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Abstract

Sea ice surface roughness (SIR) affects the energy transfer between the atmosphere and the ocean, and it is also an
important indicator for sea ice characteristics. To obtain a small-scale SIR with high spatial resolution, a novel
method is proposed to retrieve SIR from Sentinel-1 synthetic aperture radar (SAR) images, utilizing an ensemble
learning method. Firstly, the two-dimensional continuous wavelet transform is applied to obtain the spatial
information of sea ice, including the scale and direction of ice patterns. Secondly, a model is developed using the
Adaboost Regression model to establish a relationship among SIR, radar backscatter and the spatial information
of sea ice. The proposed method is validated by using the SIR retrieved from SAR images and comparing it to the
measurements obtained by the Airborne Topographic Mapper (ATM) in the summer Beaufort Sea. The
determination of coefficient, mean absolute error, root-mean-square error and mean absolute percentage error of
the testing data are 0.91, 1.71 cm, 2.82 cm, and 36.37%, respectively, which are reasonable. Moreover, K-fold
cross-validation and learning curves are analyzed, which also demonstrate the method’s applicability in retrieving
SIR from SAR images.
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1 Introduction

Sea ice roughness (SIR) affects the drag coefficient of the ice
cover, which influences the energy transfer between the ocean
and the atmosphere. Therefore, it plays a crucial role in the Arc-
tic climate system (Prasad et al., 2021). Numerical ocean model
simulations have shown that the heterogeneity in SIR signific-
antly impacts the spatial distribution and trends of ocean surface
stress during the last few decades (Martin et al., 2016). So under-
standing the small-scale changes in SIR will be beneficial for
modeling ocean-ice processes.

Airborne lidar is often used to map the elevation of sea ice
cover, and then the SIR can be estimated. The Airborne Topo-
graphic Mapper (ATM) has provided highly accurate ice surface
elevations and has been used in numerous studies of sea ice
(Studinger, 2014). Beckers et al. (2015) presented the SIR meas-
urements in the Arctic regions using an airborne laser scanner
and a single-beam laser altimeter. They found that in order to
achieve a similar statistical distribution of SIR between the scan-
ner and altimeter, the measurement surveys had to be longer
than 5 km north of Svalbard and longer than 15 km in Fram
Strait. Therefore, the survey of lasers must be carefully designed.
Besides, the spatial coverage of laser is sparse and the flight of the
aircraft is seriously affected by the weather (Nolin and Mar, 2018).

Because of the severe weather conditions in the Arctic, con-

ducting in-situ and airborne measurements of SIR is challenging.
In recent years, satellite remote sensing technologies have been
used to map sea ice characteristics. SIR can serve as a reflection
of other sea ice characteristics, such as sea ice types (Landy et al.,
2020), sea ice thickness and sea ice albedo (Grenfell and Per-
ovich, 1984). It is also helpful for improving the retrieval of sea ice
thickness (Landy et al., 2020).

Radiometers onboard satellites were mostly used to estimate
SIR. Hong (2010) proposed a novel approach to estimate the
small-scale roughness of sea ice from the Advanced Microwave
Scanning Radiometer Earth (AMSR-E) daily observations. The
small-scale surface roughness retrieved from AMSR-E 6.9 GHz,
ranging from 0.25 cm to 0.5 cm, showed reasonable agreement
with the known observations of sea ice in the Antarctic and Arc-
tic regions, which ranged from 0.2 cm to 0.6 cm. Gupta and
Barber (2015) estimated the sub-pixel (<5.4 km) SIR by using the
89 GHz AMSR-E brightness temperature (T}) and the SIR ac-
quired from a helicopter-based laser system. Nolin and Mar
(2018) used Multi-angle Imaging SpectroRadiometry (MISR) to
characterize sea ice surface, and the SIR was retrieved by an em-
pirical model that correlated the SIR derived from the ATM with
the reflectance values from three MISR cameras (Ca, Cf, and An).
Mosadegh and Nolin (2020) developed two separate back-
propagation neural network (BPNN) models to estimate the SIR
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for summer and winter time, by using the red spectral band from
all nine MISR cameras and the ATM data. Mosadegh and Nolin
(2022) further used MISR and ATM data to develop a K-nearest
neighbor (KNN) regression model for estimating the SIR. The
performance of the KNN model was also shown to be superior to
the simple linear regression (SLR) model and the polynomial lin-
ear regression (PLR) model. However, due to the relatively low
resolutions of radiometers, the SIR can only be estimated in large
areas (e.g., 25 km by 25 km for AMSR-E and 275 m by 275 m for
MISR).

