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ABSTRACT
Recently, measurement of sea ice thickness (SIT) has received increasing attention due to the 
importance of thinning ice in the context of global warming. Although altimeter sensors onboard 
satellite missions enable continuous SIT measurements over larger areas compared to in situ 
observations, these sensors are inadequate for mapping daily Arctic SIT because of their small 
footprints. We exploited passive microwave data from AMSR2 (Advanced Microwave Scanning 
Radiometer 2) by incorporating a state-of-the-art deep learning (DL) approach to address this 
limitation. Passive microwave data o!er better temporal resolutions than those from a single 
altimeter sensors, but are rarely used for SIT estimations due to their limited physical relationship 
with SIT. In this study, we proposed an ensemble DL model with di!erent modalities to produce 
daily pan-Arctic SIT retrievals. The proposed model determined the hidden and unknown relation-
ships between the brightness temperatures of AMSR2 channels and SITs measured by CryoSat-2 
(CS2) from the extended input features de"ned by our feature augmentation strategy. Although 
AMSR2-based SITs agreed well with CS2-derived gridded SIT values, they had similar uncertainties 
and errors in the CS2 SIT measurements, particularly for thin ice. However, based on quantitative 
validations using long-term unseen data and IceBridge data, the proposed retrieval model con-
sistently generated SITs from AMSR2 at 25 km spatial resolution, regardless of time and space.
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1. Introduction
Sea ice is the largest re#ector of solar radiation, is 
known to reduce heat exchanges between the 
ocean and the atmosphere and is one of the most 
visible components of the climate system (Smith 
1998; Spreen, Kaleschke, and Heygster 2008; 
Vinnikov et al. 1999). Thinning ice and increases in 
both ice-free periods and regions reportedly acceler-
ate global warming (Ivanova et al. 2015; Stroeve et al. 
2012, 2014). Among the most important Arctic sea ice 
parameters, sea ice thickness (SIT) and volume are 
related to changes in the heat budget of the Arctic 
and the exchanges of fresh water between sea ice and 
the ocean (Han et al. 2020; Laxon et al. 2013; Liu et al. 
2020).

Observations of ice thickness by research vessels 
and aircraft are generally made via "eld campaigns, 
such as the National Aeronautics and Space 
Administration (NASA) Operation IceBridge (OIB), 
which links the measurements of air- and space- 
borne laser altimeters to compare and generate 
a long-term ice altimetry record (Koenig et al. 2010; 
Kwok et al. 2011). Ice thickness data from ships and 

aircraft enable coverage of extended areas, compared 
to data from ice pro"ling sonar (IPS) or upward- 
looking sonar (ULS), and are used to "ll in gaps in 
polar observations between satellite missions (Koenig 
et al. 2010; Kwok et al. 2011). A moored sonar has the 
advantage of being able to record ice drafts at speci"c 
locations throughout the year continuously; however, 
these data are often noisy and are challenging to 
accurately convert into their corresponding thickness 
values (Proshutinsky, Bourke, and McLaughlin 2002; 
Yoshizawa, Shimada, and Cho 2018). Alternatively, 
since the initiation of the ICESat (IS) and CryoSat (CS) 
missions, satellite-based altimeters now provide the 
capacity to periodically measure ice freeboard over 
extended areas; thus, enabling ice volume estima-
tions (Kwok et al. 2019; Laxon et al. 2013). Sea ice 
thickness observations from satellite missions have 
been validated using airborne electromagnetic sen-
sors, sonar moorings, and OIB aircraft lasers (Kwok 
et al. 2019; Laxon et al. 2013). Since overall compar-
isons between satellite-based thickness estimates and 
in situ data show good agreement, these data are 
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readily available and are promising for estimating 
continuous SIT in the Arctic.

Satellite-driven SIT datasets from altimeters have 
larger footprints than those obtained from close- 
range platforms. However, due to the extremely 
small footprints of altimeter sensors (Figure 1), it is 
believed that data should be collected at intervals of 
at least one month in order to map the entire Arctic 
with a single instrument. Nevertheless, for several 
applications, this data collection interval is not suita-
ble for detecting rapid changes in sea ice volume. 
Based on an empirical relationship between emissiv-
ity and ice thickness, SIT can also be estimated using 
brightness temperature (TB) data from passive micro-
wave (PMW) sensors, such as the Advanced 
Microwave Scanning Radiometer 2 (AMSR2). 
Compared with altimeter sensors, the larger footprint 
of the PMW sensors enables the generation of daily 
thickness maps for the pan-Arctic region. Surface sali-
nity inversely correlates with ice thickness due to the 
relationship between the surface brine volume frac-
tion and the dielectric properties of sea ice at micro-
wave frequencies (Naoki et al. 2008; Vant, Ramseier, 
and Makios 1978). However, microwave radiometric 
signals are theoretically inadequate to observe radia-
tion emitted from the vertical features of the ice layer, 
which is required for SIT estimation (Lee et al. 2020; 
Naoki et al. 2008). The Soil Moisture and Ocean 
Salinity (SMOS) mission uses the 1.4 GHz (L-band) 
channel, characterized by signi"cant sea ice penetra-
tion depth (Kaleschke et al. 2012). It has been used to 
retrieve the SIT of thin ice (up to 0.5 m) during the 
Arctic freezing period. However, sea ice penetration 
depth becomes smaller at higher frequencies in most 
PMW sensors. Of note, the polarization ratio (PR) of TB 
between horizontal and vertical polarizations has 

often been considered in thin ice thickness algorithms 
(Iwamoto et al., 2014; Martin et al. 2004; Tamura and 
Ohshima 2011). Yoshizawa, Shimada, and Cho (2018) 
used the gradient ratio (GR) of the vertical polariza-
tion of the AMSR2 18 GHz and 36 GHz channels to 
estimate the #at "rst-year ice draft (i.e. the ice thick-
ness below the waterline). They evaluated the data 
using in situ ice draft from a moored IPS in the 
Chukchi Abyssal Plain. For these reasons, PMW- 
based SIT estimation studies have been limited to 
"rst-year or thin ice retrievals. As a multi-sensor data 
merging approach, Ricker et al. (2017) proposed an 
interpolation scheme using SIT data from CS2 and 
SMOS to generate a weekly Arctic-wide SIT product. 
However, this weekly product used 2–4 weekly SIT 
means as the background. Based on previous studies, 
current PMW-based SIT retrievals are limited to thin 
ice, and no operational daily SIT product exists for all 
ice types from any satellite remote sensing data. 
However, some weekly or monthly averaged products 
generated daily are available from the Alfred Wegener 
Institut (AWI; https://awi.de) and the National Snow & 
Ice Data Center (NSIDC; https://nsidc.org).

Deep learning (DL), an emerging topic in the 
machine learning community, attempts to model 
high-level abstraction in big data (LeCun, Bengio, 
and Hinton 2015). Deep learning is motivated by 
mimicking the learning process of the human brain, 
which often interactively learns from past experi-
ences. In recent studies, a variety of DL architectures, 
such as multi-layer perceptron (MLP) (Gardner and 
Dorling 1998), convolutional neural networks (CNNs) 
(Krizhevsky, Sutskever, and Hinton 2017), and recur-
rent neural networks (RNN) (Sak, Senior, and Beaufays 
2014) have been proposed and applied in diverse 
"elds of study, yielding outstanding results (Zou 

Figure 1. Examples of gridded Arctic sea ice thickness (SIT) maps derived from CryoSat-2 (CS2): 1-day (left, 1 February 2019); 14-day 
(middle, February 1–14); and 28-day (right, February 1–28) composites.
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et al. 2015). Several studies have also been investi-
gated using DL for retrievals of sea ice properties. Chi 
et al. (2019) proposed an MLP-based Arctic sea ice 
concentration (SIC) retrieval algorithm that used 
AMSR2 observations and high-resolution SIC derived 
from Moderate Resolution Imaging 
Spectroradiometer (MODIS) data as reference data. 
In their study, DL-based SIC values exhibited better 
agreements than other retrieval algorithms, especially 
in the 20–80% SIC zones. Wang et al. (2016) utilized 
CNN to estimate SIC from synthetic aperture radar 
(SAR) images during the melt season. This approach 
was robust regarding the e!ects of the incidence 
angle, noise, wind, and melt and produced high- 
resolution SIC estimates in regions with low ice con-
centrations. Chi and Kim (2017) obtained the "rst SIC 
predictions using RNN without incorporating addi-
tional ocean–atmosphere variables. Their study 
yielded comparable September forecasts to the 
results of various statistical and numerical models 
obtained via the Sea Ice Outlook (https://arcus.org/ 
sipn/sea-ice-outlook).

In this study, we propose a novel SIT retrieval algo-
rithm using a state-of-the-art CNN approach for all ice 
types and daily mapping from AMSR2 PMW data, 
which are not generally used for retrieving ice thick-
nesses. The retrieval model uses a CNN-based ensem-
ble approach that concatenates multiple types of 
input features generated by the proposed mathema-
tical operations to estimate SIT from the AMSR2 data. 
The SIT retrieval model exploits hidden and nonlinear 
relationships inherent in multiple AMSR2 channels, 
not often captured by traditional linear models. 
Although the reported CS2 SIT measurements have 
large errors and high uncertainties for observations of 
ice thicknesses less than 1 m, due in part to the 
limitation imposed by the radar’s pulse width, it is 
one of the most widely used SIT products (Kurtz, 
Galin, and Studinger 2014; Laxon et al. 2013; Tilling, 
Ridout, and Shepherd 2018). A goal of this study is to 
produce daily SIT maps over the entire Arctic from 
AMSR2 data at 25 km spatial resolution. Therefore, SIT 
data derived from CS2 that have been validated with 
in situ data (Laxon et al. 2013; Tilling, Ridout, and 
Shepherd 2018) were used as a reference to train 
and evaluate the model, and the estimated SIT values 
from AMSR2 showed good statistical agreements with 
CS2-based SITs. However, for thin ice measurements, 
which contain large errors and high uncertainties 

similar to CS2-based estimations, SIT retrievals from 
the proposed model were compared with daily 
SMOS-estimated SIT values. Lastly, a feature impor-
tance test using feature-denial experiments was con-
ducted to explain which feature made the largest 
statistical contribution to the retrievals.

2. Datasets

2.1 AMSR2 brightness temperatures as input 
variables

The AMSR2 is onboard the Global Change 
Observation Mission-Water 1 (GCOM-W1), a sun- 
synchronous and near-polar orbiting platform suc-
cessfully placed into orbit in May 2012. The AMSR2 
records data at seven frequencies (6.9, 7.3, 10.6, 18.7, 
23.8, 36.5, and 89 GHz) for horizontal (H) and vertical 
(V) polarization (Okuyama and Imaoka 2015). To miti-
gate the impacts of di!erent antenna patterns (foot-
prints) for the AMSR2 channels, re-sampled and 
gridded Level-3 TB data (25 km spatial resolution) 
were obtained from the Globe Portal System 
(https://gportal.jaxa.jp), which is operated by the 
Japan Aerospace Exploration Agency (JAXA). In this 
study, the AMSR2 Level-3 TB data were used as input 
variables.

2.2 Gridded CryoSat-2 sea ice thickness (SIT) as 
a target variable

Following the failure, CS2 was placed into a low-Earth 
orbit in April 2010 with an orbital inclination of 92°, 
enabling coverage up to 88° N. The SAR 
Interferometric Radar Altimeter (SIRAL) is the primary 
instrument aboard the CS2 that measures ice eleva-
tion using radar. It has a footprint of approximately 
0.3 km $ 1.5 km along-track and cross-track, respec-
tively (Laxon et al. 2013). Once the sea ice freeboard is 
estimated from the CS2 radar waveforms, converting 
to SIT is straightforward using the hydrostatic equili-
brium equation as follows (Alexandrov et al. 2010; 
Kurtz, Galin, and Studinger 2014; Laxon et al. 2013): 

SIT à F
!w

!w � !I
á S

!s

!w � !I 

where F is the sea ice freeboard, S is the snow depth, 
and !w; !I; !s are the densities of seawater, sea ice, 
and snow, respectively. Based on the assumption that 
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!w; !I; !s are known parameters, the parameterization 
of snow depth on sea ice is the most challenging, as it 
is not routinely measured. Since there are many 
approaches to converting freeboard into thickness 
using di!erent parameter assumptions (Alexandrov 
et al. 2010; Kwok et al. 2019; Laxon et al. 2013), we 
used the converted daily SIT trajectory data obtained 
from the AWI to minimize uncertainties in the conver-
sion process.

The AMSR2 Level-3 TB data include multiple tracks 
because the ground tracks overlap at high latitudes, 
and the overlapping regions increase with latitude. 
Di!erences in acquisition times may be responsible 
for the di!erences between the CS2 and PMW-based 
SIT values due to sea ice drift from wind forcing and 
ice-ocean interactions (Nakayama, Ohshima, and 
Fukamachi 2012). However, because the daily ice 
drift rate in the Arctic is less than 10 km/day, which 
is smaller than the spatial resolution (25 km) of the 
AMSR2 data used in this study (Durner et al. 2017; 
Lund et al. 2018), time di!erences within a single day 
were not considered. Most CS2-based SIT products 
are often output onto a Polar Stereographic or EASE 
2.0 grid due to the large variations in SIT estimates 
from CS2 (Laxon et al. 2013; Kurtz, Galin, and 
Studinger 2014; Tilling, Ridout, and Shepherd 2018). 
Therefore, in this study, the daily SIT trajectories from 
the CS2 data were mapped onto the same Polar 
Stereographic 25 km grid cells as those used for the 
AMSR2 data. Samples of gridded Arctic SIT maps 
derived from the CS2 data are shown in Figure 1. 
The weighted arithmetic mean, which is based on 
the individual thickness uncertainties, was used to 
calculate the average ice thickness within each grid 
cell as follows: 

SIT à
XN

ià1

SITi

"2
SITi

� "2
SIT 

"SIT à

ÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅÅ

1=
XN

ià1

1
"2

SITi

vuut

where N is the number of SIT measurements within 
a grid cell, "SIT is the uncertainty of the ice thickness 
retrieval, and "SIT is the random uncertainty. Since the 
mean SIT uncertainty depends on the number of data 
points in a grid cell, the mean uncertainty cannot be 
interpolated onto a di!erent grid. Therefore, "SIT was 

calculated for each grid cell, and the SIT values with 
high random uncertainties (three standard deviations 
from the mean as a cuto!) were excluded from the SIT 
retrieval model (the percentage of the excluded data 
was approximately 3.5%). Hereafter, CS2-derived SIT 
values are the weighted arithmetic mean SIT corre-
sponding to a 25 km grid cell and used as a target 
variable in this study.

