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Abstract.

Climate change has significantly affected the Arctic over the satellite era, with sea ice undergoing a substantial decline. While

changes in sea ice concentration (SIC) and sea ice extent (SIE) have been widely studied, sea ice thickness (SIT) and volume

(SIV) remain less well constrained due to limited observations. Quantifying SIV trends is particularly important for under-

standing sea ice changes in response to climate change. Here we present three reanalyses that assimilate different combinations5

of SIC and SIT products, including year-round SIT observations, into the CPOM-CICE sea ice model, which incorporates

advanced parameterisations for melt ponds, form drag, and rheology. Assimilating NASA Team SIC together with year-round

SIT substantially improves SIT estimates, and year-round SIT assimilation outperforms winter-only SIT assimilation, even at

the end of winter, by better initialising the growth season. Comparison with four independent observational datasets and PI-

OMAS identifies the best-performing reanalysis, which we analyse for 2010–2020 to diagnose model deficiencies. The model10

exhibits a seasonally compensating bias cycle: excessive freeze-up and overly thick, consolidated ice in autumn and winter lead

to elevated extent and thickness and a suppressed marginal ice zone in spring, while enhanced late-summer melt offsets these

errors, yielding September extents close to observations but with anomalously thick ice packed against the Canadian Arctic

Archipelago. This suggests that misrepresentations of ice growth, lead formation and refreezing, marginal ice zone dynamics,

mechanical redistribution, and melt timing interact to obscure errors in concentration and thickness. Additionally, our best per-15

forming reanalysis also shows the thickest ice is less thick and more evenly distributed across the central Arctic in the 2010s.

This reanalysis provides new insight into recent Arctic sea ice change and its underlying processes, as well as identifying key

deficiencies in the sea ice model physics which can be a focus for future model development.
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1 Introduction

Arctic sea ice is a major component of the global climate system; it interacts with the surrounding atmosphere and ocean20

through exchanges of heat, moisture and momentum, driving changes in both the local and global climate. The Arctic has

experienced the effects of human-induced climate change more than any other region on Earth. Arctic Amplification (AA)

has seen the Arctic warm at a rate 3-5 times faster than the global average since 1979 (Rantanen et al., 2022). AA is driven

by sea ice loss caused by rising atmospheric carbon dioxide levels from anthropogenic emissions (Notz and Stroeve, 2016;

Dai et al., 2019). Since 1979, Arctic sea ice cover has declined at an average rate of approximately 5% per decade, with an25

accelerated decrease in the 21st century (Cavalieri and Parkinson, 2012). The global impacts of Arctic climate change and the

mechanisms driving these shifts are still being investigated (Francis et al., 2017; Eayrs et al., 2021; Riihelä et al., 2021; Previdi

et al., 2021; Schuur et al., 2022). Advancing our understanding of the physical processes behind these changes is crucial for

Arctic communities (Arruda and Krutkowski, 2017), wildlife (David et al., 2016; Hunter et al., 2010), and shipping (Melia

et al., 2016; Min et al., 2022; Shu et al., 2024).30

Over the past 15 years, the Arctic sea ice cover has shifted from being dominated by thick multi-year ice (MYI) to thin-

ner, seasonal first-year ice (FYI), with MYI extent declining by roughly 50% (Kwok, 2018; Stroeve et al., 2014; Stroeve and

Notz, 2018). Consequently, accurately representing the physical properties of FYI and its interactions with the ocean and at-

mosphere has become increasingly critical for modelling the Arctic sea ice system. This transition has driven greater focus on35

the marginal ice zone (MIZ)—the dynamic ice-edge region where waves strongly influence sea ice behaviour (Strong et al.,

2017). Recent advances include the introduction of floe size distribution schemes (Bateson et al., 2020), the coupling of sea ice

and wave models (Boutin et al., 2020), and discrete-element rheologies to better capture sea ice drift and deformation (Rampal

et al., 2015). Despite this progress, substantial uncertainties remain in the representation of rheology, ice–ocean momentum

exchange, and wave–ice feedbacks, as MIZ processes overall act as a negative feedback in winter, but are positive in summer40

(Horvat, 2022; Bennetts et al., 2022; Frew et al., 2025). Moreover, recent evaluations show that thermodynamic processes in

CMIP6 sea ice models are systematically overestimated compared with buoy observations (West and Blockley, 2024). These

gaps raise key questions about when, where, and why models misrepresent melt and growth, and the relative roles of FYI

and MYI in these processes. To address these issues, we develop a reanalysis of the Arctic sea ice cover that integrates state-

of-the-art modelling with satellite observations of sea ice concentration (SIC) and thickness (SIT) to provide a spatially and45

temporally consistent record over the past four decades.

In comparison with the atmosphere and ocean, there are relatively fewer reanalysis studies focusing on sea ice. One rea-

son for this is a lack of available observations for assimilation with good spatial and temporal coverage in comparison with

the rest of the globe. The first studies combining data assimilation and sea ice appeared in the early-mid 1990s, with the as-50

similation of SIC (Thomas and Rothrock, 1993; Thomas et al., 1996). The Pan-Arctic Ice Ocean Modeling and Assimilation

System (PIOMAS) reanalysis was first introduced in 2003 by Zhang and Rothrock (2003). PIOMAS is a coupled ice-ocean
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model which assimilates sea surface temperature (SST) data in ice-free grid cells, and ice concentration, using a relatively

simple nudging technique, which aims to move the model variables closer to their observed counterparts by use of a weighting

factor. PIOMAS has been extensively validated and is often used for validating Arctic sea ice in models, reanalyses and obser-55

vations (Schweiger et al., 2011). Another prominent reanalysis focusing on sea ice is the TOPAZ4 system (Sakov et al., 2012).

This is also a coupled ocean-ice model which assimilates (alongside ocean parameters) ice concentration and ice drift, and

also has successfully implemented SIT assimilation from the combined CryoSat-2 and Satellite Moisture and Ocean Salinity

(CS2SMOS) dataset (Ricker et al., 2017; Xie et al., 2018). There are now a wide number of operational ocean-sea ice reanaly-

sis and prediction systems (Chevallier et al., 2017), with the majority only assimilating SIC alongside ocean variables like sea60

surface temperature (SST), temperature and salinity.

The launch of CryoSat-2 (CS2) (Wingham et al., 2006) has since allowed the processing of SIT observations since Octo-

ber 2010 with good spatial and temporal coverage and high accuracy. The two ice thickness datasets most often used for

assimilation have been the Centre for Polar Observation and Modelling (CPOM) dataset (Laxon et al., 2013), and the Alfred65

Wegener Institute (AWI) dataset, which combines thicker ice measurements from CS2 with thinner ice measurements from the

Soil Moisture and Salinity (SMOS) radiometer (Ricker et al., 2017). In the past 5-10 years there have been a number of studies

assimilating ice thickness data derived from this satellite. Blockley and Peterson (2018) assimilated the Laxon et al. (2013)

SIT dataset using optimal interpolation (OI) using the UK Met Office’s FOAM/GloSea 5, and has since assimilated along-track

daily SIT data using 3D-Var (Fiedler et al., 2022), and showed positive results for prediction and reanalysis in validation with70

independent data. Xie et al. (2018), assimilated the AWI CS2SMOS SIT into the TOPAZ4 system using an Ensemble Kalman

Filter (EnKF) method and reduced both bias and errors against validation data. Fritzner et al. (2019) compared the assimilation

of SIC, CPOM CS2 SIT and a snow depth product (Rostosky et al., 2018) in a short reanalysis study using a coupled ocean-sea

ice system and an EnKF, and found that ice thickness assimilation can improve SIC, thickness and snow depth. A study by Mu

et al. (2020) using a fully coupled climate model (Alfred Wegener Institute, Helmholtz Center for Polar and Marine Research75

Climate Model (AWI-CM, v1.1) ) showed that assimilating SIT improved estimates of SIT in comparison to the Beaufort

Gyre Exploration Project (BGEP) upward looking sonar (ULS) mooring SIT data (Krishfield et al., 2014). Recently, a new

year-round dataset of SIT was developed from the CS2 observations using machine learning and produced in Landy et al.

(2022). Min et al. (2023) assimilated this dataset into the Massachusetts Institute of Technology general circulation model

(MITgcm) and showed that it can improve estimates of Arctic SIT. Zhang et al. (2023) showed that year-round SIT resulted in80

strong improvements in September sea ice prediction. Recently it has also been shown that assimilation of a sea ice thickness

distribution (SITD) can improve model estimates of sea ice (Williams et al., 2023). Other studies highlighting the benefits of

SIT assimilation include Yang et al. (2014); Massonnet et al. (2015); Mu et al. (2018); Mignac et al. (2022); Nab et al. (2025);

Williams et al. (2025). In summary, assimilation of SIT data clearly shows strong benefits for both prediction and reanalysis in

climate modelling.85

We present a new data assimilation system that combines the CPOM implementation of the Los Alamos Sea Ice Model (CICE)
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(Hunke et al., 2015) with the Parallelised Data Assimilation Framework (PDAF) (Nerger et al., 2005). Using this framework,

we produce three different reanalyses over the satellite era (1981–2020) assimilating different configurations of SIC, SIT, and

SITD, including recent year-round SIT observations (Landy et al., 2022). These reanalyses provide new insights into long-term90

changes in sea ice cover, allow systematic evaluation of model performance during the CryoSat-2 era (2010–present), and high-

light key directions for improving sea ice modelling. Independent validation is carried out using Operation IceBridge (OIB),

Beaufort Gyre Exploration Project (BGEP) upward-looking sonar (ULS) SIT data, and a withheld subset of winter CryoSat-2

observations.

95

This study is outlined as follows. In section 2 we outline the sea ice model and data assimilation scheme used to produce

the reanalysis, the observational datasets used for assimilation in the reanalyses, and the data used to validate the reanalyses.

We also discuss validation metrics for our reanalyses. In section 3 we first present a validation of our reanalysis with inde-

pendent SIT observations. We then present key results from our sea ice reanalysis including sea ice concentration, extent,

thickness, volume and their trends and climatology. We then compare our best performing reanalysis against a free run of our100

model CPOM-CICE, highlighting key differences between the two, identifying the causes and the possible deficiencies in the

model, and possible methods to resolve them in the model physics. In section 4 the results are discussed in further detail. In

the conclusion we discuss the key results, outcomes and potential future works.

2 Method

2.1 CPOM-CICE105

We use a standalone sea ice model, the CPOM version of the CICE model v5.1.2 (CPOM-CICE), which uses five thickness

categories (lower limits 0 m, 0.6 m, 1.2 m, 2.4 m and 3.6 m). This includes an internal stress tensor with an elastic-plastic-

anisotropic rheology (Tsamados et al., 2013) in the sea ice momentum balance, which matches observations better than other

often-used sea ice rheologies, and also parameterisations for form drag (Tsamados et al., 2014). The horizontal transport

equation is solved using the incremental remapping scheme of Lipscomb and Hunke (2004). The transport of sea ice in thick-110

ness space is determined by the remapping scheme of Lipscomb (2001), where its mechanical redistribution is formulated

by the scheme of Lipscomb et al. (2007) with ice strength defined as in Rothrock (1975). The 1-dimensional vertical Bitz

and Lipscomb (Bitz and Lipscomb, 1999) thermodynamical model is used to solve the ice and snow heat flux equations in

each category and accounts for the freezing and melting of brine pockets. The topographic melt pond scheme of Flocco et al.

(2010) is used. The natural optical properties of the snow and ice are better accounted for by using a Delta-Eddington approach115

(Briegleb and Light, 2007) to define their scattering and absorption characteristics for computing the sea ice shortwave albedo

and incoming shortwave radiation. This is used in conjunction with the bubbly brine thermal conductivity parameterisation

(Pringle et al., 2007), which increases the conductivity of colder sea ice.

CICE is a dynamic and thermodynamic model of sea ice designed to function as the sea ice component of a fully coupled120
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global climate model, but in this study we use it standalone, not coupled to any atmospheric or ocean climate model. The

CPOM-CICE model has previously been used to produce realistic estimates of the sea ice state using the parameterisations

described in this section (Schröder et al., 2019; Rolph et al., 2020; Bateson et al., 2020). We use the thermodynamic slab mixed

layer ocean model with a prognostic ocean temperature contained within CICE which is initialised with ocean temperature and

salinity from a climatology based on an ocean reanalysis (Ferry et al., 2011). The prognostic ocean temperature is restored125

to the monthly climatology with a 20 day timescale to account for heat advection in the ocean. The mixed layer salinity is

also prescribed from the same climatology. The ocean currents (also at 3 m depth) are also taken from the same reanalysis.

The atmospheric forcing data used are NCEP-2 (Kanamitsu et al., 2002) comprising daily downward shortwave and longwave

radiation fluxes and 6-hourly 2 m temperature and humidity and 10 m wind velocity. These atmospheric forcing fields are per-

turbed to generate ensemble spread as described in (Williams et al., 2023). We also take monthly mean precipitation from the130

same reanalysis, which is not perturbed. We run CPOM-CICE on the ORCA 1 degree tripolar grid over a pan-Arctic domain.

2.2 Ensemble Kalman Filter

In this work, we couple CPOM-CICE to the Parallel Data Assimilation Framework (PDAF) (Nerger and Hiller, 2013), a soft-

ware environment that provides efficient ensemble-based data assimilation for climate models with minimal modifications to

the original model code. We use PDAF version 1.16, which offers a modular implementation supporting numerous observation135

types and simplifies assimilation compared to earlier versions. Data assimilation is performed using the Local Ensemble Trans-

form Kalman Filter (LETKF) (Hunt et al., 2007). The LETKF is a sequential data assimilation method that estimates the mean

and covariance of the posterior probability density function (PDF), assuming Gaussian error statistics, rather than solving for

the posterior mode as in variational methods. Errors are assumed to be unbiased and Gaussian. Localisation is applied to miti-

gate spurious long-distance correlations arising from ensemble undersampling. In this study, a Gaspari–Cohn function (Gaspari140

and Cohn, 1999) is used for covariance localisation, which smoothly decreases to zero at the specified localisation radius. A

localisation radius of 200 km is used in all reanalyses. The LETKF also supports ensemble spread maintenance through the

use of inflation or a forgetting factor (Pham et al., 1998). A forgetting factor of 0.995 (equivalent to an inflation factor of 1.01)

is used in this study, which we previously applied successfully in this system (Williams et al., 2023).

2.3 Observations for Assimilation145

In this study we assimilate SIC daily data from either the Bootstrap (Comiso, 2017) dataset or the NASA Team (Cavalieri

and Parkinson, 2012). These datasets are available daily from 1979 to the present. These datasets are not assimilated together

but in two separate reanalysis experiments. These datasets use different SIC retrieval algorithms but are based upon the same

principle, only differing in choices of frequency channels, polarisations and reference brightness temperatures (Ivanova et al.,

2014). The two datasets generally show similar ice-edge positions in the Arctic (Comiso et al., 1997), though the NASA Team150

dataset has lower ice concentrations around the outer regions of the ice pack. Fluctuations in the ice pack can also produce

discrepancies which may lead to large differences in SIC retrieval between the two datasets (Comiso et al., 1997). One key

difference is in how the two algorithms handle melt ponds, which appear as open water in the satellite data. The Bootstrap al-
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gorithm tries to offset this bias by synthetically increasing estimates of SICs much more than the Team algorithm does (Bunzel

et al., 2018). In our reanalyses we compare and contrast the assimilation of NASA Team and Bootstrap SIC data with regards155

to the different effects their assimilation has on the estimates of the Arctic sea ice state.

Errors on SIC estimates from satellites are difficult to quantify, but overall retrieval accuracy is estimated to be between 5% and

10%. The largest errors can arise in the marginal ice zone (MIZ), and in summer where melt ponds can dominate the surface

of the sea ice cover (Ivanova et al., 2015), in these grid cells errors may be as high as 30% (Comiso, 2017). In this paper, we160

use observation errors for the SIC that depend on the season and the observed ice concentration. For SIC measurements above

0.8, we use an observation error of 0.2 for May-September (inclusive), and 0.1 outside of these months. Otherwise we use an

observation error of 0.15. The same observation error is used for each dataset.

The second type of observation we assimilate in this study is SIT. The first SIT dataset we use is the year-round SIT dataset165

of (Landy et al., 2022), also derived from CS2 radar altimetry measurements (hereafter referred to as AYR-CS2). Previously,

Arctic SIT datasets were often limited to the winter months due to the presence of melt ponds on the ice surface during spring

and summer. Within conventional satellite (radar) processing routines, these melt ponds are interpreted as leads, precluding an

accurate estimation of ice freeboard (Laxon et al., 2013; Ricker et al., 2017) Landy et al. (2022) follows on work by Dawson

et al. (2022), which uses a trained 1D convolutional neural network to separate CS2 radar returns from leads with those from170

floes and melt ponds. In Landy et al. (2022), this work is continued by converting the estimated freeboard to thickness, and

importantly correcting for a thickness bias in the CS2 radar altimeter. This bias in the CS2 radar altimeter causes an underes-

timation of the thickest ice in the central Arctic, and is corrected for by assessing the radar response over melt pond covered

sea ice and simulations to characterise the electromagnetic response. The bias-corrected freeboard measurements are then

converted to ice thickness using snow depths and densities from a Lagrangian snow loading model. The SIT measurements175

are averaged and produced on 80 km grid cell size at 15 day intervals, we have interpolated these into monthly mean SIT

estimates on the ORCA 1 degree tripolar grid. The SIT measurements calculated in May and September have patterns that

closely resemble the April and October WIN-CS2 CPOM processed SIT respectively. Individual error statistics are provided

with each observation, which are used for the observation error covariance matrix for the assimilation. Observation errors for

this product are lower in winter and higher in summer. We assimilate monthly averages of SIT in the middle of each month as180

an instantaneous observation. This dataset is available in bi-weekly and monthly periods from October 2010 to the present.

The second SIT dataset we use is the winter CS2 SIT dataset Laxon et al. (2013); Tilling et al. (2018) (we refer to this

dataset as WIN-CS2 from hereon). As with AYR-CS2, this dataset is available from October 2010, but only between October

and April. There are two key processes in producing SIT measurements from the raw observation data: the differentiation be-185

tween measurements of surface elevation of the ocean and surface elevation of the sea ice, and the process which then converts

the calculated freeboard to thickness. Sea ice and the leads between ice floes can be differentiated in radar echoes by the shape

of the echo waveform, and then a process known as retracking is used to determine the location on each waveform which
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represents the average surface elevation within the satellite footprint. CPOM uses a Gaussian-plus-exponential waveform fit

to retrack echoes from leads (Giles et al., 2008) and a 70% leading edge threshold from the first peak to retrack floe echoes190

(Tilling et al., 2018). Other retrackers have been used to produce freeboard and thickness data from CS2, which can yield

markedly different results (Ricker et al., 2014). It is assumed that the radar bursts reflect off the snow-ice interface as shown

in Beaven (1995) though more recent research shows that this may not always be the case (Stroeve et al., 2020). The biggest

source of uncertainty occurs when converting freeboard to SIT, assuming hydrostatic equilibrium. This requires knowledge

of the snow cover on the Arctic, which is extremely limited. WIN-CS2 uses a modified Warren climatology, derived from195

measurements from Soviet drifting stations between 1954-1991 (Warren et al., 1999). The climatological snow depth is halved

over FYI, in line with results from airborne field campaigns (Kurtz and Farrell, 2011). Due to the uncertainties in the retracking

and conversion of freeboard to thickness, uncertainty is highest in the thinner measurements of ice for WIN-CS2. Therefore

we do not use thickness measurements of ice thickness below 0.5 m. As with AYR-CS2, WIN-CS2 is assimilated as a monthly

average in the middle of each month. Errors are not provided with the product, and are estimated as in Williams et al. (2023).200

We use a randomly withheld 25% subset of the total data for validation, the other 75% of which is assimilated.

The final observation assimilated is the SITD derived from CS2, first assimilated in Williams et al. (2023). The dataset is

derived from CS2 measurements, so is only available in winter, and as with SIT data, we assimilate monthly averages in the

middle of each month. SITD observations are derived from the individual observations of thickness from the WIN-CS2 dataset.205

These individual measurements are binned according to the thickness distribution used in our CICE model (Schröder et al.,

2019), with measurements over one month used to find monthly mean values. We then have observations of ten different vari-

ables; a∗n, the area of ice (as a proportion of the total ice) in categories 1-5, where the open water fraction a0 in that grid cell is

unknown, and hn, the mean thickness of ice in categories 1-5. For a∗n this means

210

5∑

n=1

a∗n = 1.

These observed variables are related to the state variables an and vn by

215

an = a∗na

hn =
vn

an
,

220

where a is the total fraction of sea ice in a grid cell, an is the fraction of sea ice in thickness category n in a grid cell and vn

is the volume of ice per unit grid cell area in category n. The uncertainties on these observations are very difficult to ascertain

due to the processing of the product and the multiple sources of contributing errors in the processing. We use the same error
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analysis as in Williams et al. (2023) to find reasonable estimates of errors which we summarise briefly here. It is difficult to

find errors for ice concentration and ice thickness in each category that are consistent with all estimated values of mean ice225

thickness (which use relative errors). However we find that using a total error of 0.3 for ice concentration in each category and

0.8 m for ice thickness in each category leads at least to errors that are close to (or slightly worse than) the mean ice thick-

ness error equivalent. The derivation of these errors is described in more detail in Williams et al. (2023). Note that the SITD is

only assimilated together with the Laxon et al. (2013) WIN-CS2 SIT dataset from which it is derived, not the AYR-CS2 dataset.

230

2.4 Observations for Validation

We use four datasets for validation in this paper. The first is the OIB SIT quick-look dataset between 2011 and 2016 (Kurtz

et al., 2013). As the more reliable Level 4 product (Kurtz et al., 2016) does not cover the whole period of our assimilation exper-

iment. We also use the quick-look version 1 dataset (Kurtz et al., 2015) for evaluation. The OIB dataset consists of observations

from the Advanced Topographic Laser Altimeter (ATLAS) flown on airborne missions during surveys done in March-April235

each year between 2009-2019 (We use the L4 product data for 2011-2013, and the L1 quick-look data between 2014-2016).

The aircraft fly at an altitude of 460 m, use along track smoothing of 40 m and an observation frequency corresponding to 1 m

along-track. This oversampling allows for statistical smoothing (Farrell et al., 2011). The OIB SIT data are at a much higher

resolution than our model, so are averaged daily and interpolated onto the ORCA 1 degree tripolar grid.

240

The second dataset of SIT observations we use for validation are the sea ice drafts, the thickness of the sea ice under sea

level, from the BGEP moorings. BGEP includes ULS measuring instruments Krishfield et al. (2014). There are a total of 4

moorings, 2 of which (A and B) have been in operation since August 2003, C was in operation until 2008, and D has been in

operation since 2005. The ULS instruments measured sea ice draft every 2 seconds before 2014, and every second after. The

sea ice draft is found by subtracting the range measured by the ULS instrument from the known depth of the instrument. The245

draft measurements have a stated error of 5-10 cm (Krishfield and Proshutinsky, 2006). To compare this data to our model

monthly mean thickness, we first take the monthly means of the sea ice draft observations. We convert the sea ice draft into

SIT using the method of Rothrock et al. (2008), using hydrostatic equilibrium and accounting for seasonal changes in snow

depth using the Warren climatology (Warren et al., 1999), and then average all the measurements over each month to find the

monthly mean thicknesses which we can compare to the model. If a month has more than 3 days consecutive missing data,250

then we do not calculate a monthly average for that month.

The final dataset we use is PIOMAS (Zhang and Rothrock, 2003) SIT and SIV. This is for validation and comparison with

our own reanalyses. PIOMAS is a sea ice and ocean reanalysis running from 1979 to the present day. PIOMAS assimilates SIC

using a relatively simple nudging technique which moves the model variables closer to their observed counterparts. PIOMAS255

also assimilates SST through optimal interpolation (OI). PIOMAS has been extensively validated through in-situ (submarine,

ship and mooring) and satellite observations, with its uncertainty in SIV for October calculated to be 1.35×103 km3 (Schweiger

8
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et al., 2011), as an example. Due to this extensive validation, PIOMAS is often used as a validation and comparison tool for

sea ice datasets.

2.5 Validation Metrics260

In this paper we use a variety of metrics to understand and validate the reanalysis. We define SIE as the sum of the area where

ice concentration is 15% or greater. We use bias, RMSE and Pearson’s correlation coefficient as follows

Bias =
N∑

i=1

Wi(xi − yi), (1)

RMSE =

√√√√
N∑

i=1

Wi(xi − yi)2, (2)

Correlation =
∑N

i=1 x′iy
′
i√∑N

i=1 x′2i

√∑N
i=1 y′2i

, (3)265

where xi and yi are the model and observation values respectively, N is the total number of data points. Wi are weights

proportional to the area of the corresponding grid cell. For point-wise bias and RMSE calculations Wi is 1
N , x′i and y′i are the

residuals between the model/observation values and their respective means. We additionally use a simple linear regression (line

of best fit) to evaluate our reanalyses and CPOM-CICE against the validation datasets.

2.6 Experimental Setup270

The reanalyses are setup as follows: There is a four year spin-up phase beginning in 1977, with the CPOM-CICE model running

in ensemble mode to allow for the spinning up of the CICE model and for the generation of an ensemble spread that will be

sufficient for the ensemble Kalman filter to reasonably account for the model error. All reanalyses are run with 100 ensemble

members using a newly generated set of atmospheric forcing fields, with an amplification factor α (Williams et al., 2023)

of 1.25, a localisation radius of 200 km and a forgetting factor of 0.995. The reanalysis period spans from January 1981 to275

April 2020 with SIC assimilated bi-daily from 1981 to 1989, and daily thereafter. AYR-CS2 SIT is assimilated monthly in the

middle of the month from October 2010. We run three configurations of the reanalysis, assimilating different combinations of

Bootstrap SIC observations, NASA Team SIC observations and CS2 SIT. The free (or control) run is known as CPOM-CICE.

The reanalysis system is known as CPOM Arctic Sea Ice Reanalysis (CASIRA), with the three different reanalyses referred

to as CASIRA-n (assimilating NASA Team SIC and AYR-CS2), CASIRA-b (assimilating Bootstrap SIC and AYR-CS2) and280

CASIRA-d (assimilating NASA Team SIC, WIN-CS2 and SITD). As the errors in the NASA Team and Bootstrap products

are believed to be similar we use the same observation errors when assimilating the two products (see section 2.3). All other

parameters in the assimilation system are also the same. The configurations of these reanalyses are detailed in table 1.
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Table 1. Configurations of the control run and three different reanalyses produced in this paper. SIC refers to sea ice concentration assimila-

tion, SIT refers to sea ice thickness assimilation and SITD refers to sea ice thickness distribution assimilation. N indicates no assimilation of

this product takes place.

Experiment SIC assimilated SIT assimilated SITD assimilated

CPOM-CICE None None None

CASIRA-b Bootstrap AYR-CS2 None

CASIRA-n NASA Team AYR-CS2 None

CASIRA-d NASA Team WIN-CS2 SITD

3 Results285

3.1 Model Validation

In this section, we corroborate and compare the reanalyses with independent SIT observations from the OIB mission, the Beau-

fort Gyre Exploration Project (BGEP) upward-looking-sonar (ULS) moorings, and the WIN-CS2 SIT observations withheld

from assimilation. A statistical comparison with each of these datasets is shown in Table 2, and each dataset is further compared

below.290

The OIB dataset is re-gridded onto the ORCA 1 degree tripolar grid and we then compare the coincident SIT data from

OIB with our reanalyses and WIN-CS2, shown in Figure 1. CPOM-CICE shows a strong linear fit with the coincident OIB

data, with values of 0.42 and 0.42 respectively, whereas the reanalyses have lower linear slope fits. This is because higher

OIB SIT measurements (above 3 m) fit better to CPOM-CICE and WIN-CS2 SIT at those locations, whereas the reanalyses295

contain thinner ice. The correlations are similar between all the products, lying between 0.5 and 0.6. However the RMSEs are

substantially lower for the reanalyses in comparison with CPOM-CICE and WIN-CS2. As high SIT measurements from OIB

appear to correlate much better with WIN-CS2 and CPOM-CICE, it shows the reanalyses have much better estimates of sea

ice between 1 m and 3 m thick than CPOM-CICE and WIN-CS2.

300

A comparison with the four BGEP ULS moorings, which provide greater temporal coverage of Arctic sea ice changes

throughout the 21st century, is a better comparison than OIB for long term changes in sea ice, though spatial coverage is

much more limited. Figure 2 and Table 2 show that CASIRA-n consistently compares best with the four BGEP ULS moorings

throughout the time period for moorings A and B, with much higher correlations and much lower RMSEs in comparison to

CPOM-CICE and CASIRA-b. For moorings C and D however, it has slightly higher RMSEs than CPOM-CICE (though still305

lower than CASIRA-n and CASIRA-b), yet still higher correlations than CPOM-CICE. All moorings are located in the Beau-

fort Sea, but moorings A and B are located further from the Canadian Arctic Archipelago (CAA) and closer to the Chukchi

Sea, within the Beaufort Sea (the mooring locations are shown in Figure 12a)). Overall, CASIRA-n is the best performing

model in comparison to the BGEP ULS dataset.
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Figure 1. Scatter plot of coincident SIT data between OIB and ensemble mean CPOM-CICE, CASIRA-d, CASIRA-b, CASIRA-n for the

missions from 2011-2015. The diagonal black lines show y=x for reference.
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WIN-CS2 Correlation RMSE Linear Regression

CPOM-CICE 0.51 1.02 -0.35

CASIRA-b 0.62 0.38 0.07

CASIRA-n 0.66 0.20 -0.03

CASIRA-d 0.64 0.28 -0.10

OIB Correlation RMSE Linear Regression

CPOM-CICE 0.52 0.54 0.47

CASIRA-b 0.56 0.30 0.36

CASIRA-n 0.57 0.29 0.36

CASIRA-d 0.47 0.39 0.30

WIN-CS2 0.51 0.47 0.42

BGEP ULS A-Correlation A-RMSE B-Correlation B-RMSE C-Correlation C-RMSE D-Correlation D-RMSE

CPOM-CICE 0.85 0.61 0.84 0.59 0.76 0.49 0.64 0.38

CASIRA-b 0.74 0.97 0.73 0.91 0.87 0.7 0.82 0.45

CASIRA-n 0.92 0.30 0.88 0.32 0.87 0.59 0.85 0.45

CASIRA-d 0.90 0.36 0.85 0.39 0.87 0.63 0.85 0.38
Table 2. RMSE, correlation and linear Regression for CPOM-CICE, CASIRA-b, CASIRA-n and CASIRA-d against WIN-CS2, OIB and

BGEP ULS moorings A, B, C and D. The best performing model run for each metric and each comparison dataset are shown in bold.

310

The final dataset we compare our reanalyses to is the WIN-CS2 SIT. We compare it to a randomly withheld 25% subset of

the total data, the other 75% of which is assimilated in CASIRA-d. This dataset is derived from the same raw satellite data as

AYR-CS2 (though the processing differs substantially) - so these are not comparisons of completely independent dataset - but

it can still serve as a useful validation tool. In Figure 3 the density plots show that CPOM-CICE can have much higher SIT than315

WIN-CS2 at ice thicknesses higher than 2.5 m. CASIRA-b and CASIRA-n show a slight underestimate of SIT higher than 2.5

m compared to WIN-CS2, and slight overestimate of ice thicknesses under 2.5 m. CASIRA-b and CASIRA-N have slightly

better correlations to WIN-CS2 than CPOM-CICE (Table 2), and much improved fitted linear slopes and RMSE. CASIRA-n

shows the strongest reduction in RMSE, substantially reduced from both CPOM-CICE and CASIRA-b.

320

Overall there is substantial improvement in SIT estimates of our reanalyses compared to the control run, particularly after

2010, but we also have some comparisons in BGEP and OIB containing pre-2010 data, which is promising for the period

in the reanalyses when only SIC assimilation takes place. CASIRA-n is particularly promising, as it is the best performing

reanalysis for correlation, reduced RMSE and better linear fits in 11 out of 14 cases (see Table 2). It is particularly notable
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Figure 2. Top (a-d): Yearly (opaque) and monthly (partially transparent) averages of SIT from the ULS instruments and the coincident

monthly mean SIT averaged across ensemble members from CPOM-CICE, CASIRA-d, CASIRA-b and CASIRA-n between 2003 and 2020.

Bottom (e-h): Monthly climatology of SIT averaged across ensemble members from BGEP ULS, CPOM-CICE, CASIRA-d, CASIRA-b and

CASIRA-n for each month between 2003-2020.
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Figure 3. Density plots showing samples of coincident WIN-CS2 SIT for ensemble mean CPOM-CICE, CASIRA-d, CASIRA-b and

CASIRA-n between 2010 and 2020, using monthly averages averaged across ensemble members.

that CASIRA-n and CASIRA-b perform better than CASIRA-d for OIB data, which is only available during March or April,325

when both WIN-CS2 and AYR-CS2 are available and measure comparable SIT values in the Arctic. This shows that the

addition of summer observations for assimilation provides additional value for even late winter SIT estimates, showing that

improved initialisation of SIT at the end of summer can improve SIT estimates six months later at the end of the freeze up

season. This is further confirmed in the validation against BGEP ULS A, B and D data in March and April (Figure 2b), where

CASIRA-n performs best against the measurements from the BGEP ULS. CASIRA-n also performs best in all three metrics330

for WIN-CS2, though CASIRA-b performs worse than CASIRA-d, so the difference in SIC product assimilation choice also

seems to play a role. This is also seen in the difference in SIT trends in the different CASIRA reanalyses at the BGEP locations.
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3.2 Sea Ice Extent

We first investigate the long term record of SIE in the reanalyses in Figure 4. We see that in March and December the SIE335

in CASIRA-b, CASIRA-n and CASIRA-d are similar, with lower extents than the control run, but not so low as the refer-

ence observations. As CASIRA-n and CASIRA-d both assimilate the same SIC observations, their SIE is almost identical. In

September CPOM-CICE, the reanalyses and observations are in strong agreement. CPOM-CICE September SIE is marginally

lower before 2007 than the reanalyses and observations, note that this is one of the earliest significant years of September sea

ice loss (Giles et al., 2008).340

However, in June, there is strong disagreement between CASIRA-b and CASIRA-n. This disagreement also points to how

differently the SIC observations treat melt ponds in the ice pack, with Bootstrap attempting to synthetically increase SIC more

due to melt ponds. This leads to a higher SIE in the observations, and thus in the reanalysis from the SIC assimilation. How-

ever, CASIRA-b, CASIRA-n, CASIRA-d and observations do agree that there is a decreasing trend in the SIE in June, whereas345

CPOM-CICE shows almost no trend. Before 2000 CASIRA-b and the Bootstrap SIC observations are similar to CPOM-CICE.

After 2000, however, CASIRA-b and Bootstrap SIC begin to decrease substantially, which is not the case in CPOM-CICE. The

reanalyses appear to be able to better capture the increased sea ice melt shown by observations in June, though they disagree

on the overall SIE. Overall, the reanalyses are better able to capture the observed trend throughout the year, and strongly agree

on the SIE outside of the early summer period.350

In March and December the SIEs in CASIRA-b and CASIRA-n are virtually identical, and the differences are only slightly

larger in June and September. This is because NASA Team and Bootstrap generally have strong agreement in terms of extent

and concentration in winter, but not so much in summer (Ivanova et al., 2015), with important differences occurring at the

ice edge. We see that the assimilation is highly effective in moving the SIE estimates closer to Bootstrap observations in both355

reanalyses, particularly in September. We also see that both reanalyses follow the trends much closer in the observed extent

than the CPOM-CICE model does. Between 1981 and 2000, SIEs in June were similar for Bootstrap, CPOM-CICE and both

reanalyses. However since 2000 the June SIE in Bootstrap and the reanalyses are lower than CPOM-CICE, showing that the

increasing June ice melt seen in the observations has been reproduced in the reanalyses. Note that this occurs around the same

time as SIE in September began to decrease a lot. This indicates that summer sea ice melt in the peripheral seas of the Arctic has360

become more intense, earlier in the year than the CPOM-CICE model simulates. Gernerally, September SIE is slightly lower

in CPOM-CICE, while in June SIE in CPOM-CICE is much higher, indicating a mismatch in the magnitude of the melting

season at different times.

One of the main drivers for producing a reanalysis is to study and improve our understanding of climate trends over a long365

term period. For our reanalyses this is not perfect because there can be substantial impact of the assimilation of CS2 products

in 2010 on the thickness of the sea ice - which is particularly the case for the CASIRA-b reanalysis. However concentration is
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Figure 4. Monthly mean SIE averaged across ensemble members between 1981 and 2019 in the control CPOM-CICE model, ensemble

means of CASIRA-b, CASIRA-n and CASIRA-d, and from the Bootstrap and NASA Team observations in March, June, September and

December.
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Figure 5. Monthly mean Arctic SIE averaged across ensemble members in CASIRA-b and CASIRA-n between 1981 and 2019, with clima-

tological mean between 1981 and 2010 shown in bold.

assimilated almost consistently over the whole time period of the reanalyses and additionally assimilating SIT has limited (if

any) effect on the modelled SIE in our system (Williams et al., 2023). Therefore we believe it is still valid to look at trends in the

SIE over the whole reanalysis period, and compare these with trends from the control model and other observations. In Figure370

5 we show the CASIRA-b and CASIRA-n ensemble mean SIE for each year from 1981-2019, and include the climatological

mean for the period 1981-2010. In general the extents and their trends are very comparable, with very few differences. There

are two cases in which a larger change in SIE is visible. In 1981 the larger change occurs because it is the second assimilation

time step, and the differences between the model and the observations is still substantial. The second occurs in 1988 and is a

result of a gap in the SIC observations between 3rd December 1987 and 13th January 1988. The size of these changes shows a375

significant difference in winter sea ice growth between the model with and without constraints from SIC observations, which

appear to be severely overestimated in the model. As we know, the past decade has clearly seen SIEs well below the 1981-2010

climatological mean, and both reanalyses follow this trend. The minimum SIE occurs in 2012, and in 2016 the SIE was lowest

between May and July and in the early freeze-up period between October and November.

380

3.3 Sea Ice Volume

To understand how the sea ice cover evolves more completely over the satellite era we need to look at the estimates of the SIV

and how it is changing, which depends not only on the concentration but also the thickness. In Figure 6 we show monthly mean

SIV for the same months as Figure 4. Before 2010 as CASIRA-n and CASIRA-d assimilate only the same SIC observations385

with no SIT observations, they show almost identical SIV estimates. We see that monthly mean SIV is higher between 1982 and
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2010 in CASIRA-b for all months when compared to both CPOM-CICE and PIOMAS, and much higher in March, September

and December. This is an because correlations between SIC and SIT are positive on average when assimilating SIC when using

Bootstrap observations in this system, which causes an increase in SIT and thus SIV. CASIRA-b SIV changes substantially in

2010, when SIT assimilation begins. This shows substantial mismatch between SIT and SIV in CASIRA-b and observations390

in 2010, and likely in the pre-2010 period as well. Conversely CASIRA-n and CASIRA-d SIT and SIV remain consistent pre

and post 2010, so we believe there is some value in evaluating the SIT and SIV trends in these reanalyses.

CASIRA-n is strikingly similar to PIOMAS in March, September and December, and does not have the large increment in

SIV when SIT assimilation begins in 2010. CASIRA-n is less comparable to PIOMAS in June, showing lower SIV during

this month. The close agreement between PIOMAS and CASIRA-n is noteworthy, despite PIOMAS assimilating sea surface395

temperatures in ice-free grid cells and operating within a coupled ice–ocean model. It may be that sea surface temperature

assimilation is more effective during the melting season, which is why PIOMAS and CASIRA-n differ in June, or that there

are some differences in the sea ice model physics between PIOMAS and CPOM-CICE which lead to differences in summer.

Systematic uncertainties in the CS2 SIT are also highest during this month, which could also contribute to these differences.

Perhaps a superposition of these two differences cause the similarities during the growth season and the differences during the400

melting season. The choice of which SIC observational dataset you assimilate is very important for the reanalysis estimates of

SIV.

As with SIE, we show the annual evolution of SIV and its 1981-2010 climatological mean in the reanalyses in Figure 7. There

is a clear downward trend in SIV estimates in all reanalyses. In CASIRA-b there appear to be three distinct groupings. Between405

1981 and 2006 ice volume is relatively high, with a few years of lower SIV in the 80s. Between 2007 and 2009 ice volume

is lower than in the previous group. 2010 is also part of this group but only until September, as in October the first thickness

observations are assimilated. The final group includes 2010 and subsequent years which all have much lower ice volumes than

the 1981-2010 climatological mean. These are negative analysis increments from the data assimilation, showing that assimi-

lating Bootstrap concentration alone (in the summer months) anomalously enhances ice thickness and volume. In CASIRA-n,410

the ice volumes are lower than in CASIRA-b, and the groupings are less clear, where there is clearly consistency in both ice

concentration and thickness between the period before and after ice thickness assimilation begins. The climatological mean of

1981-2010 is between 0.6×1013 m3 and 0.9×1013 m3 greater in CASIRA-b than CASIRA-n, a huge difference. In CASIRA-n,

winter ice volumes never exceed 3×1013 m3, whereas in CASIRA-b, many winters during the 1980s reach or surpass this level.

415

When looking at the overall trends in these seasons, as shown in Table 3, we find that CPOM-CICE and PIOMAS are highly

matched in trends, slightly different than CASIRA-n and much different to CASIRA-b. We already saw in Figure 6 that there

are substantial shifts in CASIRA-b SIV and SIT when we begin to assimilate SIT, so CASIRA-b estimates of SIT and SIV

in 2010 are inconsistent with those seen in observations, therefore we do not believe the trend estimates in CASIRA-b to be420

reliable. The trends in SIV are comparable between CPOM-CICE, PIOMAS and CASIRA-n. CASIRA-n is closely matched to
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Figure 6. Ensemble monthly mean SIV between 1981 and 2019 in March, June, September and December for CPOM-CICE, CASIRA-b,

CASIRA-n, CASIRA-d and the PIOMAS reanalysis.

Figure 7. Ensemble mean monthly Arctic SIV in CASIRA-b and CASIRA-n between 1981 and 2019, with the climatological mean between

1981 and 2010 shown in bold. In the past decade SIE has been significantly below the 1981-2010 mean.
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Table 3. Monthly mean interannual sea ice volume trends in km3 / month for March, June, September and December in CPOM-CICE,

CASIRA-b, CASIRA-n and PIOMAS between 1981 and 2020.

Model March June September December

CPOM-CICE -246 -304 -322 -295

CASIRA-b -308 -371 -346 -381

CASIRA-n -247 -345 -262 -281

CASIRA-d -244 -343 -257 -272

PIOMAS -249 -306 -312 -279

PIOMAS and CPOM-CICE in March and December, but the September SIV trend is lower, while the June trend is higher. This

may indicate an increase in intensity of the early melt season in many regions of the Arctic, or large uncertainty in estimates of

the melting season intensity coming from the observations. All experiments agree that SIV in the 2010+ period is well below

the 1981-2010 climatological mean. We will next look at how the SIT compares between the CPOM-CICE model, CASIRA,425

PIOMAS, WIN-CS2 and AYR-CS2.

3.4 Sea Ice Thickness

We have found that in many cases there are comparable SIVs between our reanalyses and CPOM-CICE, despite very differing

estimates of SIE. This means that the SIT in the Arctic must be distributed in different ways between our control and reanal-430

yses. Here we investigate the spatial distribution of the SIT in the Arctic in our reanalyses and compare it with those from

CPOM-CICE, PIOMAS and the AYR-CS2 observations. In Figure 8 we show the March and September SIT climatologies

between 1981 and 2010, and then between 2011 and 2019. The AYR-CS2 product has a particular spatial distribution, with

some thicker ice directly over the pole, which has not been seen in previous Arctic sea ice reanalyses, models or observations.

This is an effect from the snow model accumulation scheme used in the product, which shows some of the thickest snow435

depths north of the Fram Strait. The SIT in AYR-CS2 also generally appears to exhibit less thick ice packed against the CAA,

commonly seen elsewhere. The CPOM-CICE model has too much thick ice packed against the CAA and Northern Greenland

(particularly in September), and is too thin in the rest of the Arctic in comparison with AYR-CS2, PIOMAS and CASIRA in

both September and March and in both 1981-2010 and 2010-2020. It appears that there is a tendency in the model to push

too much ice into the central pack against the CAA, and additionally that the thickest ice near the CAA is too resistant to the440

summer melting season - it does not thin as much as the observations show.

Between 1981 and 2010, PIOMAS compares best with CASIRA-n, while CASIRA-b and CPOM-CICE both have substantially

thick ice packed up against the CAA for both March and September. For the 2010-2020 climatologies however, CASIRA-b is

much more comparable to PIOMAS as the assimilation of AYR-CS2 begins. This is particularly true in September. In March445
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Figure 8. Monthly and ensemble mean SIT in March and September for PIOMAS, CPOM-CICE, CASIRA-b, CASIRA-n, and AYR-CS2

(when available) for (a) 1981-2010 March (b) 2011-2020 March (c) 1981-2010 September (d) 2010-2020 September.

CASIRA-b and CASIRA-n show very few areas of sea ice thicker than 3 m, similar to the assimilated AYR-CS2. In September

2010-2020, CPOM-CICE still shows an area of ice thicker than 3 m, which does not appear in the other products.

In our reanalyses we see substantial differences, in models, reanalyses and observations in the distribution of the SIT across

the Arctic, particularly in the period between 2010-2020, where AYR-CS2, CASIRA and even PIOMAS to a certain degree,

show an almost complete disappearance of the thickest ice packed against the CAA, but with thicker ice extending further450

outwards from the CAA. This shows a possible change in the distribution shape of SIT in the Arctic from the early satellite

period to the most recent decade - this demonstrates the regime shift in SIT shown in Sumata et al. (2023).
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3.5 Comparison of CASIRA-n with CPOM-CICE in the 2010-2020 period

The 2010–2020 decade in our reanalysis is the most informative period, as this is when we (a) assimilate both SIE and SIT and

(b) have the most observations available for validation. We have seen already that our CASIRA-n reanalysis compares well455

with PIOMAS and independent observations, and so in this section we choose to focus solely on this reanalysis for the 2010+

period and compare it with our free model, to deepen our understanding of the model, and in particular attempt to identify

problems and potentially missing physics in the model.

CPOM-CICE shows a positive bias in SIE over most of the year (Figure 9). It persists at the same magnitude between460

November and May during the growth season. The positive bias increases over June and July, but reduces sharply in August,

and then further decreases, leading to zero bias in September and October. The bias then re-emerges quickly in November.

The persistent bias in the freeze-up season in CPOM-CICE is primarily indicative of a known cold bias in the atmospheric

reanalysis, which is present in the NCEP-2 reanalysis in the Arctic of up to 5 degrees K in the seas surrounding the Arctic

(Batrak and Müller, 2019). The sudden increase in bias between October and November is caused partially by this rapid freeze465

up of sea ice in the marginal seas, but there are also further factors at play: leads in the sea ice cover could be more prevalent

than expected, or wider than expected at the end of summer, which if not represented in the model would lead to faster lead

close-up than in reality. However the main cause for this increase is that the SIE increases more quickly in the model due to

heat being lost more rapidly in the ocean, or that the ocean is colder.

470

The SIE positive bias is stable over the freeze-up season in CPOM-CICE, however the SIT and SIV biases grow over winter

(Figure 10). This suggests a snow depth over the sea ice which is too low, increasing conductive cooling through the snow

and ice, leading to excessive ice growth in the ice pack and causing the winter SIT bias growth. Snow depth remains difficult

to verify in the Arctic due to limited reliable observations, though ongoing work and the upcoming ESA CRISTAL mission

should improve understanding of its distribution (Landy et al., 2024). Leads refreezing may also play a role in the error in the475

early freeze up season, if they are refreezing too quickly due to an underestimation of their scale or quantity. There may also

be missing processes in the model that enhance negative feedbacks on SIT growth in winter.

In the May-July period, CASIRA-n exhibits larger reductions in both sea ice extent and volume than CPOM-CICE (Figures480

9 and 10). Meanwhile August and September show an inverse relationship, with melting higher in CPOM-CICE than CASIRA-

n. This leads to agreement in SIE between CASIRA-n and CPOM-CICE in September, while also reducing the CPOM-CICE

positive SIV bias to its yearly minimum. The thicker ice in CPOM-CICE will be more resistant to breakup and melting. This

is clearly seen in Figures 9 and 11, where we see that CASIRA-n shows a greater MIZ area than CPOM-CICE in May and

June. Another source of this spring melting error may be that melt pond rates at ice on the ice edge are underestimated, and if a485

floe size distribution parametrisation were included, it may also account for dynamical and thermodynamical processes on the
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Figure 9. Top: Monthly climatology of ensemble mean CPOM-CICE and CASIRA-n SIE (solid lines) and MIZ (dashed lines) area over the

2010-2020 period. Bottom: Time series of monthly mean SIE in each month over the 2010-2020 period
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Figure 10. Top: Monthly climatology of CPOM-CICE and CASIRA-n SIV over the 2010-2020 period averaged across ensemble members.

Bottom: Time series of monthly mean SIV in each month over the 2010-2020 period averaged across ensemble members.
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Figure 11. Time series of monthly mean MIZ area averaged across ensemble members in CPOM-CICE and CASIRA-n for each month over

the 2010-2020 period.

sea ice edge more accurately in the model and produce a more physically robust MIZ (Bateson et al., 2020; Frew et al., 2025).

If these sea ice edge processes are underestimated they would account for the negative MIZ bias. Additionally, AYR-CS2

estimates of SIT are most uncertain during June and July due to the poorly understood effects of melt pond loading on sea ice

after snowmelt, which could introduce systematic biases in SIT and the timing of thinning.490

The increased August–September melt in CPOM-CICE likely reflects a compensation for earlier underestimation of melt.

Thicker ice will take longer to melt due to thermodynamic processes. This is also shown in the thickness of the ice leftover in

September - in CPOM-CICE the remaining ice is much thicker than in CASIRA-n in most of the ice pack, aside from a region

around the North Pole. It is particularly much thicker around the CAA. Additionally, this could be linked to too-high solar495

absorption in the model for thinner ice, which may be linked to an incorrect representation of albedo feedbacks for thin and

thick ice. Figure 12 demonstrates too-thin sea ice present in CPOM-CICE in the region around the North Pole. As we too-thick

sea ice in the CAA, but too-thin around the north pole peaking in September, there may be a mismatch in the sea ice transport,

possibly connected to the rheology allowing too much ridging. Too much ice may be advected into the CAA, and not enough

through the North Pole, some of which may later be advected out into the Fram Strait.500

We investigate the changes in the SITD across the Arctic in Figure 13. For most of the year CPOM-CICE SIT distribution

peaks at around 2 metres, however we find extreme seasonal transitions, with much less thin ice in March, June and December

than seen in September. In September the CPOM-CICE sea ice cover is dominated by thin ice. The ice cover between 1 and 3
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Figure 12. March, June, September and December mean sea ice thickness over the 2010-2020 period in CPOM-CICE and CASIRA-n and

the difference between the two (CASIRA-n - CPOM-CICE). The locations of the BGEP ULS moorings are shown as red squares in panel

(a).
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Figure 13. Histogram showing monthly mean pan-Arctic SIT in each grid cell in March, June, September and December between 2011 and

2020 for CPOM-CICE, and CASIRA-n, between 2011 and 2019.

metres has been melted away in CPOM-CICE, leaving a large area of thin ice, and the too-thick ice pack in the CAA. Between505

September and December the ice has thickened rapidly in CPOM-CICE, and a peak around 1-2 metres is established quickly.

In CASIRA-n we see a much broader distribution of the ice thickness, with much less ice thicker than 3 metres in CASIRA-n.

4 Discussion

Comparison with PIOMAS revealed large differences in SIV estimates. When NASA Team observations were assimilated510

(e.g. CASIRA-n), the volume estimates were similar to PIOMAS estimates in the freeze-up season. However there were lower
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estimates of volume in the melting season (June and September) in comparison to PIOMAS. These differences in the melting

season were smaller after 2005. As PIOMAS also assimilates NASA Team data we expect the differences in volume should

be small, so the differences in summer are quite stark. When looking at the mean ice thickness, there are big differences in the

distribution of the SIT across the Arctic, particularly in the Central Arctic and the CAA. PIOMAS has much thinner ice in the515

CAA than the CPOM-CICE model and CASIRA-b, but a larger region of sea ice over 1.4 m thick covering much of the central

Arctic Ocean even in September. CASIRA-n shows a more similar distribution to PIOMAS but there is strong disagreement

between PIOMAS and CASIRA-n in the central Arctic. The consensus within our sea ice reanalyses seems to be thicker ice in

the Central Arctic than in sea ice models, which evaluates well against independent observations (particularly for CASIRA-n).

A notable difference between trends in our reanalyses and those from PIOMAS is that the September trend in our reanalyses520

is much smaller, but the trend in June is greater. Trends in SIV for CASIRA-n are still well matched to PIOMAS and CPOM-

CICE.

CASIRA-n shows substantially lower RMSE across all three validation datasets compared to CPOM-CICE. It also shows

improved agreement with BGEP ULS validation data from pre-2010. The areas of strongest improvement are in the central525

Arctic, Beaufort Sea and the region around the North Pole. These areas are identified in Chevallier et al. (2017) as regions

where current reanalyses of Arctic sea ice are deficient, indicating that CASIRA-n reduces known regional biases. There is a

need for further work in quantifying the errors of sea ice observations, as many sea ice observation datasets do not provide

fully quantified uncertainties, which are important for data assimilation.

530

Over 2010–2020, CPOM-CICE exhibits a persistent positive sea ice extent bias during the freeze-up season and a growing

winter bias in sea ice thickness and volume relative to CASIRA-n, linked to cold atmospheric forcing, underestimated snow

depth, and overly rapid ocean heat loss. Melt season behaviour differs, with CASIRA-n showing stronger spring–early sum-

mer retreat, while CPOM-CICE compensates with enhanced late-summer melt, leading to agreement in September extent but

maintaining a positive thickness bias. CPOM-CICE also underestimates MIZ area in spring, suggesting missing or weakly535

represented sea ice edge processes such as melt pond evolution and floe size dynamics. Spatial and thickness distribution

analyses further indicate excessive ice thickening and redistribution toward the Canadian Arctic Archipelago and a narrower

thickness distribution in CPOM-CICE, pointing to potential biases in sea-ice transport and rheology. Overall, CPOM-CICE

overestimates early winter growth, underestimates spring-early summer melt and overestimates late summer melt - exhibiting

a too-strong seasonal cycle.540

Comparisons of SIC, SIE, SIT, and SIV between CASIRA-n, CPOM-CICE, and PIOMAS reveal the largest disagreements

during the May–August melting season, particularly in the early melt period. In contrast, all systems show strong agreement

in September for both extent and volume. Trends are generally consistent across CASIRA-n, PIOMAS, and CPOM-CICE,

except in June, where CASIRA-n exhibits a stronger decreasing trend in volume. Overall, CASIRA-n demonstrates the most545

consistent trends in SIC, SIT, and SIV across the satellite era. Assimilation of NASA Team SIC effectively constrained SIT
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prior to 2010, with only minor adjustments required when SIT assimilation began.

In the pre-2010 period, the reanalyses exhibit larger spread and variability in SIV, reflecting sparser observations and the

absence of SIT assimilation, which limits constraints on the sea ice mass budget. From 2010 onward, when SIT assimilation550

begins, SIV estimates partially converge and agreement with PIOMAS improves, with the reanalyses also outperforming the

control run when evaluated against independent datasets. Winter SIV trends are consistent across CASIRA-n, PIOMAS, and

CPOM-CICE, whereas spring and summer trends diverge, with CASIRA-n showing stronger declines in June and PIOMAS

and CPOM-CICE exhibiting larger decreases in September.

555

5 Conclusions

We have produced three new Arctic sea ice reanalyses (CASIRA-b, -n and -d) over the satellite era, incorporating recently avail-

able year-round SIT observations. The inclusion of these observations, not previously available, improves estimates of SIT and

SIV during the melt season. CASIRA-n shows the best skill, and compares well with both the CPOM-CICE model and PI-

OMAS, with the assimilation of year-round SIT shown to improve SIT estimates at the end of the growth season (March–April)560

relative to using winter SIT alone. This highlights the additional benefit of end-of-summer SIT initialisation for winter sea ice

estimates.

A comparison of CASIRA-n with CPOM-CICE highlights model deficiencies and identifies priorities for future sea ice mod-

elling. Winter sea ice growth is excessive in CPOM-CICE, particularly at the ice edge, likely influenced by cold-biased atmo-565

spheric forcing, with too rapid ocean cooling and representation of leads also contributing. Within the ice pack, positive SIT

biases are likely caused by underestimation of snow depth, rapid re-freezing of leads, or other processes that act as negative

feedbacks to winter SIT growth. Spring ice-edge errors may be linked to the absence of a floe size distribution parameterisation,

potential melt pond inaccuracies, and excessive thickening during winter. Delays and magnitude errors in the melting season

stem from excessive winter growth in the central ice pack and under-represented melting feedbacks (e.g., albedo, melt ponds).570

Validation shows that CASIRA-n has substantially reduced errors in SIC and SIT, better constrains winter growth, improves

MIZ representation in spring, and produces a more realistic spatial distribution of SIT. These results highlight a significant

mismatch between model and reanalysis in the seasonal cycle and emphasize the need for further work to reduce uncertainty

during seasonal transitions.

575

Finally, our analysis demonstrates the importance of assimilating SIT alongside SIC. Incorporating year-round SIT obser-

vations further reduces uncertainties in SIT and SIV, improving estimates of Arctic sea ice state and trends. Assimilation of

summer SIT is particularly promising for future reanalyses and prediction studies, providing pathways to improve sea ice

modelling and better constrain Arctic sea ice variability over the satellite era.

29

https://doi.org/10.5194/egusphere-2026-742
Preprint. Discussion started: 23 February 2026
c© Author(s) 2026. CC BY 4.0 License.



Code and data availability. CICE v5.1.2 is available from: https://github.com/CICE-Consortium/CICE-svn-trunk/tree/cice-5.1.2. PDAF v2.0580

is available for download here: https://pdaf.awi.de/. Operation IceBridge Level 1 quick-look data is found here: https://nsidc.org/data/

nsidc-0708/versions/1. Operation IceBridge Level 4 data is found here: https://nsidc.org/data/idcsi4/versions/1. Bootstrap sea ice concen-

tration data is available from: https://nsidc.org/data/nsidc-0079/versions/4. NASA Team sea ice concentration is available from: https:

//climatedataguide.ucar.edu/climate-data/sea-ice-concentration-data-nasa-goddard-and-nsidc-based-nasa-team-algorithm. WIN-CS2 SIT is

available from: https://www.cpom.ucl.ac.uk/eocis/seaice/download_info.php. AYR-CS2 is available from: https://data.bas.ac.uk/full-record.585

php?id=GB/NERC/BAS/PDC/01613. The BGEP data were collected and made available at https://www2.whoi.edu/site/beaufortgyre/ by the

Beaufort Gyre Exploration Program based at the Woods Hole Oceanographic Institution in collaboration with researchers from Fisheries

and Oceans Canada at the Institute of Ocean Sciences. During the revision phase, the reanalysis data and scripts used in this study will be

uploaded to a Research Data Archive and shared under an Open-Access license.
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