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Abstract: The variations in the Arctic sea ice thickness (SIT) due to climate change have both positive
and negative effects on commercial human activities, the ecosystem, and the Earth’s environment.
Satellite microwave remote sensing based on microwave reflection signals reflected by the sea ice
surface has been playing an essential role in monitoring and analyzing the Arctic SIT and sea ice
concentration (SIC) during the past decades. Recently, passive microwave satellites incorporating an
L-band radiometer, such as soil moisture and ocean salinity (SMOS) and soil moisture active passive
(SMAP), have been used for analyzing sea ice characteristics, in addition to land and ocean research.
In this study, we present a novel method to estimate thin SIT and sea ice roughness (SIR) using a
conversion relationship between them, from the SMAP and SMOS data. Methodologically, the SMAP
SIR is retrieved. The SMAP thin SIT and SMOS SIR are estimated using a conversion relationship
between thin SIT data from SMOS data and SMAP-derived SIR, which is obtained from the spatial
and temporal collocation of the SMOS thin SIT and the SIR retrieved from SMAP. Our results for the
Arctic sea ice during December for four consecutive years from 2015 to 2018, show high accuracy (bias
= −2.268 cm, root mean square error (RMSE) = 15.919 cm, and correlation coefficient (CC) = 0.414)
between the SMOS-provided thin SIT and SMAP-derived SIT, and good agreement (bias = 0.03 cm,
RMSE = 0.228 cm, and CC = 0.496) between the SMOS-estimated SIR and SMAP-retrieved SIR.
Consequently, our study could be effectively used for monitoring and analyzing the variation in the
Arctic sea ice.
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1. Introduction

Sea ice is an essential climate variable that is very sensitive to climate change. Sea ice thickness (SIT)
(Dice) and sea ice concentration (SIC) are important sea ice parameters because of their high sensitivity
to heat flux and radiative balance. Recently, in the Arctic region, sea ice extent has been decreasing and
SIT has reduced in the past few decades [1–6], affecting climate [7,8], Earth’s surface energy budget [9],
atmospheric CO2 [10], atmospheric circulation [11], water budget [12], clouds [13], fresh-water [14],
and global temperature [15]. Recently, the interannual changes of Arctic sea ice were found to be closely
linked to the Arctic cyclone numbers [16], abnormal summer storm activity [17], atmospheric internal
variability (AIV) [18], and changes in polar tropospheric and stratospheric circulation [19]. Notably, sea
ice coverage has been increasing in the Antarctic in contrast to the decreasing trend in the Arctic [20].
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In particular, the reduction of SIT and decrease in the sea ice extent are providing opportunities
for commercial human activities such as Northern Sea Route (NSR) [21] shipping, fishing, tourism,
and natural resource explorations [22], which have negative impacts on the ecosystem and Arctic
environment [23].

Satellite remote sensing using multi-polarization synthetic aperture radar (SAR), radar
altimeters [24,25], laser altimeters [26,27], passive microwave radiometers, and optical and infrared
sensors, plays a crucial role in monitoring and analyzing the Arctic sea ice properties, because it is
difficult to obtain enough in situ measurements and the sensors are capable of global observation,
providing plenty of long-term observation data of sea ice with sufficient spectral, spatial, and
temporal coverage.

Sea ice surface information, such as SIC and sea ice extent (SIE), has been successfully monitored
for more than three decades by the passive microwave sensors such as electrically scanning microwave
radiometer (ESMR), scanning multichannel microwave radiometer (SMMR), special sensor microwave
imager (SSM/I), advanced microwave scanning radiometer (AMSR), special sensor microwave imager
sounder (SSMIS), soil moisture and ocean salinity (SMOS), and soil moisture active passive (SMAP),
using a number of algorithms such as the National Aeronautics and Space Administration (NASA)
team [28,29], the Bootstrap [30], and many others. The accuracy of the retrieved SIC was reported to be
in the range of 5–10% in winter [31–33].

However, SIT is known to be more difficult to retrieve from spaceborne sensors than SIC
and SIE. In particular, thin SIT (0 to 0.5 m) information is more important for understanding sea
ice-atmosphere-ocean interaction through heat flux [34], and for operational and commercial purposes
such as weather prediction, ship routing, fishery, and natural resource explorations. However, various
in situ methods have limitations in collecting sufficient SIT data. The SIT estimation using a freeboard
method, based on the assumption of isostatic equilibrium [24,27], with reflection data from satellite
radar altimeters [25], is disadvantageous owing to the validation issue and large uncertainty for
SIT < 1.0 m.

In addition, data from satellites with radar altimeters (ICESat and CryoSat-2) or microwave
radiometer (SMOS) have been used for SIT estimation. In particular, the SMOS SIT was retrieved using
the brightness temperature intensity [35] and the intensity and polarization difference [36]. The SMOS
with its microwave imaging radiometer using aperture synthesis (MIRAS) sensor (L-band (frequency =

1.4 GHz, wavelength = 21 cm) radiometer) has a lower uncertainty in estimating thin SIT about 0.5 m
under ideal cold conditions [37–39], compared with ICESat and CryoSat-2 observations, due to the
L-band’s sensitivity to thin SIT variations and the large penetration depth [40].

Surface reflection information is used as an approach for estimating SIC and SIT in passive and
active satellite remote sensing. Sea ice reflection is influenced by many geophysical factors, such
as wind-roughened sea [28]. In particular, the surface roughness affects the surface reflection by
SIC [41–43] and has been a difficult parameter to be estimated by satellite remote sensing. Large-scale
roughness has been previously modeled using geometric optics [44]. A small-scale sea ice roughness
(SIR) (σ) retrieval and its time-series using a satellite-based passive microwave radiometer were
presented [1,45]. Previous studies have shown that the small-scale SIR ranged roughly between 0.2
and 0.6 cm in the Baltic Sea [46] and 0.27 cm in the Beaufort Sea [47]. In SMOS SIT retrieval, the SIR
was parameterized as σ = 0.1·Dice using the incoherent model instead of the fixed value of SIR using
the coherent model [48].

Thus, this study presents a novel method to retrieve SIR and thin SIT (<0.5 m) using a conversion
relationship between two variables. We focus on the marginal regions of Arctic sea ice as a study
area because of the existence of thin SIT and abrupt changes in SIR. We used the data from the SMAP
and SMOS satellites, which incorporate the L-band radiometers. We retrieved SMAP SIR, identified a
conversion relationship between SMAP SIR and SMOS thin SIT, and estimated SMAP thin SIT and
SMOS SIR in turn.
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2. Data

In this study, we used the polarized brightness temperatures (TB,V and TB,H) and sea ice surface
temperatures (TS) of SMAP Level-3 (L3) data, which have 9 km × 9 km spatial resolution and one-day
temporal resolution, for estimating the SMAP SIR. In addition, we used the daily SMOS L3C SIT data,
with 12.5 km × 12.5 km spatial resolution. The SMOS SIT data are available for winter, from October to
April, in the Arctic region. Thus, we consider the SIR and SIT only for the winter season. The study
area covers the Arctic sea ice within a circle of latitude from 70◦N to 90◦N. The study area of the Arctic
sea ice was determined using SMAP surface flag information with 9 km spatial resolution, CryoSat-2
L2 data with 5 km spatial resolution from SAR, and interferometric radar altimeter from the European
Space Agency (ESA).

3. Method

3.1. Retrieval of Soil Moisture Active Passive Sea Ice Roughness (SMAP SIR)

The small-scale SIR affects the surface reflectivity of sea ice. In a semi-empirical model based on
the incoherent approach [44], the rough surface reflectivities (RR,P) could be expressed as a function of
the specular surface reflectivity (RS,P) and the SIR (σ), which is a height probability density function
with a Gaussian distribution [49,50]. A small-scale SIR retrieval method was developed [8,51] and
applied to surface roughness studies on sea ice [1,45].

According to the previous studies, the SIR could be approximately estimated using the following
Equations (1) and (2) [8]:

σ ≈
λ

4π cosθ

√√√
ln

 (RR,H)
sec2 θ

RR,V

 (1)
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λ

4π cosθ

√√
ln

(
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RR,V

)
+ 2 ln


√

RR,H + cos 2θ

1 +
√

RR,H cos 2θ

 (2)

where λ is the wavelength (cm), θ is the viewing angle, RR,V and RR,H are the vertically(V)- and
horizontally(H)-polarized rough surface reflectivities.

