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Abstract

The aim of this study was to develop an improved thin sea ice thickness (SIT) retrieval algorithm in the Arctic
Ocean from the Soil Moisture Ocean Salinity and Soil Moisture Active Passive L-band radiometer data. This SIT
retrieval algorithm was trained using the simulated SIT from the cumulative freezing degree days model during
the freeze-up period over five carefully selected regions in the Beaufort, Chukchi, East Siberian, Laptev and Kara
seas and utilized the microwave polarization ratio (PR) at incidence angle of 40°. The improvements of the
proposed retrieval algorithm include the correction for the sea ice concentration impact, reliable reference SIT
data over different representative regions of the Arctic Ocean and the utilization of microwave polarization ratio
that is independent of ice temperature. The relationship between the SIT and PR was found to be almost stable
across the five selected regions. The SIT retrievals were then compared to other two existing algorithms (i.e.,
UH_SIT from the University of Hamburg and UB_SIT from the University of Bremen) and validated against
independent SIT data obtained from moored upward looking sonars (ULS) and airborne electromagnetic (EM)
induction sensors. The results suggest that the proposed algorithm could achieve comparable accuracies to
UH_SIT and UB_SIT with root mean square error (RMSE) being about 0.20 m when validating using ULS SIT data
and outperformed the UH_SIT and UB_SIT with RMSE being about 0.21 m when validatng using EM SIT data. The
proposed algorithm can be used for thin sea ice thickness (<1.0 m) estimation in the Arctic Ocean and requires
less auxiliary data in the SIT retrieval procedure which makes its implementation more practical.
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1  Introduction
Arctic sea ice plays a significant role in the Earth’s climate sys-

tem. During the past few decades, sea ice across the Arctic Ocean
shows a rapid decline in area, thickness, and age (Maslanik et al.,
2011; Kwok, 2018; Liu et al., 2020) and thick multiyear ice is be-
ing replaced with thin, young ice (Meier et al., 2014), which high-
lights the importance of the monitoring of thin sea ice. The thick-
ness of sea ice is an essential parameter that determines the en-
ergy and mass exchange between the atmosphere and the under-
lying ocean and thin sea ice with thickness less than 0.5 m dom-
inates the surface heat budget (Maykut, 1978). Meanwhile, thin-
ning sea ice is opening up the potential for increasing Arctic
maritime traffic. Therefore, accurate knowledge of sea ice thick-
ness (SIT) is crucial for weather and climate modelling as well as
ship navigation.

A number of remote sensing tools are available to measure
SIT. Satellite altimetry, including radar and laser altimetry, has
been widely used for SIT estimation in the Arctic Ocean (Laxon et
al., 2003; Kwok and Cunningham, 2008). However, the relative er-

ror of altimeter-based sea ice thickness measurements is large for
thin sea ice (Laxon et al., 2003; Kaleschke et al., 2010; Ricker et al.,
2017). Thermal infrared (TIR) imagery is capable of retrieving
thin ice thickness with relatively high spatial resolution from the
ice surface temperature based on the ice surface heat balance
equation (Yu and Rothrock, 1996; Wang et al., 2010), but TIR data
suffer from severe cloud contamination, leading to spatiotempor-
al discontinuities in the SIT products. Passive microwave (PMW)
radiometer represents an important data source for retrieving
thin ice thickness based on the dependence of ice emissivity on
SIT (Martin et al., 2004; Iwamoto et al., 2013; Mäkynen and
Similä, 2019) and could provide Arctic basin-wide measure-
ments of thin ice thickness with daily temporal resolution and
better accuracy for thin ice (Ricker et al., 2017).

High-frequency PMW radiometer data at frequencies of
19 GHz and 89 GHz have been used for Arctic thin ice thickness
estimation, such as the Special Sensor Microwave Imager
(SSM/I) (Cavalieri, 1994; Martin et al., 2004; Tamura and Ohshi-
ma, 2011), Advanced Microwave Scanning Radiometer-Earth  
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Observing System (AMSR-E) (Martin et al., 2005; Singh et al.,
2011; Iwamoto et al., 2013; Scott et al., 2014; Kashiwase et al.,
2019) and Advanced Microwave Scanning Radiometer 2
(AMSR2) (Yoshizawa et al., 2018; Mäkynen and Similä, 2019,
2022). Cavalieri (1994) found that the microwave polarization ra-
tio (PR) at 19.4 GHz, i.e., PR(19), from SSM/I is sensitive to
changes in ice thickness and ice surface characteristics and can
be used to the map the distribution of new (≤10 cm), young
(11–30 cm) and first-year (30–80 cm) sea ice in the Arctic Ocean.
Inspired by this study, retrieval algorithms have been proposed
to quantitatively estimate SIT based on linear or exponential re-
gression equations between SIT and microwave radiometer ob-
servations such as the polarization ratio, the spectral gradient ra-
tio (GR), and the ratio between different brightness temperatures
(R). These empirical sea ice retrieval algorithms utilize high fre-
quencies which rely on the assumption that thin ice emission de-
pends mainly on near surface salinity that decreases with in-
creasing SIT (Naoki et al., 2008; Mäkynen and Similä, 2019). Their
maximum retrievable ice thickness is about 10 cm to 20 cm (Mar-
tin et al., 2004; Tamura and Ohshima, 2011). Meanwhile, at-
tempts have been made to retrieve thick ice thickness from the
high-frequency radiometer data based on the empirical relation-
ship between microwave radiometer observations and ice free-
boards (Lee et al., 2021; Kim et al., 2022) or ice thickness (Kim et
al., 2020; Chi and Kim, 2021; Soriot et al., 2023).

The Soil Moisture and Ocean Salinity (SMOS) mission of the
European Space Agency (ESA) and the Soil Moisture Active Pass-
ive (SMAP) satellite of the National Aeronautics and Space Ad-
ministration (NASA) provide global observations of L-band
(1.4 GHz) passive microwave brightness temperature (TB) obser-
vations at a resolution of about 40 km. The L-band brightness
temperature of sea ice mainly depends on its thickness, temper-
ature and salinity (Menashi et al., 1993; Kaleschke et al., 2010),
and can be used to retrieve SIT due to the high penetration depth
as well as large brightness temperature contrast between ice and
water at L band (Kaleschke et al., 2010, 2012). Tian-Kunze et al.
(2014) proposed an iterative SIT retrieval algorithm based on a
thermodynamic sea ice model and a three-layer radiative trans-
fer model. This algorithm has been used for operational SMOS
SIT product using the brightness temperature intensity averaged
over incidence angles between 0° and 40° by the University of
Hamburg (referred to as UH_SIT) and explicitly accounts for vari-
ations of ice temperature and ice salinity. However, the UH_SIT
algorithm requires additional parameters such as air temperat-
ure and ice salinity, which introduces external errors to the SIT
retrievals. Huntemann et al. (2014) developed an empirical SIT
retrieval algorithm based on the SMOS brightness temperature
intensity (I) and polarization difference (Q) averaged over incid-
ence angles between 40° and 50°. This retrieval algorithm was
further transferred from SMOS to SMAP by Paţilea et al. (2019)
and was used to generated an operational SIT product by the
University of Bremen (referred to as UB_SIT). Gupta et al. (2019)
developed an empirical SIT retrieval model (referred to as
BEC_SIT) which was trained using only airborne SIT data to es-
timate SIT from SMOS polarization difference at 50°. Some of
these algorithms have been evaluated using reanalysis data
(Tietsche et al., 2018) or upward looking sonar data (Sánchez-
Gámez et al., 2020). All the above algorithms rely on the bright-
ness temperature for SIT retrieval. While the UH_SIT algorithm
could account for the influence of ice temperature but requires
more additional parameters for SIT retrieval, the UB_SIT and
BEC_SIT algorithms could not correct the ice temperature influ-
ence.

The objective of this study was to develop an improved thin
ice thickness retrieval algorithm for the SMAP and SMOS L-band
radiometer data. Simulated SIT data obtained from the cumulat-
ive freezing degree days (CFDD) model (Bilello, 1961) during the
freeze-up period over five regions in Beaufort, Chukchi, East
Siberian, Laptev and Kara seas were used as reference data to
train an empirical SIT retrieval algorithm using the polarization
ratio of SMAP and SMOS data. The utilization of PR helps to min-
imize the influence of the physical ice temperature since it is a ra-
tio of observed brightness temperatures. The newly proposed al-
gorithm was then evaluated through comparisons with other two
existing SIT products (UH_SIT and UB_SIT) and validations
against in situ SIT measurements collected by moored upward
looking sonars (ULSs) and airborne electromagnetic (EM) induc-
tion sensors, respectively.

2  Study area and data

2.1  Study area
Figure 1 displays the study area of this study. The Arctic re-

gion is divided into 10 sub-regions, including Beaufort Sea,
Chukchi Sea, East Siberian Sea, Laptev Sea, Kara Sea, Barents
Sea, Central Artic Ocean, Greenland Sea, Baffin Bay and Cana-
dian Archipelago. Five areas marked by green rectangles with a
size of 125 km by 125 km are carefully selected to obtain refer-
ence data of SIT based on the CFDD model (Bilello, 1961). The
black dots in the Beaufort Sea and the Laptev Sea represent the
locations where SIT measurements were obtained from moored
upward looking sonars. The black stars indicate the locations
where field campaigns were conducted to measure SIT using an
airborne EM induction sensor.

2.2  Study data

2.2.1  SMOS brightness temperature data
The SMOS mission was designated for global observations of

soil moisture over land and salinity over oceans (Kerr et al.,
2001). The SMOS satellite was launched in November 2009, and it
carries the Microwave Imaging Radiometer using Aperture Syn-
thesis (MIRAS) instrument. MIRAS is a passive microwave 2-D
interferometric radiometer and could acquire L-band (1.4 GHz)
brightness temperature measurements in full polarization mode
at a range of incidence angles from 0° to about 70° with a spatial
resolution of 35 km to 50 km.