Synthetic Aperture Radar (SAR) was also used to retrieve SIR.
Carlstrom et al. (1994) fitted an empirical relationship between
the SIR and the backscatter and incidence angle of European Re-
mote Sensing-1 (ERS-1) SAR. However, there was a deviation of
approximately 50% between the model estimate and the meas-
ured root-mean-square height of the ice surface. Wen et al.
(2011) constructed an analytical surface backscattering model to
estimate the SIR from Radarsat-2 SAR data. In their model, the
SAR backscatter and incidence angle were linked to the SIR. Ca-
farella et al. (2019) conducted a study on the relationship
between the winter first-year SIR and C-band Radarsat-2 and L-
band Advanced Land Observing Satellite-2 (ALOS)-2 Phased Ar-
ray Type L-band Synthetic Aperture Radar-2 (PALSAR-2) backs-
catter measurements in the Canadian Arctic. They discovered a
strong correlation between C-band HH-polarization backscatter,
L-band HH-polarization backscatter, and L-band VV-polariza-
tion backscatter with SIR at shallow incidence angles. Addition-
ally, a linear regression model was developed to estimate SIR
based on SAR backscatter. Segal et al. (2020) conducted a study
on the SIR in the Canadian Arctic archipelago by using both Sen-
tinel-1 SAR and MISR data. The study involved the development
of linear regression models to estimate the SIR using two vari-
ables: the normalized difference angular index (NDAI) from
MISR and the backscatter from SAR.

Therefore, the models developed by previous studies are
mainly based on the statistical relationship between SIR and the
parameters measured directly by different sensors, such as the
reflectance (Nolin and Mar, 2018) of radiometer and the backs-
catter of SAR (Segal at el., 2020) and the incidence angles of the
sensors. However, it does not take into account the spatial distri-
bution of sea ice, which can be obtained from high-resolution
SAR images. Besides, the microwave backscattering models of
sea ice (Carlstrom, 1997; Liu et al., 2016), have shown that the
predicted backscatter coefficient obtained by nonlinear scatter-
ing models has a strong agreement with C-band SAR data for in-
cidence angles between 25° and 50° and small-scale ice rough-
ness. So nonlinear models may be more suitable for complex ice
conditions in Arctic summer, when ice and melt ponds are
mixed.

Ensemble learning methods have gained significant attention
in the last decade due to their ability to handle nonlinear prob-
lems (Gu and Angelov, 2022). Ensemble learning methods in-
clude Bagging and Boosting (Zhu et al., 2020). Bagging and
Boosting are two ensemble learning techniques used to reduce
prediction errors in regression by using multiple predictors
(Drucker, 1997). Predictors can be selected from various basic re-
gression models, such as the linear model, Classification and Re-
gression Trees (CART) (Efendi et al., 2020), support vector ma-
chine (SVM) (Yan and Huang, 2019; Li et al., 2021). Additionally,
the predictors can be a combination of different models. Bagging
methods, such as Random Forest (RF), are widely used in sea ice
classification (Jiang et al., 2022; Marbouti et al., 2018) and sea ice
drift monitoring (Palerme and Miiller, 2021). However, Bagging

methods often require more memory space than Boosting. And it
is impossible for weak learners to use the information obtained
from trained weak learners (Hsieh, 2023; Shanmugasundar et al.,
2021). Therefore, Boosting methods are better suited for complex
nonlinear problems (Xiao et al., 2019).

In this study, a new method is proposed for retrieving small-
scale SIR from Sentinel-1 SAR images. In Section 2, the data and
preprocessing methods are illustrated. In Section 3, the method
for retrieving SIR from SAR is presented, including two-dimen-
sional continuous wavelet transform (CWT) and the Adaboost
Regression model. In Section 4, the proposed method is evalu-
ated using ATM data, and the role of two-dimensional (2-D) CWT
and the applicability of the proposed method are discussed in
Section 5. Finally, the conclusions are presented in Section 6.

2 Materials

2.1 Study area

This study focuses on the western Beaufort Sea, north of
Alaska, which is the boundary between first-year ice (FYI) and
multi-year ice (MYI). The spatial coverage of the study area is
73°-77°N, 158°-162°W (Fig. 1). The surface of the ice floe con-
tained hummocks and wide melt ponds (Kim et al., 2020). In June
and July, MYI concentrations rose while FYI concentrations de-
clined significantly due to sea ice melt as temperatures increased
(Babb et al., 2019). Because much of the ice did not survive the
summer melt season, thinner and younger ice covers resulted
from the melt season. Therefore, the FYI and MYI were mixed in
this area, making it difficult to measure or predict the SIR.