The above two equations were derived by combining the Hong approximation (Equation (3)) [52]
and the direct solution (Equation (4)) [53] with the Gaussian distribution (Equation (5)) [49,50] in a
semi-empirical model based on the incoherent approach [44] as follows:
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sec2 θ (3)
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4π cosθ

√
ln

(
RS,P

RR,P

)
(5)

where RS,V and RS,H are the V- and H-polarized specular surface reflectivities. The subscript P is the V-
or H-polarization. Re(r̂V) is the real part of the complex Fresnel reflection coefficient r̂V.

The complex Fresnel reflection coefficient r̂V is expressed as follows [54]:

r̂V =
cosθ−

√
n̂2 − sin2 θ

cosθ+
√

n̂2 − sin2 θ
(6)

where n̂ is the complex refractive index.
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Equation (5) contains the specular surface reflectivity, which cannot be obtained from satellite
observation. Thus, the relationship near the Brewster angle between polarized rough surface
reflectivities and specular surface reflectivities was presented as follows [51]:

RS,V > RR,V (7)

RS,H ≈ RR,H (8)

Therefore, we can obtain Equation (1) after inserting Equation (8) into Equation (5) and replacing
RR,V by the Hong approximation (Equation (3)). Equations (1) and (2) were shown to be effective
for melting sea ice and frozen sea ice, respectively [8]. In particular, the surface roughness retrieval
method using Equation (1) is useful in microwave satellite remote sensing.

In this study, we focus on thin SIT and SIR. Thus, we used Equation (1) to estimate the SMAP SIR
around the edge of the Arctic sea ice. In addition, in this study, sea ice rough surface reflectivity (RR,P)
is determined from SMAP satellite data with polarization P = V or H as follows [7]:

RR,P = 1−
TB,P

TS
(9)

Finally, we use the following equation to retrieve the small-scale SIR from the SMAP observation
data:

σ ≈
λ

4π cosθ
·

√√√√√√√√√√√
ln


(
1− TB,H

TS

)sec2 θ

(
1− TB,V

TS

)
 (10)

where TB,V and TB,H are the V- and H-polarized brightness temperatures observed by the SMAP
satellite. TS is the sea ice surface temperature provided by the SMAP satellite at a fixed wavelength
λ = 21.43 cm at an incidence angle θ = 40◦.

3.2. Conversion Relationship between SIR and SIT

The SMOS satellite provides the SIT (Dice) by assuming a homogeneous dielectric-slab of ice
thickness [39]. To obtain the conversion relationship between SIT and small-scale SIR, we used the
SMOS SIT data and retrieved the SIR using Equation (10) with the data of V- and H-polarized brightness
temperatures and sea ice surface temperatures from SMAP. In this study, we used four months of SMOS
L3 and SMAP L3 data during Decembers from 2016 to 2018. The conversion relationship between SIT
and small-scale SIR is obtained using a regression method as follows:

Dice, SMOS = a·σb
SMAP (11)

where Dice is the SIT provided by the SMOS data. σ is the small-scale SIR estimated using Equation
(10) with SMAP-provided brightness temperatures and surface temperature data. a and b are the
coefficients to be determined using the collocations of SMAP and SMOS data.

3.3. Retrievals of SMAP SIT and SMOS SIR

In this study, we estimate the SMAP SIT (Dice, SMAP) using Equation (11) and SMOS SIR (σSMOS)
using the inverse relationship of Equation (11) as follows:

σSMOS =

(
Dice,SMOS

a

) 1
b

(12)

The SIT from SMOS L3 product is obtained using the iteration method when the difference
between the sea ice radiation model (Equation (13)) and thermodynamic models under the condition
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of a brightness temperature difference of less than 0.1 K, or a SIT difference of less than 1 cm between
the two models, as follows [38,39]:

Dice,SMOS = −
1
γ
· ln

(
TB − T1

T1 − T0

)
(13)

where TB is the brightness temperature from SMOS, T0 is the brightness temperature of open water, T1

is the brightness temperature of infinitely thick sea ice, and γ is the attenuation factor. TB − T1 includes
the measurement uncertainty as well as the geophysical uncertainty due to the variability of surface
reflectivity. The uncertainty of SMOS L3 SIT was estimated as ±0.02 m/K for Dice,SMOS = 0.4 m [38].

We could obtain another form of SIT as a function of the SMAP or SMOS observations by inserting
Equation (10) into Equation (11) as follows:

Dice = a·


λ

4π cosθ
·

√√√√√√√√√√√
ln


(
1− TB,H

TS

)sec2 θ

(
1− TB,V

TS

)



b

(14)

In Equation (14), TB,V, TB,H, and TS are from the SMAP and SMOS observations. λ and θ are
given from the SMAP and SMOS satellites. The unknown variables are T1 and γ in the SMOS SIT
algorithm (Equation (13)), while they are a and b in our SIT algorithm (Equation (14)). Equation (14) is
bias-corrected using the result from December 2017 in this study.

3.4. Validation of SMAP SIT and SMOS SIR

For validation, the pairs of SIRs (σSMAP and σSMOS) and SITs (Dice,SMAP and Dice,SMOS) are compared
for different periods of observation: for December 2015, 2016, and 2018. Figure 1 shows the procedure of
this study. As a preprocess, SMAP and SMOS data are collocated temporally and spatially. First, we use
V- and H-polarized brightness temperatures and ice surface temperatures from SMAP and SMOS SIT
as inputs. We then estimate the V- and H-polarized rough surface reflectivities. The surface roughness
retrieval equation is then applied to calculate the V- and H-polarized rough surface reflectivities
for computing SIR. Later, we obtain a conversion relationship between SMAP SIR and SMOS SIT,
and estimate SMAP SIT and SMOS SIR. Finally, the comparisons between SIRs and SITs from SMAP
and SMOS are performed.
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4. Results

Figure 2 shows the examples of the SMAP SIR from December of 2015 to 2018 estimated using
the proposed method. The retrieved SMAP SIR ranges from approximately 0.01 to 1.81 cm within
the thin SMOS SIT. These SIR values include values reported in the previous studies, between 0.2
and 0.6 cm in the Baltic Sea [46], and 0.27 cm in the Beaufort Sea [47]. We can identify that the SIR
exhibits a kind of oscillation pattern with positive and negative fluctuations (the SIR shows significant
changes). In addition, the average value of SIR tends to decrease as time passes. In this study, we did
not investigate the effect of climate change on our SIR because we only have data for four years, which
are not sufficient for climate change studies.
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December of (a) 2015, (b) 2016, (c) 2017, and (d) 2018.

Figure 3 shows the scatterplots between the SMAP SIR and SMOS SIT during December of the four
consecutive years from 2015 to 2018. The SMAP SIR and SMOS SIT are highly correlated with averaged
correlation coefficients (CC) = 0.462 during December for 2015 to 2018. To obtain the best conversion
relationship between SMAP SIR and SMOS SIT, we applied a regression method (Equation (14)) to the
data for December 2017. Accordingly, we obtained the conversion relationship between SMOS SIT and
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SMAP SIR with a = 13.27 and b = 4. Figure 3c shows the conversion relationship with the statistical
results of CC = 0.506 and root-mean-square-error (RMSE) = 17.640 cm for all the collocated data pixels
between SMAP SIR and SMOS SIT during December 2017.
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case, a = 13.27 and b = 4 in Equation (14) were applied.

Figure 4 shows the scatterplots between the SMAP-derived SIT and SMOS SIT during December
of 2015 to 2018. This result shows the CC = 0.414, bias = −2.268 cm and RMSE = 15.919 cm for all
the data pixels between two SITs during December of the years 2015 to 2018. The CC ranges from
0.370 to 0.461. The RMSE, ranging from 15.705 to 16.392, is stable. Figure 4c shows the best statistical
results (CC = 0.461, bias = 0.000 cm and RMSE = 15.705 cm) because the conversion relationship
between SMOS SIT and SMAP SIR was obtained using the data from December 2017 and was applied
to December of 2015, 2016, and 2018.
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years: (a) 2015, (b) 2016, (c) 2017, and (d) 2018.

Figure 5 shows the spatial distributions of the SMOS SIT and SMAP-derived SIT on December
2017. The CC of Dice, standard deviation (STD) of the ice thickness Dice from aircraft measurement
and of Dice estimated using Equation (13) were 0.5, 0.82 ± 0.4 m, and 0.65 ± 0.3 m for SMOS SIT
respectively [38], and 0.88, 0.79 ± 0.5 m, and 0.55 ± 0.4 m for SMOS SIT, respectively [48]. A CC of
0.58 between SMOS–SMAP-derived ice thickness and the ship observations was estimated during the
period of October 5 to November 4, 2015, in the Beaufort and Chukchi seas [55]. The values of bias
(−0.12 m) and RMSE (0.26 m) from November to December 2018 from the comparison between the
Ocean and Sea Ice Satellite Application Facility (OSISAF) and SMOS ice thickness was reported [56].
Therefore, our results show excellent agreement with those estimated by the previous studies.
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Figure 5. Spatial distributions of (a) SMOS SIT, (b) SMAP-derived SIT, and (c) SMOS SIT–SMAP-derived
SIT during December 2017.

Figure 6 shows the scatterplots between the SMAP-derived SIR and SMOS-derived SIR during
December 2017. This result shows the CC = 0.496, bias = 0.03 cm, and RMSE = 0.228 cm for all the data
pixels between two SIRs during the month of December of years 2015 to 2018. Notably, the CC of SIRs
is higher than those of SITs between SMAP and SMOS. The CC ranges from 0.441 to 0.542, and the
RMSE varies from 0.219 to 0.237 cm. The SIR during December 2017 also shows the best statistical
results (CC = 0.542, bias = 0.000 cm and RMSE = 0.219 cm) because of the same conversion relationship
between SMAP SIR and SMOS SIT obtained from the data retrieved during December 2017.
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Figure 7 shows the spatial distributions of the SMAP SIR (Figure 7a), SMOS-derived SIR (Figure 7b),
and the difference map between SMAP SIR and SMOS-derived SIR during December 2017. This result
could not be validated because of lack of in situ measurements. The derived SMOS SIR is estimated to
be between 0.49 and 1.25 cm, which is lower than the SMAP SIR values from 0.01 to 1.81 cm. The SMOS
SIR is higher than SMAP SIR in the Beaufort and Kara Seas, while it is lower than SMAP SIR in the
inner part of the circumpolar region. Thus, our SMOS-derived SIR tends to be relatively lower than
SMAP SIR as the SIT increases in the circumpolar regions.
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5. Summary and Concluding Remarks

The Arctic sea ice is sensitive to climate change and affects Earth’s environment and ecosystems.
Nevertheless, the sea ice melting provides an opportunity for commercial human activities. During
the past decades, satellite microwave remote sensing has been used for monitoring and analyzing the
Arctic SIT and SIC. Physically, the sea ice parameters, such as SIC, SIT, and SIR are estimated from
the variation of sea ice surface reflection signals for the different types of sea ice, such as new, young,
and multiyear ices. Thus, we assumed the correlation between SIT and SIR derived from L-band
radiometer, due to its high sensitivity to SIT variations and large penetration depth.

We retrieved the SIR and presented a novel method to estimate thin SIT and SIR using a conversion
relationship between them, using the data of SMAP-retrieved SIR and SMOS-provided thin SIT.
Furthermore, this study provided the SMAP thin SIT and SMOS SIR, non-existent data, using the
conversion relationship between SMOS thin SIT data and SMAP-derived SIR.

The validation of our results in the Arctic sea ice during winter showed high accuracy (bias
= −2.268 cm, RMSE = 15.919 cm, and CC = 0.414) between the SMOS-provided thin SIT and the
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SMAP-derived SIT, and good agreement (bias = 0.03 cm, RMSE = 0.228 cm, and CC = 0.496) between
the SMOS-estimated SIR and the SMAP-retrieved SIR. Consequently, our study contributes with a novel
insight into the SIR and SIT retrievals in the Arctic marginal seas during winter, and the Arctic climate
change from sea ice variations that are highly correlated with abnormal summer storm activity [17]
and cyclone behavior [16,57]. This correlation can be attributed to sea ice variations, especially in
their marginal zones, having a high impact on the heat fluxes, atmospheric circulation, and cyclones
through strong interaction between the ice-ocean surfaces and atmosphere.
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