In this study, the SMOS Level 1C (L1C) brightness temperat-
ure product (Version 724) was used, which is geolocated in an
equal-area grid system of ISEA 4H9 (Icosahedral Snyder Equal
Area projection with aperture 4, resolution 9) with a spatial resol-
ution of 15 km. The SMOS L1C data were reprojected to the
25-km NSIDC polar stereographic north projection using the av-
erage resampling method. For each 25 km grid, the daily mean
was calculated by averaging the observations within the incid-
ence angle range of 38.5° and 41.5°. In order to remove outliers,
measurements that deviate from the mean values by more than
two standard deviations were discarded in calculating the daily
mean for each grid.

2.2.2  SMAP brightness temperature data
The SMAP mission was designed for the measurement of soil

moisture and freeze/thaw state to better understand water, car-
bon and energy cycles (Entekhabi et al., 2010). The SMAP satel-
lite was launched in January 2015, and it consists of L-band radar
and radiometer sensors for simultaneous active and passive mi-
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crowave data acquisition with a fixed incidence angle of approx-
imately 40°. The radiometer could provide L-band (1.4 GHz)
brightness temperature observations at spatial resolution of
about 40 km. Compared to SMOS, SMAP has adopted radio fre-
quency interference (RFI) detection and mitigation measures to
reduce the effects of RFI.

The SMAP enhanced L1C radiometer brightness temperature
product (SPL1CTB_E, Version 3) (Chaubell et al., 2020) utilized in
this study, which is derived from SMAP Level-1B (L1B) interpol-
ated antenna temperatures using the Backus-Gilbert interpola-
tion technique (Backus and Gilbert, 1967). The SPL1CTB_E
product contains calibrated and geolocated brightness temperat-
ures that are gridded using an Earth-fixed, global cylindrical 9 km
Equal-Area Scalable Earth Grid, Version 2.0 (EASE-Grid 2.0) pro-
jection for both descending and ascending orbits. The daily
brightness temperature data were obtained by averaging the as-
cending and descending data and were then reprojected to the
25-km NSIDC polar stereographic north projection using the av-
erage resampling method.

2.2.3  Moored ULS data
In situ SIT measurements obtained from ULSs deployed in

the Beaufort Sea and Laptev Sea were collected to validate SIT es-
timates. The first SIT dataset was obtained from the Beaufort
Gyre Exploration Project (BGEP), which was established in 2003
and aims to measure the content and fluxes of freshwater and
heat in the Beaufort Gyre (BG) using a number of moorings.
These moorings were deployed in the Beaufort Sea and could
provide time series measurements of temperature, salinity, cur-

rents, sea ice draft and bottom pressure. Sea ice draft observa-
tions at three mooring locations (A, B and D) (Krishfield et al.,
2014) during 2010 and 2021 were used. Another SIT dataset was
obtained from an ULS in the Laptev Sea from September 2013 to
August 2015 at the Taymyr and 1893 stations (Belter et al., 2019).
The spatial distribution of the moorings is indicated by black dots
in Fig. 1.

ULS could measure sea ice draft with an accuracy of ±5 cm in
most cases (Krishfield and Proshutinsky, 2006). Sea ice thickness
could be estimated by multiplying the sea ice draft with a factor
of 1.09 without considering the ice types and snow thickness
(Fukamachi et al., 2017). In order to compare daily ULS data to
satellite SIT retrievals, hourly ULS data were averaged to daily
mean values.

2.2.4  EM sea ice thickness data
EM induction measurements of SIT from two campaigns were

collected to assess the accuracy of SIT retrievals, including
SafeWin 2011 (Haas et al., 2021) and SMOSice 2014 (Hendricks et
al., 2014; Kaleschke et al., 2016), which have been indicated in
Fig. 1. All SIT data were acquired in springtime using the electro-
magnetic induction system, which utilizes the contrast of elec-
trical conductivity between sea water and sea ice to determine its
distance to the ice-water interface. The accuracy of the EM meas-
urements is in the order of ±10 cm over level sea ice (Pfaffling et
al., 2007). However, the accuracy could be worse over ridged ice
due to the diffusivity of the low-frequency EM field (Reid et al.,
2006).

The SafeWin 2011 field campaign was carried out in the
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Fig. 1.   Study area and data locations in the Arctic. Black dots indicate the locations of moored upward looking sonars (ULSs) in the
Beaufort Sea (i.e., A, B, C and D) and in the Laptev Sea (i.e., 1893 and Taymyr). Black stars represent the locations of field campaigns
(i.e., SMOSice 2014 and Safewin 2011). Green rectangles indicate the areas selected to simulate sea ice thickness using the cumulative
freezing degree days (CFDD) model.
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northern Baltic Sea in March 2011. A total of 11 flights were per-
formed and covered large parts of the Sea and Bay of Bothnia.
The SMOSice 2014 campaign was conducted on newly formed
thin sea ice regions in the Barents Sea south-east of the Svalbard
in March 2014 and has collected a comprehensive data set of
high resolution L-band radiometer data, auxiliary sea ice condi-
tions and SIT data in support of the development and improve-
ment of the SMOS SIT retrieval algorithm (Hendricks et al., 2014;
Kaleschke et al., 2016). All the airborne EM SIT data were repro-
jected to the 25-km NSIDC polar stereographic north projection
using the average resampling method to align with the satellite
radiometer data.

2.2.5  Sea ice concentration data
The sea ice concentration (SIC) data produced by the Integ-

rated Climate Data Center (ICDC), University of Hamburg are
collected. The SIC data are derived from the ARTIST Sea Ice (ASI)
algorithm to brightness temperatures measured with the 85 GHz
SSM/I and Special Sensor Microwave Imager/Sounder (SSMI/S)
channels (Kaleschke et al., 2001; Spreen et al., 2008). This
product has been provided on a polar-stereographic grid true at
70° with 12.5 km grid resolution since December 1991 and was
reprojected to the 25-km NSIDC polar stereographic north pro-
jection using the average resampling method. This SIC product
was utilized to identify the presence of sea ice in the CFDD mod-
el and to correct the effects of open water.

3  Methods

3.1  CFDD sea ice growth model
In order to train a SIT retrieval algorithm, reference data were

required. Due to the lack of in situ SIT measurements in polar re-
gions especially in thin ice areas, simulated sea ice thickness data
during the freeze-up period from the CFDD sea ice growth mod-
el (Bilello, 1961) were used as reference data. Previous results
have indicated that despite the simplicity of the CFDD model, its
predicted SIT values correlate very well with the ULS in situ data
during the sea ice growth season (Sánchez-Gámez et al., 2020).
Therefore, this study utilized the CFDD simulated SIT data to
train the retrieval algorithm. The sea ice thickness can be related
to the CFDD as follows (Bilello, 1961):

SIT = .× CFDD., (1)

where SIT is the sea ice thickness in centimeter and CFDD is cal-
culated by integrating over the time when the first sea ice is
present as

CFDD =

∫ t


(Tf − Ta)dt, (2)

where Ta is the daily average air temperature in degree Celsius
(℃), Tf is the freezing point of sea water (–1.8℃), and Ta < Tf. The
daily 2 m air temperature data produced by the National Center
for Environmental Prediction (NCEP) and the National Center for
Atmospheric Research (NCAR) (Kalnay et al., 1996) were used as
the input in the CFDD model and can be available at https://
psl.noaa.gov.

3.2  Existing thin sea ice thickness retrieval algorithms
A number of algorithms have been developed for retrieving

SIT from SMOS radiometer data (Kaleschke et al., 2010, 2012;

Huntemann et al., 2014; Tian-Kunze et al., 2014; Gupta et al.,
2019). The algorithms developed at the University of Hamburg
(UH) (Tian-Kunze et al., 2014) and the University of Bremen (UB)
(Huntemann et al., 2014) have been used to generate operational
thin ice thickness products of the Arctic which are available to the
public. Therefore, these two algorithms were used for comparis-
on in this study.

The SIT retrieval algorithm developed at the University of
Hamburg (referred to UH_SIT) (Tian-Kunze et al., 2014) is based
on a forward model that consists of a thermodynamic sea ice
model and a three-layer radiative transfer model. The forward
model is used to simulate brightness temperature and can ac-
count for variations of ice temperature and ice salinity. The sea
ice thickness is iteratively solved by minimizing the difference of
simulated and measured brightness temperatures. The UH_SIT
algorithm further accounts for the statistical thickness distribu-
tion within one satellite pixel and can retrieve SIT up to 1.5 m.
More details about this SIT retrieval algorithm can be found in
Tian-Kunze et al. (2014).

The SIT retrieval algorithm developed at the University of
Bremen (referred to as UB_SIT) is based on the empirical rela-
tionship between SIT and brightness temperature intensity I as
well as polarization difference Q at incidence angles between 40°
and 50°. I and Q can be expressed as a function of sea ice thick-
ness as follows (Huntemann et al., 2014):

Iabc (x) = a− (a− b) · exp (−x/c) , (3)

Qabcd (x) = (a− b) · exp
[
−(x/c)d

]
+ b, (4)

where x is the sea ice thickness; a, b, c and d are parameters to be
determined from the regression of sea ice thickness data on mi-
crowave data.

In the UB_SIT algorithm, SIT data simulated using a CFDD ice
growth model in the Kara and Barents seas were used as refer-
ence to obtain the parameters of a, b, c and d. The maximum re-
trievable SIT reaches up to 0.5 m. In addition, the UB_SIT al-
gorithm only uses brightness temperatures in SIT estimation and
does not correct the effect of open water. Therefore, it is only ap-
plicable to the case of high sea ice concentration. Meanwhile,
only two regions (the Kara and Barents seas) were selected to
train the retrieval algorithm, which may not be representative of
all possible conditions since the ice salinity varies from region to
region and the ice temperature varies from time to time.

3.3  Improved thin sea ice thickness retrieval algorithm
Previous studies have demonstrated that microwave ra-

diometer observations such as the polarization ratio, the spectral
gradient ratio, and the ratio between different brightness temper-
atures are sensitive to SIT and can be used for SIT retrieval (Mar-
tin et al., 2004, 2005; Singh et al., 2011; Tamura and Ohshima,
2011; Iwamoto et al., 2013; Scott et al., 2014; Mäkynen and Similä,
2019, 2022). This study employed the PR of microwave bright-
ness temperature to retrieve SIT, which is defined as

PR (f) =
TBV (f)− TBH (f)− k (− C)
TBV (f) + TBH (f)− k (− C)

, (5)

where PR(f) indicates the polarization ratio at frequency f ; TBp(f)
is the brightness temperature at p polarization (i.e., V or H) and
frequency f ; C is the sea ice concentration; k1 and k2 are correc-
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tion terms for the contribution of open water when sea ice con-
centration is below 100% and can be written as follows:

k = TBOW
V (f)− TBOW

H (f) , (6)

k = TBOW
V (f) + TBOW

H (f) , (7)

TBOW
pwhere (f) indicates brightness temperature at frequency f

with polarization p (V or H) over open water. For SMAP data, the
open water tie-points were set as 115.90 K and 76.91 K for hori-
zontal and vertical polarization, respectively, which were empir-
ically determined using the method in Ivanova et al. (2015) .

The advantage of PR is that it is largely independent of the
physical ice temperature since it is a ratio of observed brightness
temperatures. After the calculation of PR(1.4) from SMOS and
SMAP, an exponential equation was utilized to describe the de-
pendence of PR(1.4) on SIT as follows (Martin et al., 2004;
Iwamoto et al., 2013):

SIT = exp

(


α · PR+ β

)
− γ, (8)

γwhere SIT is the sea ice thickness (m); α, β and  are parameters
to be determined from the exponential regression of CFDD SIT
data on microwave PR data. The curve is fitted using the total
least square method (Petráš and Bednárová, 2010).

4  Results and discussion

4.1  Relationship between PR(1.4) and sea ice thickness
In order to investigate the relationship between polarization

ratio PR(1.4) and sea ice thickness, the three-layer (water-ice-air)
dielectric slab model (Menashi et al., 1993; Kaleschke et al., 2010)
was utilized to simulate sea ice emissivities under different con-
ditions. In this model, the sea ice is considered as a homogen-
eous medium over sea water and characterized by dielectric con-
stant and thickness. The input parameters include sea ice thick-
ness, sea ice salinity (Sice, related to ice dielectric constant) and
sea ice thickness variation (σd). Figure 2 displays the changes of
PR(1.4) as a function of SIT, Sice and σd, which confirms that the
exponential equation in Eq. (8) can be utilized to describe the de-
pendence of PR(1.4) on SIT. It can also be observed that PR(1.4)
is most sensitive to ice thickness among the three input paramet-
ers, inferring that PR(1.4) can be used for ice thickness estima-
tion.

The relationship between the CFDD sea ice thicknesses and
the SMOS and SMAP PR(1.4) values was then examined over five
selected regions (5 × 5 grids with 25 km intervals in the Beaufort,
Chukchi, East Siberian, Laptev, and Kara seas as indicated in
Fig. 1). These five areas are carefully selected according to the
time series of their sea ice concentration, ice drift speed and air
temperature data. The mean sea ice drift speeds of these five
areas range from 9.1 km/day in the Laptev Sea to 13.1 km/day in
the Kara Sea according to the Ocean and Sea Ice Satellite Applic-
ation Facility (OSI-SAF) sea ice drift product (OSI-405-c)
(Lavergne et al., 2010). The ice drift speeds are of the order of a
half of the size of the 25 km grid cell. Therefore, the CFDD model
is applicable without introducing larger errors according to
Huntemann et al. (2014). In order to further reduce the accumu-
lated error of the CFDD model, only SIT data within 75 days after
the first appearance of sea ice were used.

Figure 3 displays the density scatter plots of sea ice thick-

nesses against SMOS and SMAP PR(1.4) values from the 5 selec-
ted regions. It can be observed that PR(1.4) shows a monotonic
decrease for increasing ice thickness, which allows for the retriev-
al of SIT from the measured polarization ratio. The sensitivity of
PR(1.4) to SIT decreases with increasing SIT. A significant level of
sensitivity can be detected when the ice thickness is below 0.5 m.
However, the sensitivity is considerably reduced when the sea ice
thickness is above 0.5 m. These results agrees well with the res-
ults of Kaleschke et al. (2010). The exponential equation was util-
ized to fit the relationship between PR(1.4) and SIT. SMAP exhib-
its a higher training accuracy compared to SMOS, with their root
mean square error (RMSE) values being 0.12 m and 0.14 m, re-
spectively. This difference may be due to the fact that the ra-
diometric uncertainty of SMAP is higher than that of SMOS.

4.2  Variability of regression coefficients
In order to study the variability of the regression coefficients

of Eq. (8), the regression is performed for each region. Figure 4
displays the fitting curves for the five selected regions and Table 1
summarizes the regression coefficients separately trained on
these five regions. Results using all regions’ data are also in-
cluded. For both SMOS and SMAP, the fitting curves are close to
each other except that the Beaufort Sea deviates from the other
seas. The curve for the Beaufort Sea tends to underestimate the
sea ice thickness by a maximum value of about 0.05 m for PR(1.4)
between 0.05 and 0.15. The maximum difference among the pre-
dicated values from different models is within 0.1 m when the
PR(1.4) is greater than 0.05. These results indicate that the rela-
tionship between SIT and PR(1.4) is almost stable across differ-
ent regions in the Arctic. It should be noted that the ice salinity
and ice temperature may vary from region to region and the se-
lection of these five regions may be representative of all possible
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Fig. 2.   Change of polarization ratio PR(1.4) as a function of sea
ice thickness (SIT), sea ice salinity (Sice) and sea ice thickness
variation (σd) simulated using the three-layer sea ice emissivity
model (Menashi et al., 1993; Kaleschke et al., 2010). In each case
two parameters have been kept constant while the third paramet-
er was varied.
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conditions. Therefore, the models for SMOS and SMAP should be
applicable to the entire Arctic Ocean.

4.3  Comparison of thin sea ice thickness retrievals
Four Arctic thin SIT products are compared, including

SMOS_SIT, SMAP_SIT, UH_SIT and UB_SIT. As a demonstration,

Fig. 5 displays the spatial distributions of these four products on
November 15, 2019. It can be seen that SMOS_SIT shows a very
similar spatial distribution of SIT to SMAP_SIT with a correlation
value of about 0.92. The mean bias between these two data is
within 0.01 m, indicating that the difference between SMOS_SIT
and SMAP_SIT is minimal. Both SMOS_SIT and SMAP_SIT tend
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Fig. 3.   Density scatterplots of cumulative freezing degree days (CFDD) model sea ice thickness and PR(1.4) for SMOS (a) and SMAP
(b), respectively. RMSE, root mean square error; N, number of available measurements.
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Fig. 4.   Fitting curves for the selected areas in this study for SMOS (a) and SMAP (b).

 

γTable 1.   Regression coefficients (α, β and ) and number of available measurements (N) over the five selected areas for SMOS and
SMAP

Region (year)

Regression coefficients and number of available measurement

SMOS SMAP

α β γ N α β γ N

Beaufort Sea (2015) 44.57 −0.24 1.10 1 839 41.66 0.13 1.11 1 766

Chukchi Sea (2018) 15.50 0.86 1.30 1 582 12.63 0.98 1.37 1 582

East Siberian Sea (2020) 16.98 0.90 1.25 1 830 21.10 0.89 1.19 1 830

Laptev Sea (2017) 26.44 0.39 1.19 1 810 21.85 0.68 1.22 1 810

Kara Sea (2017) 15.72 0.92 1.26 1 844 14.03 1.03 1.27 1 850

22.72 0.65 1.20 8 905 21.29 0.81 1.21 8 838

      Note: Bold values are for all regions.
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to yield higher SIT values in the marginal ice zone compared to
UH_SIT and UB_SIT with mean bias values being 0.16 m and
0.17 m, respectively. This can be explained by that sea ice thick-
nesses from UH_SIT and UB_SIT are retrieved from brightness
temperatures and the contribution of open water to the total
brightness temperature is neglected in the retrieval algorithms,
which leads to underestimation of SIT. By contrast, correction
terms for the contribution of open water are applied for SMOS_
SIT and SMAP_SIT when the sea ice concentration is below
100%. UH_SIT has the highest SIT values in the Central Arctic re-
gion and the Canadian Arctic Archipelago, where the retrieved
SIT can reach up to 1.5 m. However, the maximal retrievable ice
thickness of SMOS_SIT and SMAP_SIT is around 1.0 m in these
areas. The ice thickness retrievals from SMOS_SIT and SMAP_SIT
are lower than from UH_SIT, which may be explained by that the
UH_SIT retrieval algorithm considers the SIT distribution within
a satellite pixel to correct the underestimation of ice thickness
caused by the plane ice layer assumption (Tian-Kunze et al.,
2014; Kaleschke et al., 2016). Furthermore, the presence of snow
on sea ice could change the overall brightness temperature of sea
ice due to the insulation effect and the radiative contribution of
the snow. The SMOS_SIT and SMAP_SIT algorithms are expec-
ted to be less affected by the insulation effect since the polariza-
tion ratio is independent of the physical ice temperature.
However, the radiative contribution of the snow was ignored in

this study since the snow cover is assumed to be transparent at L-
band under dry conditions, which warrants further analysis.

4.4  Assessment of uncertainties in the retrieved sea ice thickness
The sea ice thickness was retrieved from the microwave po-

larization ratio at 1.4 GH, which relies on the TB measurements
and SIC estimates. In order to analyze the uncertainties in SIT in-
troduced by the input parameters of TB and SIC, a Monte Carlo
approach was used. The Monte Carlo approach involves ran-
domly varying the input parameters based on their respective
probability distribution functions and running the retrieval al-
gorithm multiple times to obtain a distribution of SIT values. The
standard deviation of this distribution is used as a measure of the
uncertainty in the retrieved SIT. In this study, the retrieval al-
gorithm was run for 1 000 times for each pixel.

The SIT uncertainty from TB and SIC was evaluated separ-
ately. The uncertainty coming from brightness temperature is
firstly calculated assuming that the sea ice concentration is ac-
curately estimated. As an example, Fig. 6 shows the scatterplots
of SIT retrievals and their respective uncertainties on November
15, 2019 for SMOS and SMAP, respectively. The radiometric un-
certainties of brightness temperature for SMOS and SMAP were
set as 2.5 K (McMullan et al., 2008; Corbella et al., 2011) and 1.3 K
(Piepmeier et al., 2017; Peng et al., 2019), respectively. For both
SMOS and SMAP, the uncertainties increase with increasing SIT,
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Fig. 5.   Spatial distributions of Arctic thin sea ice thickness on November 15, 2019 from SMOS_SIT (a), SMAP_SIT (b), UH_SIT (c), and
UB_SIT (d), respectively.
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which is consistent with the results of Paţilea et al. (2019). The
SMOS uncertainty is larger than that for SMAP since the uncer-
tainty in SMOS TB measurements is larger than that for SMAP.

The uncertainty coming from SIC was then calculated by
varying the SIC taking into account with ±5% standard deviation
(Ivanova et al., 2015). Figure 7 displays the SIT uncertainty for
SMOS and SMAP on November 15, 2019. Both SMOS and SMAP
show a gradual increase in SIT error with increasing SIT, and they
have similar levels of uncertainty. The uncertainty in ice thick-
ness is close to zero at an ice thickness of 0 m and could reach ap-
proximately to 0.10 m at an ice thickness of 1.0 m. Moreover, the
SIT uncertainty introduced by sea ice concentration is lower than
that of brightness temperature.

4.5  Validation of thin ice thickness retrievals

4.5.1  Validation using ULS sea ice thickness measurements
Four SIT products (SMOS_SIT, SMAP_SIT, UH_SIT and

UB_SIT) were validated against independent ice draft and thick-
ness measurements obtained by upward looking sonar moorings
deployed in the Beaufort Sea and Laptev Sea (Fig. 1). The maxim-
um retrievable SIT is limited to 1.0 m for SMOS_SIT, SMAP_SIT
and UH_SIT, while UB_SIT has maximum retrievable ice thick-
ness of about 0.5 m. ULS ice thickness data from three BGEP ULS
moorings (A, B and D) during the freezing period (October to
January) from 2010 to 2021 and from two ULS moorings (Taymyr
and 1893) during the freezing period (October to January) from
2013 to 2015 were utilized. Only ULS ice thickness measure-
ments below 1.0 m were used to evaluate the ice thickness re-
trievals. Figure 8 displays the scatterplots between ULS SIT meas-
urements and four SIT estimates. Since the SMAP radiometer
data only dates back to March 2015, the validation result in the
Laptev Sea for SMAP_SIT is not available.

The four ice thickness products show generally good consist-
ency with ULS measurements with RMSE values being about
0.21 m and correlation coefficients (r) ranging from 0.59 to 0.66.
There is no significant difference in retrieval accuracy among
these four products in terms of RMSE and r values. While the oth-
er three products have relatively small mean bias values of about
0.04 m , UB_SIT has a large mean bias of about −0.14 m. UB_SIT
performs well for ice thickness below 0.5 m but tends to underes-
timate ice thickness for thicker ice, which is consistent with the

results of Sánchez-Gámez et al. (2020). Meanwhile, some points
for UB_SIT in Fig. 8d are severely underestimated. The ULS ice
thickness measurements range from 0.2 m to 0.6 m but the re-
trieved values of UB_SIT are close to 0 m, which may be ex-
plained by the fact that the UB_SIT assumes 100% sea ice concen-
tration and the retrieved SIT will decrease when this condition is
not fulfilled (Paţilea et al., 2019). In addition, UB_SIT relies on the
brightness temperature for SIT estimation and the observed TB
decreases with decreasing ice temperature which leads to under-
estimation of SIT under very cold conditions. By contrast, the
utilization of PR(1.4) helps to eliminate the influence of physical
ice temperature in SMOS_SIT and SMAP_SIT. It should be poin-
ted out that among the four ice thickness products, SMOS_SIT
and SMAP_SIT can obtain more data points for validation with
the numbers being 1 416 and 977, respectively, inferring that
these two algorithms can be applied to wider sea ice conditions.
This may be attributed to the fact that SMOS_SIT and SMAP_SIT
were trained on data from different years covering different re-
gions of the Arctic.

4.5.2  Validation using airborne sea ice thickness measurements
The SIT products are further validated using airborne SIT

measurements from two field campaigns of SafeWin 2011 and
SMOSice 2014, which were conducted the northern Baltic Sea in
March 2011 and in the Barents Sea in March 2014, respectively.
Figure 9 shows the scatterplots between airborne SIT measure-
ments and three SIT estimates (SMOS_SIT, UH_SIT and UB_SIT).
It can be seen that SMOS_SIT has the best performance among
the three products with bias and RMSE values being −0.10 m and
0.21 m, respectively. Although the SMOS_SIT retrieval algorithm
was trained using the CFDD SIT obtained during the freezing
period, SMOS_SIT is able to yield overall good results during the
springtime. This may be associated with the representativeness
of the training data since the CFDD SIT data were obtained from
different years covering different regions of the Arctic. Both
UH_SIT and UB_SIT underestimate the ice thickness with bias
values being −0.27 m and −0.33 m, respectively, which agrees
well with the results of Kaleschke et al. (2016).

5  Conclusions
This study developed an improved sea ice thickness SIT re-
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Fig. 6.   Scatterplots of sea ice thickness retrievals and their re-
spective uncertainties on November 15,  2019 in the Arctic for
SMOS and SMAP, respectively. The lines show the rolling aver-
age of the uncertainty.

 

0.20

0.15

0.10

0.05

0

S
ea

 i
ce

 t
h
ic

k
n
es

s 
u
n
ce

rt
ai

n
ty

/m

0 0.2 0.4 0.6 0.8 1.0

Sea ice thickness/m

SMOS data point
SMAP data point
SMOS rolling average line
SMAP rolling average line

 

Fig. 7.   Scatterplots of sea ice thickness retrievals and their re-
spective uncertainties for a sea ice concentration uncertainty of
5% on November 15, 2019 in the Arctic for SMOS and SMAP, re-
spectively. The lines show the rolling average of the uncertainty.
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Fig. 8.   Scatterplots between upward looking sonar sea ice thickness measurements and sea ice thickness retrievals for SMOS_SIT (a),
SMAP_SIT (b), UH_SIT (c), and UB_SIT (d) during the cold seasons (October to January). Red dots represent data points from the
Beaufort Sea for the period of 2010 to 2021 while blue triangles indicate data points from the Laptev Sea during the period of 2013 to
2015. Because the SMAP data are only available since March 2015, no data points are available in the Laptev Sea for SMAP_SIT. The
black dash line indicates the 1:1 line while the black line indicated the fitted line. r, correlation coefficient.
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Fig. 9.   Scatterplots between airborne sea ice thickness measurements and sea ice thickness retrievals for SMOS_SIT (a), UH_SIT (b),
and UB_SIT (c) for campaigns of SafeWin 2011 and SMOSice 2014. The black dash line indicates the 1:1 line.
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trieval algorithm for thin ice (< 1.0 m) in the Arctic Ocean from
the SMAP and SMOS L-band brightness temperature observa-
tions during the freeze-up period. The improvements of the SIT
retrieval algorithm include the correction for the sea ice concen-
tration impact, reliable reference SIT data over different repres-
entative regions of the Arctic Ocean and the utilization of mi-
crowave polarization ratio that is independent of ice temperat-
ure. The accuracy of the proposed SIT retrieval algorithm was as-
sessed using SIT measurements obtained from moored upward
looking sonars and airborne electromagnetic induction sensors.

The cumulative freezing degree days model was applied over
five carefully selected areas in the Beaufort, Chukchi, East Siberi-
an, Laptev and Kara Seas during the freeze-up period to simulate
thin ice thickness, which was further used as reference to study
the relationship between SIT and the microwave polarization ra-
tio of SMOS and SMAP at an incidence angle of 40°. The results
show that the exponential function can well fit the relationship
between PR and SIT and the regression coefficients are almost
stable across the five selected regions, inferring that the pro-
posed algorithm should be applicable to the entire Arctic Ocean.

The thin ice thickness products separately derived from
SMOS and SMAP (i.e., SMOS_SIT and SMAP_SIT) in this study
were compared with other products (i.e., UH_SIT from the Uni-
versity of Hamburg and UB_SIT from the University of Bremen)
and then validated against SIT measurements from upward look-
ing sonars in the Beaufort and Laptev seas and airborne electro-
magnetic induction sensors. The results indicate that SMOS_SIT
and SMAP_SIT yield almost identical SIT retrievals and tend to
achieve higher SIT values in the marginal ice zone compared to
UH_SIT and UB_SIT due to the correction for the effect of sea ice
concentration. When validating using ULS SIT data, SMOS_SIT
and SMAP_SIT have comparable retrieval accuracy with UH_SIT
and UB_SIT with RMSE values being about 0.20 m for the
Beaufort Sea and 0.26 m for the Laptev Sea, respectively. When
validating using EM SIT data, SMOS_SIT achieves the highest ac-
curacy with RMSE being 0.21 m. The advantage of SMOS_SIT and
SMAP_SIT over UH_SIT is the relative simplicity of the retrieval
algorithm as well as less requirement for auxiliary data, while the
advantage of SMOS_SIT and SMAP_SIT over UB_SIT is that
PR(1.4) is independent of the physical ice temperature and can
be used to operationally retrieve SIT up to 1.0 m.

The uncertainties in the retrieved SIT introduced by bright-
ness temperature and sea ice concentration have been investig-
ated using a Monte Carlo approach. The results indicate that the
uncertainties in SIT retrievals introduced by radiometric uncer-
tainties and sea ice concentration estimates increase with in-
creasing SIT. SMOS has higher uncertainties than SMAP. The un-
certainties introduced by sea ice concentration estimates are
much less than that of radiometric uncertainties.

In this study, the snow layer on Arctic sea ice during the
freeze-up period was assumed to dry and its radiative contribu-
tion on the sea ice brightness temperature can be neglected since
dry snow is almost transparent at L-band (Maaß et al., 2013).
However, the effect caused by snow layers on the relationship
between PR and SIT warrants further analysis. Meanwhile, the
performance of the proposed retrieval algorithm were validated
using currently available ULS and EM SIT measurements. Due to
the sparsity of in situ SIT measurements in the Arctic, it is import-
ant to assess the proposed retrieval algorithm over more periods
and areas using other satellite SIT data such as SIT from thermal
infrared data (Yu and Rothrock, 1996; Wang et al., 2010) in future
studies.
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