2.2 Sentinel-1 SAR data

In this study, the Extra Wide (EW) Ground Range Detected
Medium Resolution (GRDM) Sentinel-1 SAR images in HH-po-
larization and HV-polarization are used to retrieve SIR. These im-
ages have a coverage of over a 400 km swath and a spatial resolu-
tion of 40 m (Torres et al., 2012). To evaluate the proposed meth-
od, two images in extra wide swath and GRDM mode that were
sensed on July 13, 2016 were selected. These images covered the
study area and their related imformations are listed in Table 1.

As an example, a HH-polarization band SAR image in the
study area is shown in Fig. 2. To investigate the radar backscatter
from sea ice (os;) and open water (oow), three areas with differ-
ent incidence angles were chosen from Fig. 2, as depicted in Fig. 3
(Areas 1-3 in Fig. 2). The incidence angles of these three areas are
also marked in the Fig. 2. Under small incidence angles (Fig. 3a),
the radar backscatter of sea ice (i.e., the black patches) is smaller
than that of open water (i.e., the bright background). Under
middle incidence angles (Fig. 3b), it is difficult to distinguish sea
ice from open water because oy is close to oow; under large in-
cidence angle (Fig. 3c), bright sea ice can be easily discriminated
from the dark open water (i.e., og; is larger than oow). The reas-
on for this phenomenon is that the roughness of the sea surface
at small or medium wind speeds is less than that of the sea ice,
which will enhance the specular reflection of the smooth sea sur-
face when the incidence angle is small (Jackson and Apel, 2004).
Accordingly, the relationship among radar backscatter, incid-
ence angle, and the SIR in summer is nonlinear. Therefore, tradi-
tional regression models, such as the linear regression model,
may not be suitable for this problem. Besides, Fig. 3 also shows
that the spatial patterns of sea ice are distinct, including the
scales and directions of thaw holes, cracks, and leads, etc.

2.3 OIB LiDAR data
The airborne lidar observations collected during the Opera-
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Fig. 1. Map of the sea ice age from the National Snow and Ice Data Center (NSIDC) (Tschudi et al., 2019) on July 15, 2016. Location of
the study area is denoted as a white rectangle.

Table 1. Related imformations of the two Sentinel-1 SAR images used in the study

ImageID  Productlevel Instrumentmode Product type Latitude range Longitude range Resolution
1 L1 EwW GRD 75.72°-80.73°N 142.43°-166.67°W medium
2 L1 EW GRD 72.40°-76.99°N 151.74°-169.52°W medium

ImageID  Polarization  Sensingstarttime Relative orbitnumber Incidence anglerange  Elevation angle range
1 HH, HV 17:46:09 161 19.10°-46.43° 17.12°-40.69°
2 HH, HV 17:47:13 161 19.19°-46.51° 17.20°-40.76°
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Fig. 2. Preprocessed Sentinel-1 SAR image in HH-polarization sensed on July 13, 2016. The incidence angles of the three areas are
marked.
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Fig. 3. Sentinel-1 SAR HH-polarization backscatter coefficient (g,) image under different incidence angles. a. Small incidence angle.

b. Middle incidence angle. c. Large incidence angle.

tion IceBridge (OIB) campaign are widely used in several previ-
ous studies. To study the statistical properties of the sea ice sur-
face, the sea ice elevation measured by OIB ATM is selected. The
ATM L2 Icessn Elevation, Slope, and Roughness V002 product
collected on July 13, 2016 and July 14, 2016 (Studinger, 2014)
was used in this work. It can provide the relative height above
the World Geodetic System 1984 (WGS-84) ellipsoid of eachfoot-
print, which will be needed to convert to orthometric height
using the Earth Gravitational Model-5 (EGM2008-5) model in
Matlab.

The root-mean-square (rms) height is widely used to repres-
ent SIR in previous work (Segal et al., 2020) as a statistical indicat-
or of sea ice surface. Root-mean-square height s is the popula-
tion standard deviation of the of all the footprints, it is calculated
as follows:

(zi - 2)°, (1)

2=
=

N
where 7 — 1 Z z; is the average height of all the footprints, Nis
N

the number of ];;olints, iis the i-th point.

It can be regarded as the overall standard deviation of sea ice
surface height. However, only a few footprints on the sea ice sur-
face can be obtained. If the method of calculating the overall
standard deviation is used to calculate the SIR based on the foot-
print height, the SIR will be underestimated. In fact, the sample
standard deviation is an unbiased estimate of the overall stand-
ard deviation. Therefore, the root-mean-square deviation of foot-
print height is used to estimate the SIR, which is calculated as fol-
lows:
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To capture the small-scale changes of SIR, the standard devi-
ation of the nearest 100 points is used here.

As an example, Fig. 4a shows the ATM orthometric heights
that were acquired at 19:54:29 on July 13, 2016. The spatial coverage
of the area is 75.149°-75.600°N, 159.733°-160.746°W. