taken into account. Comparing the volume to any other

sea ice volume estimate over the Arctic would require interpolation of the CCI dataset to include

also the very central Arctic Ocean as well as other missing data points. This has been done for

the CryoSat-2 before and the results show similar annual volume development than PIOMAS

model (Laxon et al., 2013).

As an improvement of the trend comparison with level 3 data set, specific areas with good

sea ice coverage throughout the season and time series could be chosen and volume time series

of those areas calculated. The time series could be also detrended to confirm that the model

can provide the anomalous events regardless of varying absolute values.

5.4 Geophysical connections

ORAS5 is able to produce sea ice volume extremes very well. The years of record low minimum

summer sea ice extent, 2007 and 2012, have caused a major drop in the volume the following

autumn lasting to the next spring. The 2007 situation was caused by persistent warm airmasses

intruding the Arctic with anomalously strong winds over the Chukchi and East Siberian Seas

that also pushed the ice edge further away from the Siberian shore towards the Central Arctic.

The same atmospheric patterns strengthened the northern winds in the Fram Strait that led to

increased transport of ice out of the Arctic (Serreze and Meier, 2018). These changes could be

clearly seen in the sea ice concentration and therefore also the volume changes agree between
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CCI and ORAS5. In both extreme years the relative drop decreases during the season with

increasing total volume, which supports the good recovering capabilities of the sea ice during

colder winter conditions. Thin ice or no ice means efficient growth after all.

Ricker et al. (2017) noted a drop in sea ice growth during winter 2015-2016 based on

CS2 and SMOS observations. They showed that the reason for this drop was anomalously

small number of freezing degree days, i.e. warm air temperatures during the winter. That led

to smaller temperature gradient between the ocean and the atmosphere, which means smaller

conductive heat flux and therefore less effective sea ice growth. This drop can be seen as relatively

the lowest volumes of the time series in March and April. The 2012–2013 season volume was

relatively the lowest of the time series for months from October to February. Hence the timing

for the anomalously warm temperatures partly determines the severity of the damage to the sea

ice cover.

As mentioned earlier, atmospheric conditions are not the only ones to affect the sea ice

cover but the ocean below has a major effect (Serreze and Meier, 2018). Especially in the Barents

Sea where the warm Atlantic current enters the Arctic, the oceanic heat flux can sometimes

become a major contributor to the sea ice loss. Usually the Arctic halocline protects the sea ice

from the warmer water masses under it, but weakening of the halocline could enable warming

of the surface layer from below enhancing sea ice melt and preventing freezing. This has been

suggested to have contributed to the sea ice loss during recent years as much as atmospheric

conditions (Polyakov et al., 2017). Alexeev et al. (2013) estimated that warming of Atlantic

Water intruding the Arctic has caused about 20% of the negative sea ice volume trend since

2004, including the time period of CCI data.

Since the thickness is a sum of thermodynamical and dynamical processes, also the changes

in ice motion, forcing from winds and ocean currents, affects the negative trend observed. In-

creasing drift speeds have been observed by multiple studies but the change seems to be mostly

connected to thinning of the ice, which increases its mobility and response to wind forcing.

Kwok et al. (2013) showed that the most increase in drift has happened in areas of decreased

MYI coverage. The question is how the modelling will keep up with the changing ice regimes.

Already today, as seen from my results also, the drift of sea ice seems to be a problem for the

model. Maybe tuning of the parameters, such as the ice strength, will solve part of the biases

but long term solution will be more precise modelling of physics, such as the inner stresses of



40 Chapter 5. Discussion

the ice. This will probably also require increase of resolution of NEMO-LIM2, which in turn

will make it more expensive.

5.5 Development of satellite altimetry and sea ice modelling

Even though ENVISAT data bring many years extra to the thickness time series, it is still short

for climatological analyses. Years of the high variability happen to occur after the change in the

satellite mission, which makes it harder to draw solid conclusions about the source of changes

in the agreement with the model. However, as mentioned earlier, the CryoSat-2 time series

shows especially promising results in comparison to ORAS5 reanalysis due to its advantageous

coverage over the Arctic. While the time series is getting longer and longer with time, the

volume trends will become significant and clearer, and climatological changes in sea ice can be

observed. Unfortunately the temporal data coverage of the satellite altimetry is dependent on

the length of the freezing season that is shortening due to warming climate (Stroeve et al., 2014).

While waiting for the longer time series, improvements of the additional data sets and methods

of sea ice thickness retrieval are needed. These include the snow and density estimations as well

as algorithms for retracking mentioned in the Chapter 2.1.

Improving the modelling of the sea ice and development toward the operational forecasting

it is important to improve the sea ice model, by changing to the new LIM3 or a model with best

features of multiple models, that includes thickness distribution inside grid cells and therefore

minimizes the problems related to only one thickness category (Vancoppenolle et al., 2009).

The other important step would be to assimilate a sea ice thickness or volume product to the

reanalysis together with already included concentration observations. As mentioned earlier, this

would improve short term and seasonal predictions. The CCI product alone might not be enough

but combined with for example SMOS, such as the product by Ricker et al. (2016), might work

as an assimilation dataset. The CCI product can definitely provide valuable information and

work as one of the validation sources for reanalysis and model experiments. It has proven its

assets against other data products, with 15-year time series of winter sea ice thickness.
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In this study the new ESA CCI sea ice thickness product was used to assess the ECMWF

ocean reanalysis ORAS5. With its advantageously long time series from 2002 to 2017, the new

product, with updated data processing scheme for ENVISAT mission data, enables comparison

of trends in sea ice conditions in the Arctic. Regional and seasonal biases between the reanalysis

and satellite product were discovered but CCI showed promising results in comparison to other

validation products. RMSE between ORAS5 and CCI product over the data coverage was

smaller in average than in previous comparisons between ORAS5 and ICESat.

Major regional biases were found for example from the Beaufort Sea, where the sea ice

was up to 2 m thicker by the reanalysis than was observed by satellite altimetry, and from

north of Svalbard towards the Central Arctic Ocean with as strong negative bias. Based of

previous studies, these differences between the observations and the model are linked to the

model physics, such as the one category sea ice model and drift patterns. The model tends to

transport too much ice along the Transpolar Drift and outside of the Arctic, as well as collect

too much ice in the Beaufort Gyre.

The other areas are harder to attribute as bias of the model, because also the satellite

product has its weaknesses. This applies for example to the Greenland Sea that is one of the

areas where the outdated snow climatology is expected to cause error in the altimetry sea ice

thickness retrieval. Also the Hudson Bay area is affected by the snow product bias due to its

location far from the central Arctic Ocean where the snow climatology is based on.

The time series of sea ice volumes for each month of the growing season proved that

both, CCI and ORAS5, can produce the interannual variation in large scale. Constraining sea

ice concentration by assimilation in ORAS5 is the key to the agreement but the atmospheric

forcing is also affected by the ice cover, which links to the simulation of sea ice in the model.

The years with extremely low sea ice concentration were visible in the time series but so was the
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recovering of the sea ice cover during the season. The connections to other studies show how

the negative trend in the sea ice volume is a sum of changes in the atmospheric patterns, such

as large scale pressure systems, and oceanic heat sources, such the strength of the intrusion of

warm Atlantic water into the Arctic Ocean.

In the future the CryoSat-2 and its better spatial coverage will hopefully provide long time

series of sea ice thickness. This is essential for prediction of the ice regimes never seen before. At

the same time the opening of the Arctic for more frequent navigation increases the need of better

short term forecasts, which requires improved initial conditions. Eventually assimilation of sea

ice thickness and velocity, among other variables, will improve performance of the predictions.
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Appendix A. Sea ice thickness maps for each month of the growing season,

mean of 2002–2017 from ORAS5 and CCI

Figure A.1: Mean sea ice thickness in the Arctic for 2002–2017 October, November and December. The map

in the right shows the difference between the thickness maps from ORAS5 and CCI.
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Appendix A. Sea ice thickness maps for each month of the growing season,

mean of 2002–2017 from ORAS5 and CCI

Figure A.2: Mean sea ice thickness in the Arctic for 2002–2017 January and February. The map in the right

shows the difference between the thickness maps from ORAS5 and CCI.
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Appendix A. Sea ice thickness maps for each month of the growing season,

mean of 2002–2017 from ORAS5 and CCI

Figure A.3: Mean sea ice thickness in the Arctic for 2002–2017 March and April. The map in the right shows

the difference between the thickness maps from ORAS5 and CCI.



Appendix B. ORAS5 ensemble members opa0, opa1, opa2, opa3 and opa4

Figure B.1: Sea ice thickness in the Arctic in March 2017 by different ensemble members of ORAS5.
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55 Appendix B. ORAS5 ensemble members opa0, opa1, opa2, opa3 and opa4

Figure B.2: Sea ice thickness in the Arctic in November 2017 by different ensemble members of ORAS5.
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