3. Methods

Convolutional neural networks provide suitable tech-
niques by learning contextual features and are widely 
used in image classi"cation tasks (Krizhevsky, 
Sutskever, and Hinton 2017; Yu et al. 2017). 
Generally, convolutions are performed in the spatial 
domain but can be performed in the one-dimensional 
(1D) spectral domain, such as for hyperspectral or 
multi-variable data (Li, Zhang, and Zhang 2014; 
Maggiori et al. 2016). Multi-layer perceptron is 
a widely used type of feed-forward neural network 
based on back-propagation. However, MLP is unsui-
table for more advanced tasks because it consists of 
fully connected layers in which each perceptron is 
connected to every other perceptron. Since the total 
number of learnable parameters can become extre-
mely large, this results in redundancy when there are 
many dimensions. In contrast, CNN often uses fewer 
parameters than a fully connected network, and 
learns and generalizes features from the input 
domain.

Similar to general CNN architectures, 1D-CNN con-
sists of two parts: 1) feature extraction and 2) regres-
sion or classi"cation (Ince et al. 2016; Krizhevsky, 
Sutskever, and Hinton 2017; Peng, Liu et al., 2018a; 
Huang et al. 2019). Feature extraction has convolu-
tional and pooling layers, and the regression/classi"-
cation has fully-connected dense and dropout layers. 
The #attened layer between the "rst and second parts 
of the CNN exists to connect the two parts, with each 
convolutional and dense layer having an activation 
function. To create feature maps, the convolutional 
layers use a set of learnable "lters connected to an 
input. Each "lter convolves across the variables and 
computes the dot products. A pooling layer is 
inserted between successive convolutional layers, 
reducing the number of parameters, generalizing 
the feature maps, and preventing over"tting of the 
training data. To create "nal nonlinear combinations 
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of features and make decisions, each of the fully con-
nected layers, which are regular feed-forward neural- 
network layers, has full connections to all of the acti-
vations in the previous layer (LeCun, Bengio, and 
Hinton 2015; Krizhevsky, Sutskever, and Hinton 2017).

3.1 Feature augmentation strategy

In conventional machine learning tasks, the use of 
a large number of input features does not always 
guarantee higher accuracy, owing to the curse of 
dimensionality (Bellman 2015). In contrast, recent 
advanced DL approaches have been able to handle 
this limitation by combining improved optimization 
algorithms, big data, and advanced machines. The 
general form of a DL algorithm, including that of a 1D- 
CNN, is based on “add” operations between the input 
features to determine their weights or convolutional 
"lters instead of “product” operations (Qu et al. 2018). 
For instance, output yÖ Ü of the hidden layer in DL can 
be calculated using w1x1 á w2x2 á � � � á wnxn where 
w; x; n are weights, input features, and the number of 
input features, respectively. Direct mathematical 
operations between two or more input features such 
as w1x1x2 á w2x1x3 á � � � á wn�1x1xn will never occur.

Since we wanted to determine the theoretically 
unknown relationship between PMW signals and ice 
thickness values using DL, which has not been investi-
gated in the current PMW-based SIT retrieval algorithms, 
exploiting features generated by “product” operations 
may be worthwhile. Therefore, we de"ned some inter- 
feature operations using the inverse, logarithm, 
Hadamard product, and normalized di!erences 
between TB channels (NDTB) in addition to the original 
14 channels in the AMSR2 TB data, as listed in Table 1. In 
particular, the expression for NDTB v1p; v2pÖ Ü was 
inspired by the widely used PR (v) and GR v1p; v2pÖ Ü
for the retrieval of sea ice properties from PMW data. The 
expression for PR is given by the normalized di!erence 

between the H- and V-polarized TB at a single frequency 
(v), and GR is the spectral gradient of TB between two 
di!erent frequencies (v1; v2) for the polarized compo-
nent (p) (Markus and Cavalieri 2000). Considering all of 
the combinations from the original 14 features, a total of 
357 features were obtained for the extended model 
inputs instead of the original 14 AMSR2 TB features. It 
is uncertain whether these additional features are phy-
sically meaningful. However, "nding and de"ning the 
hidden and unknown relationships between the addi-
tional features may be helpful for AMSR2-based SIT 
retrievals for all ice types. In particular, a few NDTBs 
have been used in retrieval algorithms for studies of 
ice concentration, type, thickness, and snow depth, as 
shown in Table 2. In addition, they could be used to 
estimate SIT directly from the PMW data without 
a freeboard (or draft)-thickness conversion.

3.2 Ensemble one-dimensional convolutional 
neural network

Owing to the nature of 1D-CNN, which explores 
neighboring features using convolutional "lters, 
extracting meaningful information may be ine%cient 
when the features are distant or physically uncorre-
lated. For example, if the number of input features is 
large, it is di%cult to extract some information from 
the "rst and the last features unless a large kernel size 
or very deep network architecture is used. To over-
come this limitation, this study split the input features 
into seven branches based on the feature augmenta-
tion rules listed in Table 1. We then developed a 1D- 
CNN-based ensemble model with multiple inputs and 
di!erent modalities. The proposed model takes seven 
types of features as inputs, each having a di!erent 
size. Figure 2 shows the proposed model architecture, 
along with the shape of each layer. Separate feature 
extractions of the 1D-CNN model blocks are operated 
on each feature type (gray blocks in Figure 2), with the 

Table 1. Input features for the proposed AMSR2-based sea ice thickness (SIT) retrieval model by feature augmentation.
Input feature Description Number of features
TB v; pÖ Ü Original p polarized brightness temperature (TB) at a single frequency ! 14
1=TB v; pÖ Ü Inverse of TB v; pÖ Ü 14
log TB v; pÖ Ü Logarithm of TB(!,p) 14
1= log TB v; pÖ Ü Inverse-logarithm of TB v; pÖ Ü 14
TB v1; pÖ Ü � TB v2; pÖ Ü Hadamard product of two frequency channels v1; v2Ö Ü for p polarization 105
1= TB v1; pÖ Ü � TB v2; pÖ ÜÖ Ü Inverse of TB v1; pÖ Ü � TB v2; pÖ Ü 105

TB v1 ;pÖ Ü�TB v2 ;pÖ ÜÖ Ü
TB v1 ;pÖ ÜáTB v2 ;pÖ ÜÖ Ü

Normalized di!erence TB (NDTB) between two di!erent frequencies v1; v2Ö Ü or the polarization (p) 91

Note: p denotes horizontal or vertical polarization. ! denotes the AMSR2 channels (6.9, 7.3, 10.6, 23.8, 36.5, and 89 GHz)
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results from all branches concatenated (blue blocks in 
Figure 2) for the "nal SIT retrieval (yellow block in 
Figure 2). The widely used recti"ed linear unit (ReLU) 
(Agarap 2018) and adaptive moment estimation 
(Adam) (Kingma and Ba 2014) with a 10&4 learning 
rate were used as the activation function for the con-
volutional and dense layers and as the gradient des-
cent optimization algorithm, respectively. The mean 
absolute error (MAE) was used to calculate the loss 
due to its robustness to outliers. The dropout in the 
dense layers was used to learn about more robust 
features and prevent over"tting (Srivastava et al. 
2014). Bayesian optimization was employed to opti-
mize network con"gurations (hyperparameters) using 
small subsets of the data (Brochu, Cora, and De Freitas 
2010). The Keras framework (https://keras.io) was 
used to build the 1D-CNN to retrieve the SIT from 
the AMSR2 TB data with TensorFlow (https://tensor 
#ow.org) as a backend.

3.3 Model training

Due to the high uncertainties in summer SIT retrievals, 
we estimated the SIT for the freezing season (October 
to April), similar to other SIT retrieval studies/products 
(Iwamoto, Ohshima, and Tamura 2014; Kaleschke 
et al. 2012; Kurtz, Galin, and Studinger 2014; Kwok 
et al. 2019; Laxon et al. 2013; Lee et al. 2020; Ricker 
et al. 2017; Yoshizawa, Shimada, and Cho 2018; Lee 
et al. 2020). To develop a robust SIT retrieval model, 
we trained using a set of corresponding AMSR2 TB 

and CS2 SIT data acquired from two freezing seasons 
(October 2015–April 2016 and October 2016– 
April 2017; 662,299 samples), validated using data 
acquired from October 2017–April 2018 (332,049 
samples), and tested using data acquired from 
October 2018–April 2019 (335,299 samples). Pixels 
near the coastlines were excluded to minimize land 
spillover e!ects that are misclassi"ed sea ice pixels 
because of mixed land-ocean areas within the sen-
sor’s "eld of view (Cavalieri et al. 1999). Pixels with 
SICs of less than 15%, a widely used threshold value to 
determine sea ice extent (Vinnikov et al. 1999), were 
also excluded as they are highly mixed pixels of ice 
and water signals (Chi et al. 2019). The TB data from 
the ascending and descending passes were averaged 
and used to develop the ensemble 1D-CNN model, as 
illustrated in Figure 2.

We performed cross-validation by shu'ing the years 
for training/validation/test sets to avoid accidental 
results due to "xed datasets. For example, one rando-
mized set used data from October 2014–April 2015 and 
October 2017–April 2018 for training, data from 
October 2016–April 2017 for validation, data from 
October 2012–April 2013 for testing, etc. The results 
con"rmed that the model scores were stable in time 
and were insensitive to the randomness. Therefore, in 
this study, we conducted experiments using data from 
October 2015–April 2016 and October 2016–April 2017 
as training sets, data from October 2017–April 2018 as 
validation sets, and data from October 2018–April 2019 
as testing sets.

Table 2. Relationship between NDTB feature and the corresponding ratio widely used in retrieval algorithms of sea ice properties.

NDTB feature
Corresponding polarization ratio (PR) or 

gradient ratio (GR) Applications

NDTB(18.7H, 18.7V) PR(18.7) " Ice concentration (Cavalieri, Gloersen, and Campbell 1984; Gloersen and Cavalieri 
1986; Markus and Cavalieri 2000) 

" Ice type (Aaboe et al. 2016)
NDTB(36.5H, 36.5V) PR(36.5) " Ice concentration (Comiso 1986) 

" Thin ice thickness (Martin et al. 2004; Tamura and Ohshima 2011; Iwamoto, Ohshima, 
and Tamura 2014)

NDTB(89H, 89V) PR(89) " Ice concentration (Markus and Cavalieri 2000) 
" Thin ice thickness (Tamura and Ohshima 2011; Iwamoto, Ohshima, and Tamura 2014) 
" Ice type (Aaboe et al. 2016)

NDTB(89V, 36.5V) GR(89V, 36.5V) " Fast ice mask (Iwamoto, Ohshima, and Tamura 2014)
NDTB(36.5V, 18.7V) GR(36.5V, 18.7V) " Ice concentration (Cavalieri, Gloersen, and Campbell 1984; Gloersen and Cavalieri 

1986) 
" Snow depth (Markus and Cavalieri 1998) 
" Flat first-year ice draft (Yoshizawa et al.) 
" Ice type (Aaboe et al. 2016)

NDTB(89V, 18.7V) GR(89V, 18.7V) " Ice concentration (Markus and Cavalieri 2000)
NDTB(89H, 18.7H) GR(89H, 18.7H) " Ice concentration (Markus and Cavalieri 2000)
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4. Results and discussion

4.1 Model comparison

We "rst evaluated the performance of the proposed 
ensemble model based on the number of input fea-
tures and model architectures. Although DL 
approaches showed promising results in many appli-
cations, it does not always guarantee better out-
comes. Therefore, we chose a random forest (RF) 
regression model as the baseline model because of 
its popularity and performance in various machine 
learning applications (Fernández-Delgado et al. 
2014). Five experimental cases were considered: 1) 
RF using the original 14 features; 2) RF using the 
extended 357 features; 3) 1D-CNN using the original 
14 features; 4) 1D-CNN using the extended 357 fea-
tures; 5) the proposed ensemble 1D-CNN using the 
extended 357 features. For the RF models, a grid 
search was used to determine the best values of the 
hyperparameters (number of trees, maximum tree 

depths, and the maximum number of features). For 
the conventional 1D-CNN models, one of seven input 
CNN blocks and dense layers (gray and blue blocks, 
respectively, in Figure 2) were directly connected 
without the concatenate layer. The training process 
of the CNN-based models continued iterating using 
the entire set of training samples, which were 
exposed to the network until the loss function for 
the validation data reached a minimum. With 
a 16,384 training batch size, 1D-CNN (14 features) 
and 1D-CNN/ensemble 1D-CNN (357 features) con-
verged to minimum loss values after approximately 
100,000 and 70,000 training epochs, respectively, on 
an NVIDIATM Tesla V100 with 32 GB of memory.

Table 3 summarizes MAE, root mean square error 
(RMSE), bias, the Pearson correlation coe%cient, and 
computational time according to the model architec-
tures and the number of input features for the unseen 
test data (October 2018–April 2019) (Note: p-values of 
all models from Student’s t-tests were < 0.001). The 

Figure 2. Network architecture of the proposed ensemble one-dimensional convolutional networks (1D-CNN) model for retrieving SIT 
from augmented AMSR2 brightness temperature (TB) data. Black layers denote each input feature group, as defined in Table 1, and 
pass through a 1D-CNN block. The results from each 1D-CNN block then concatenate and deliver to the dense layer parts (blue layers) 
for SIT retrieval.

Table 3. Statistical model comparisons (mean absolute error (MAE), root mean square error (RMSE), bias, and the Pearson correlation 
coe#cient) with computational time using test sets according to the model architectures and number of input features.

Model Number of input features MAE (unit: m) RMSE (unit: m) Bias (unit: m) Correlation Computational run-time

Random forest 14 0.3435 0.4601 0.1274 0.8728 ~ 0.2 h (CPU)
357 0.3216 0.4359 0.1007 0.8842 ~ 0.2 h (CPU)

1D-CNN 14 0.2500 0.3533 0.0561 0.9267 ~ 3 h (GPU)
357 0.2115 0.3063 0.0767 0.9464 ~ 22 h (GPU)

Ensemble 1D-CNN 357 0.1199 0.1838 0.0187 0.9800 ~ 20 h (GPU)

Note: Random forest models were trained using CPU cores of Intel Xeon 6242 R (20 Cores, 3.10 GHz) with 512 GB memory. Deep learning models were trained 
using GPU cores of NVIDIA Tesla V100 (5,120 CUDA cores, 640 Tensor cores, 32 GB memory).
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use of extended features proposed in this study con-
tributed to improved SIT estimations from the AMSR2 
data, and the proposed ensemble model further 
yielded better agreements with the gridded CS2- 
based SIT estimates. The proposed ensemble model 
with the extended input features produced the most 
accurate outcomes. Furthermore, due to there being 
10% fewer trainable parameters for the proposed 
ensemble model (1,557,073 versus 1,707,569), it was 
more computationally e%cient than the conventional 
1D-CNN-based models with the same number of 
input features. Although exploiting fewer features 
accelerated the model training and provided better 
estimations than the RF, the error of the proposed 
model was about half that of the 14-feature 1D-CNN 
model (MAE: 11.99 cm versus 25.00 cm; RMSE: 
18.38 cm versus 35.33 cm).

4.2 Quantitative accuracy assessment using 
gridded CryoSat-2 estimates

First, statistical comparisons were conducted 
between the AMSR2-derived daily SIT values esti-
mated by the ensemble 1D-CNN (SITAMSR2) and the 
corresponding SIT values derived from the gridded 
CS2 data (SITCS2). The SITCS2 was evaluated using "ne- 
scale in situ measurements acquired from OIB, IPS, or 
ULS (Laxon et al. 2013; Tilling, Ridout, and Shepherd 
2018). Figure 3(a) shows the SITAMSR2 versus SITCS2 for 
the unseen test data (October 2018–April 2019), with 
the number of pixels denoted by the color intensity. 
In statistical terms, 11.99 cm of MAE, 18.38 cm of 
RMSE, and a near-zero bias for the test data were 
achieved. Remarkable correlations between the 
SITAMSR2 and SITCS2 were observed in the scatter 
plot. The Pearson correlation coe%cient was 0.98, 
and the regression slope was near unity (0.93). The 
distribution of most sample points in the scatter plot 
was very close to the 1:1 line. Figure 3(b) illustrates 
a histogram of SITAMSR2 (orange) and SITCS2 (blue), 
with a 10 cm bin width. While the AMSR2-based SIT 
retrieval model showed a relative weakness in esti-
mating SITs of less than 1.3 m, it exhibited a better 
estimation capacity for ice with thicknesses of 1.3– 
4 m. Figure 3(c) is a boxplot of the di!erences in SIT 
between AMSR2 and CS2 (SITCS2 – SITAMSR2) according 
to SIT ranges. The median thickness di!erences 
(orange lines) tended to increase slightly from the 
negative to positive values as the sea ice thickened 

yet generally formed around zero, and the whiskers 
were approximately equal on both sides of the box for 
thicknesses up to 4 m. In particular, SITs between 1.5 
and 3 m exhibited better agreements than the other 
ranges due to the higher number of training samples 
in this range.

Overall, errors can be attributed to two sources. 
First, the di!erences in spatial resolution and acquisi-
tion times between the AMSR2 and CS2 may have 
resulted in a few misestimated samples. Although 
our labeled matched samples used for model training 
and testing were selected carefully based on pre- 
de"ned criteria (Section 2.2), multiple thickness mea-
surements from CS2 corresponding to one 25 km 
AMSR2 grid cell may have caused errors. Second, 
AMSR2 tended to underestimate SIT as the sea ice 
thickened, as seen in Figure 3. The number of samples 
in the thick ice range (> 4 m) was much smaller than in 
the 1–3 m range. These imbalanced samples in thick 
SIT ranges can cause underestimations in the thick ice 
estimates.

We generated daily SITAMSR2 maps from 
October 2012–April 2020 and evaluated them by 
making seasonal and monthly statistical accuracy 
(MAE, RMSE, and correlation) comparisons with corre-
sponding gridded SITCS2 values as listed in Table 4. All 
of the p-values from Student’s t-tests for the daily data 
were less than 0.05, implying a statistically signi"cant 
di!erence between the two datasets at a con"dence 
level of 95%. Since the developed ensemble 1D-CNN 
model was exposed to data from October 2015– 
April 2018 for model training and validation, the sea-
sonal statistics for these periods were better than 
those for data not exposed to the model 
(October 2013–April 2015; October 2018–April 2020). 
Overall, the seasonal averages for the unseen periods 
were consistent throughout the unseen periods and 
were not signi"cantly di!erent from those for the test 
period (MAE: 13.28 cm versus 13.43 cm; RMSE: 
18.07 cm versus 18.23 cm; Correlation: 0.9800 versus 
0.9816). In monthly comparisons, SITAMSR2 estimates 
in October and April exhibited weak agreements with 
SITCS2 compared to those from November–March and 
the seasonal means. One possible explanation for this 
is that October and April are the freezing and melting 
onsets of Arctic sea ice, respectively (Markus, Stroeve, 
and Miller 2009; Peng, Steele et al., 2018b). Therefore, 
more variations in sea ice dynamics within a 25 km 
grid can exist during these periods. While the 
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accuracy from November–March was relatively stable, 
accuracy tended to decrease slightly as sea ice extents 
increased because of the increased number of sea ice 
pixels to be calculated in the statistical comparisons 
(Comiso et al. 2008). These results indicate that the 
retrieval model developed herein is statistically robust 
regarding unseen data and generalized since the pro-
posed DL model was trained using su%cient training 
and validation samples from three Arctic winter sea-
sons. Therefore, the proposed model is expected to 
be suitable for future operational generation of daily 
AMSR2-based SIT products.

4.3 Quantitative accuracy assessment using 
gridded operational IceBridge measurements

We evaluated the SITAMSR2 estimated using the pro-
posed method with in situ SITs collected from OIB 
missions (SITOIB) from 2012 to 2019. However, there 
were signi"cant di!erences in the spatiotemporal 
scales between the 25 km resolution AMSR2 grid 
and the "ne-scale in situ data. Similar to SITCS2, multi-
ple OIB measurements were associated with the same 
SITAMSR2 value. For this reason, the OIB data were 
gridded on the same 25 km grid using the same 
approach used in the CS2 to AMSR2 grid conversions 
(see Section 2.2). We selected 740 spatiotemporally 
matched samples from gridded AMSR2, CS2, and OIB 
datasets for pixel-to-pixel cross-comparisons. Figure 4 
illustrates this cross-comparison, whose statistics 
were calculated using the same metrics as the pre-
vious comparisons. As shown in Figure 4(a), 47 cm of 
MAE and 68 cm of RMSE, with a correlation of 0.76, 
were obtained between SITAMSR2 and gridded SITOIB, 
which are much larger than the error between 
SITAMSR2 and SITCS2 (see Figure 3(a)). Two possible 
reasons may explain these di!erences. First, the spa-
tiotemporal resolutions of the two data sources sig-
ni"cantly di!ered. Although we assumed the gridded 
SITCS2 as a reference and used them to compare with 
SITAMSR2 in the previous experiments (Section 4.2), the 
SITOIB data were acquired from completely di!erent 
instruments. Second, CS2-derived SIT estimates used 
climatological snow depth values and were multiplied 
over "rst-year ice using a factor of 0.5 due to 
a signi"cantly higher fraction of "rst-year ice (Kurtz 

Figure 3. Statistical accuracies of the proposed SIT retrieval 
model using the test set: (a) Scatter plot of gridded CS2- 
estimated SIT (SITCS2; x-axis) vs. AMSR2-estimated SIT (SITAMSR2; 
y-axis) values; (b) histogram of SITCS2 (blue) and SITAMSR2 

(orange) with a 10 cm bin size; (c) boxplot of SIT di!erences 
between CS2 and AMSR2 according to ice thickness ranges.
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and Farrell 2011; Hendricks, Ricker, and Helm 2016). 
However, snow depths during the IceBridge cam-
paigns were derived from the snow radar (Kurtz and 
Farrell 2011). Additionally, di!erent ice density 
assumptions in freeboard to thickness conversions 
may have resulted in large di!erences between the 
datasets (Kurtz, Galin, and Studinger 2014). While the 
CS2 SIT product used values of 916.7 kg/m3 and 
882 kg/m3 for "rst-year and multi-year ice, respec-
tively (Laxon et al. 2013; Hendricks, Ricker, and Helm 
2016), the OIB SIT used 915 kg/m3 (Kurtz and Farrell 
2011; Kurtz et al. 2013). However, as shown in Figure 4 
(b), a comparison of SITCS2 and SITOIB also had a similar 
error level. A direct comparison of SITAMSR2 and SITCS2 

for the matched samples in Figure 4(c) still had a good 
agreement, although the number of samples was 
substantially smaller than those used in Figure 3(a) 
(335,299 versus 740 samples). In previous studies, 
Laxon et al. (2013) and Tilling, Ridout, and Shepherd 
(2018) showed similar di!erence patterns between 
gridded SITCS2 and SITOIB measurements, although 
they used di!erent samples and grid mapping scale 
(0.4° latitudinal by 4° longitudinal grid).

4.4 Visual inspections of AMSR2-based SIT maps

Figure 5 illustrates the AMSR2-based SIT maps over 
the entire Arctic Ocean for mid-October 2018 to 
April 2019 generated using the proposed DL method. 
Note that pixels with SICs of less than 15%. Due to 
a lack of daily SITCS2 data for the entire Arctic Ocean 
and PMW-based SIT for all ice types, direct daily visual 
comparisons for all AMSR2 pixels cannot be made. 
However, the spatial distributions of the SIT values 
and time-series are reasonable compared to the stage 
of sea ice development (Comiso et al. 2008), daily 
generated weekly/monthly averaged products 
(Ricker et al. 2017; Lee et al. 2020; Xiao et al. 2020; 
Artic SIT maps of Centre for Polar Observation and 
Modelling Data Portal (http://cpom.ucl.ac.uk)), and SIT 
values of adjacent pixels. Figure 6(a–c) show the 
monthly means of daily SIT generated from AMSR2 
data, and Figure 6(d–f) show the monthly means of 
daily CS2 trajectories on corresponding AMSR2 grid 
cells for January, February, and March 2019. Overall, 
the distribution of the SITAMSR2 exhibited a fair agree-
ment with the SITCS2. However, relatively high 

Table 4. Comparisons of seasonal and monthly MAE, RMSE, and the Pearson correlation coe#cient between the daily AMSR2 and 
CryoSat-2-derived sea ice thickness.

MAE (unit: m) Seasonal average Oct Nov Dec Jan Feb Mar Apr
2012–2013* 0.1219 0.1387 0.1138 0.1157 0.1124 0.1094 0.1227 0.1407
2013–2014* 0.1334 0.1282 0.1174 0.1176 0.1244 0.1347 0.1403 0.1710
2014–2015* 0.1405 0.1569 0.1247 0.1275 0.1238 0.1296 0.1410 0.1804
2015–20161 0.0370 0.0474 0.0268 0.0234 0.0363 0.0283 0.0368 0.0599
2016–20171 0.0335 0.0462 0.0293 0.0250 0.0249 0.0221 0.0286 0.0587
2017–20182 0.0513 0.0604 0.0433 0.0390 0.0425 0.0565 0.0509 0.0668
2018–20193* 0.1343 0.1586 0.1202 0.1221 0.1178 0.1240 0.1313 0.1659
2019–2020* 0.1340 0.1447 0.1265 0.1225 0.1279 0.1289 0.1321 0.1551
Unseen average 0.1328 0.1454 0.1205 0.1211 0.1213 0.1253 0.1335 0.1626

RMSE (unit: m) Seasonal average Oct Nov Dec Jan Feb Mar Apr

2012–2013* 0.1658 0.1834 0.1566 0.1586 0.1553 0.1516 0.1676 0.1876
2013–2014* 0.1810 0.1684 0.1582 0.1635 0.1735 0.1838 0.1909 0.2286
2014–2015* 0.1927 0.2064 0.1716 0.1776 0.1721 0.1819 0.1957 0.2440
2015–20161 0.0859 0.0915 0.0717 0.0685 0.0848 0.0773 0.0925 0.1148
2016–20171 0.0828 0.0917 0.0787 0.0747 0.0758 0.0731 0.0788 0.1072
2017–20182 0.1066 0.1143 0.0974 0.0923 0.0935 0.1178 0.1068 0.1240
2018–20193* 0.1823 0.2060 0.1658 0.1709 0.1614 0.1742 0.1802 0.2173
2019–2020* 0.1818 0.1892 0.1726 0.1685 0.1747 0.1794 0.1827 0.2053
Unseen average 0.1807 0.1907 0.1650 0.1678 0.1674 0.1742 0.1834 0.2165

Correlation Seasonal average Oct Nov Dec Jan Feb Mar Apr

2012–2013* 0.9764 0.9697 0.9783 0.9764 0.9813 0.9811 0.9759 0.9718
2013–2014* 0.9838 0.9836 0.9867 0.9866 0.9824 0.9829 0.9841 0.9807
2014–2015* 0.9798 0.9714 0.9845 0.9841 0.9837 0.9804 0.9785 0.9763
2015–20161 0.9922 0.9784 0.9949 0.9967 0.9895 0.9969 0.9963 0.9929
2016–20171 0.9938 0.9899 0.9971 0.9975 0.9948 0.9936 0.9921 0.9914
2017–20182 0.9891 0.9849 0.9942 0.9938 0.9940 0.9866 0.9838 0.9868
2018–20193* 0.9816 0.9729 0.9892 0.9861 0.9845 0.9795 0.9805 0.9786
2019–2020* 0.9784 0.9711 0.9821 0.9827 0.9794 0.9790 0.9774 0.9771
Unseen average 0.9800 0.9737 0.9842 0.9832 0.9823 0.9806 0.9793 0.9769

1Training data; 2Validation data; 3Test data; *Unseen data
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regional variations were observed in the SITCS2 maps, 
particularly in "rst-year ice regions. Di!ering spatial 
coverages between the two sensors may explain 
these variations. While the AMSR2 data yields spatially 
uniform measurements over the entire Arctic 
every day, daily CS2 measurements are sparse, espe-
cially further from the pole (i.e. "rst-year ice zone). 
This indicates that the monthly mean in a speci"c area 
contains the estimates from di!erent days.

4.5. Comparison with the daily SMOS SIT product 
for thin ice

SMOS-derived SIT (SITSMOS) is one of the most repre-
sentative daily SIT products. However, it is limited to 
thin ice with depths of up to approximately 0.5–1 m 
and depends on the ice temperature and salinity 
(Kaleschke et al. 2012). Kaleschke et al. (2015) and 
Ricker et al. (2017) found that the SITCS2 over thin ice 
(< 1 m) and in the marginal ice zone have large 
relative uncertainties. In this study, the SITAMSR2 and 
SITSMOS for corresponding thin ice pixels (< 1 m) were 
quantitatively and qualitatively compared. Figure 7(a) 
shows a plot of the SITAMSR2 and SITSMOS values with 
statistical comparisons for the test period (Note: 
p-value from Student’s t-test was < 0.001). Unlike the 
statistical comparison with SITCS2 for all ice types in 
the previous section (Figure 3(a)), the MAE and RMSE 
were calculated as approximately 21 cm and 37 cm, 
respectively. The estimated SITAMSR2 overestimated 
SIT compared to the SITSMOS (17 cm positive bias), 
and most of the data points in the scatter plot are 
above the 1:1 line. Notably, signi"cant misestimations 
in sea ice pixels less than 10 cm were observed. As 
shown in Figure 7(b), the distribution of SITAMSR2 

(orange) is signi"cantly di!erent from that of SITSMOS 

(blue). Particularly, retrievals of SIT values less than 
5 cm were failed.

Figure 8 illustrates the SITAMSR2, SITSMOS, and their 
di!erence maps for thin ice (< 1 m) in the middle of 
January, February, and March 2019. The color scale in 
the Figure 8(g), (h), (i) is labeled SITAMSR2 – SITSMOS, 
with positive (SITAMSR2 > SITSMOS) and negative 
(SITAMSR2 < SITSMOS) di!erences colored red and 
blue, respectively. Overall, as in the scatter plot 

Figure 4. Statistical accuracy comparisons using 740 matched 
samples from gridded Operational IceBridge (SITOIB), SITAMSR2, 
and SITCS2 data: (a) Scatter plot of SITOIB (x-axis) vs. SITAMSR2 

(y-axis); (b) scatter plot of SITOIB (x-axis) vs. SITCS2 (y-axis); (c) 
scatter plot of SITCS2 (x-axis) vs. SITAMSR2 (y-axis).

822 J. CHI AND H.-C. KIM



comparison, AMSR2 overestimated SIT with respect to 
SMOS, particularly near the coastlines of the United 
States, Canada, Russia, and Greenland, where "rst- 
year ice is dominant. In January images, large distri-
butions of underestimated pixels were observed in 
the Beaufort, Chukchi, East Siberian, and Laptev Seas 
(Figure 8(a)), where SMOS masks sea ice pixels thicker 
than 1 m (Figure 8(d)). The Bering Strait and a small 
area of the Chukchi Sea were underestimated 
(Figure 8(g)). Overall, misestimations increased as 
sea ice developed. In the March images (Figure 8(c, 

f, i)), the AMSR2 signi"cantly overestimated thin ice in 
the Ba%n Bay, the western Greenland Sea, and the 
Barents Sea.

As addressed in previous studies that exhibited 
large errors over thin ice regions of CS2 (Kaleschke 
et al. 2015; Ricker et al. 2017), we also observed large 
overestimations in the SITAMSR2 results compared to 
SITSMOS, as shown by both statistical (Figure 7) and 
visual (Figure 8) analyses. The proposed retrieval 
model highly relies on gridded SITCS2 measurements 
with centimeter-scale di!erences (as shown in 

Figure 5. Daily generated AMSR2-derived SIT maps at 25 km spatial resolution for mid-October 2018 to April 2019.

Figure 6. Monthly averaged SIT maps at 25 km spatial resolution (top row: AMSR2-derived; bottom row: CS2-derived) for January (a, 
d), February (b, e), and March (c, f) 2019.
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Section 4.2) since it assumes that gridded SITCS2 is 
a reference and even mimics the potential errors/ 
uncertainties in the SITCS2 estimations over thin ice. 
Sparse CS2 SIT measurements in "rst-year ice regions 
and exclusion of water-contaminated pixels (SIC < 
15%) resulted in insu%cient samples from new or 
young ice for DL model training. This can be another 

potential reason for weak agreements with sea ice 
less than 10 cm.

4.6 Statistical feature importance test

Conventional SIT retrieval algorithms generally 
exploited the physical characteristics of ice using 

Figure 7. Statistical accuracy comparisons of SITAMSR2 and SMOS-derived SIT (SITSMOS) values for thin ice (< 1 m): (a) Scatter plot of 
SITSMOS (x-axis) vs. SITAMSR2 (y-axis) values; (b) histogram of SITSMOS (blue) and SITAMSR2 (orange) with a 5 cm bin size.
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speci"c PMW channels or altimeter waveforms. 
However, the DL-based retrieval model developed in 
this study exploits all frequency/polarization channels 
of the AMSR2 data. Due to the unique characteristics 
of neural networks, which solve problems by exploit-
ing hidden relationships inherent in multiple input 
features, it is di%cult to physically quantify the impor-
tance of the input variables. Alternatively, we per-
formed a feature permutation test to statistically 
explain which feature makes the largest contribution 
to the SIT retrievals. A single feature was randomly 
varied, while all other features were kept constant, 
and this process was iterated by changing the input 
feature. The feature signi"cance assessment shows 
how the model performance decreased due to ran-
dom shu'ing. In this case, performance was mea-
sured using the MAE, which was used as the loss 
metric in model training.

Figure 9 shows heat maps of the increased MAE 
values resulting from the input feature permutation 
tests, calculated after ten replicates. Inputs with 

greater increased MAE values due to random permu-
tations were more signi"cant for determining the SIT. 
Using this metric, the original TB features were not 
statistically signi"cant, whereas the additional fea-
tures generated by our feature augmentation strategy 
demonstrated greater responses. Although the loga-
rithm TB features (Figure 9(c)) seem to be more 
important than the original TB features (Figure 9(a)), 
they were not signi"cant. The Hadamard product of 
two AMSR2 channels (Figure 9(e)) had a greater e!ect 
on retrievals than that of a single feature operation 
(Figure 9(a–d)). Overall, the Hadamard products com-
bining low- and high-frequency channels contributed 
the most to the AMSR2-based SIT retrievals. The fea-
tures de"ned by inverse operations of the original, 
logarithm, and Hadamard product (Figure 9(b, d, f)) 
generally exhibited greater feature importance than 
the non-inverted features (Figure 9(a, c, e)). In parti-
cular, the "ve most important features were 1/(TB 
(89V) � TB(18V)), 1/(TB(89V) � TB(10V)), 1/(TB(89V) �
TB(7V)), 1/(TB(36V) � TB(10V)), and 1/(TB(36V) � TB 

Figure 8. Sea ice thickness maps at 25 km spatial resolution for thin ice (< 1 m) generated from AMSR2 (top row) and SMOS (middle 
row), and the di!erence between AMSR2 and SMOS (bottom row) on January 15 (a, d, g), February 15 (b, e, h), and 15 March 2019 (c, f, 
i).
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(7V)), which are combinations of inverse and product 
operations of two features. As some of the NDTB 
features are conventionally used to retrieve sea ice/ 
snow properties listed in Table 2, we expected that 
the NDTB features would be signi"cant. However, 
except for NDTB (18V, 10V) and NDTB (23V, 18V), the 
NDTB features were generally less critical than 
expected, as shown in Figure 9(g); this could be 
because information regarding the NDTB features 

may be mutually contained in the other features in 
the hidden layers of the neural network.

Although this statistical feature importance test 
may not provide a physical meaning for the relation-
ship between the PMW signals and SIT, we derived 
a partial relationship between the feature importance 
of the proposed model and the current PMW-based 
SIT retrieval algorithms. Table 5 summarizes the aver-
age feature importance (according to frequency) of 

Figure 9. Increasing MAE in the AMSR2 SIT retrievals obtained from feature permutation importance tests. (a) Original p polarized TB 
at a single AMSR2 frequency (!). (b) Inverse of TB !; pÖ Ü. (c) Logarithm of TB !; pÖ Ü. (d) Inverse-logarithm of TB !; pÖ Ü. (e) Hadamard 
product of two frequency channels (v1,v2) for p polarization. (f) Inverse of TB !1; pÖ Ü � TB !2; pÖ Ü. (g) Normalized di!erence TB between 
two di!erent frequencies (!1, !2) for the polarization (p). Note: p denotes horizontal or vertical polarization. ! denotes the AMSR2 
channels (6.9, 7.3, 10.6, 23.8, 36.5, and 89 GHz).

Table 5. Average feature importance (according to frequency) for the features associated with a specific frequency channel. The more 
important frequencies have higher increased MAE values (unit: m).

Associated frequency channel

6.9 GHz 7.3 GHz 10.6 GHz 18.7 GHz 23.8 GHz 36.5 GHz 89 GHz

Average increased MAE 0.0819 0.0890 0.1031 0.1110 0.1048 0.1103 0.1027
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the features associated with a speci"c frequency 
channel from Figure 9. Features associated with fre-
quencies higher than 10.6 GHz tended to exhibit 
greater signi"cances than those associated with low- 
frequency channels. In particular, two of the most 
critical frequencies (18.7 and 36.5 GHz) are widely 
used in thin ice thickness retrieval algorithms 
(Iwamoto, Ohshima, and Tamura 2014; Yoshizawa, 
Shimada, and Cho 2018). The 89 GHz channel helps 
exclude weather-related contamination (Iwamoto, 
Ohshima, and Tamura 2014; Yoshizawa, Shimada, 
and Cho 2018). Moreover, Lee, Sohn, and Shi (2018) 
reported that the estimation of optical thickness asso-
ciated with the scattering of ice freeboard and snow 
layers is possible using microwave frequencies 
between 10.65 and 36.5 GHz. In Lee et al. (2020), 
Arctic basin-scale SIT estimates from AMSR2 were 
demonstrated using a piecewise linear regression of 
optical thickness at 36.5 GHz of AMSR2 and CS2- 
driven ice freeboard. These studies presented new 
possibilities for PMW-based SIT mapping based on 
the assumption that the scattering optical thickness 
of the surface ice layer at microwave frequencies was 
linearly proportional to the physical thickness of the 
ice freeboard layer. Unfortunately, it is still di%cult to 
clearly explain which input feature has the most phy-
sically signi"cant e!ect on the retrievals. However, 
based on the results from the feature importance 
test in this study and the studies mentioned above, 
a partial relationship between PMW signals and SIT 
was explained.

Determining the signi"cances of the input features 
will allow for a statistical explanation and will fore-
seeably help to optimize the input features of the SIT 
retrieval model for future operational systems. 
Moreover, the results demonstrate that the use of 
feature augmentation based on mathematical opera-
tions that cannot be exhibited in “add” operation- 
based general neural network architectures is more 
e!ective than only exploiting the original TB data. The 
absence of negative features in Figure 9 indicates that 
each PMW channel plays speci"c roles in improving 
the SIT retrieval model in DL hidden networks.

5. Conclusions

This study devised an ensemble 1D-CNN model and 
employed PMW data from the winter season to 
estimate daily SITs for the entire Arctic at 25 km 

spatial resolution, which could not be retrieved by 
CS2 due to ground track constraints. In general, the 
proposed method successfully estimated the SIT 
compared to the gridded SITCS2 and produced spa-
tially/temporally consistent outputs in conjunction 
with a robust retrieval model and well-calibrated 
AMSR2 TB data. The following conclusions can be 
derived from this study.

First, most SIT retrieval studies using PMW data 
have been conducted to estimate thin ice thick-
nesses. Considering the constellation of multiple alti-
metry data such as Jason-3, Sentinel-3A/B, or SARAL/ 
AltiKa may provide a better temporal resolution. 
However, a single altimeter sensor has been unable 
to map the entire Arctic Ocean on a daily scale due 
to small sensor footprints, and the temporal resolu-
tion of the SIT generated by merging multi-sensor 
data is seven days. These limitations motivated this 
study to use the DL approach to exploit hidden 
information across multiple PMW channels; thus, 
a DL-based retrieval model for all ice types was 
developed based on PMW data. Employing addi-
tional features and an ensemble approach improved 
the results. Second, we achieved overall MAE and 
RMSE accuracies of approximately 12 cm and 
18 cm for unseen data, respectively, and remarkable 
correlations between the SITAMSR2 and gridded 
SITCS2. Due to the nature of machine learning, it is 
di%cult to physically explain which AMSR2 channel 
made the largest contribution to the SIT estimations. 
Using a statistical approach, we evaluated the rela-
tive importance of the AMSR2 channels. In particular, 
since our approach exploited all of the AMSR2 chan-
nels, it enabled direct SIT retrievals without separate 
freeboard and snow depth calculations, which are 
hidden in the model training. Additionally, features 
associated with the 10.65–36.5 GHz channels exhib-
ited more signi"cant contributions to the AMSR2- 
based SIT retrievals. These frequency channels have 
also been incorporated into the development of 
a relationship between optical thickness and ice 
freeboard by Lee, Sohn, and Shi (2018) and Lee 
et al. (2020). These studies support a physical rela-
tionship between PMW signals and ice thickness for 
all ice types. Lastly, since the proposed retrieval 
model consistently generated eight-year historical 
data with consistent accuracy, it can be considered 
as a new operational SIT retrieval system for provid-
ing daily Arctic SIT data.
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Although the proposed ensemble 1D-CNN model 
successfully estimated SITs from AMSR2 PMW data at 
25 km spatial resolution and showed good agree-
ments with gridded CS2 estimates, the uncertainties 
and errors in the CS2 measurements, particularly for 
ice less than 1 m thick, were also observed in compar-
isons with daily SMOS ice thickness data (Figures 7 
and 8). Since the SIT retrieval model used in this study 
was trained using gridded SITCS2 as a reference for all 
ice thickness ranges, it may also capture uncertainties 
and errors in the reference data due to the character-
istics of the DL models. Although 12 cm of MAE may 
not be trivial for new or young ice, it is worth noting 
that providing daily SIT maps for the entire Arctic 
would improve various cryosphere studies/models 
and support industrial applications. In addition, com-
bining the proposed model with L-band (1.4 GHz) 
data from SMOS, widely used to derive thin ice thick-
nesses, would be worthwhile for extending this 
research.
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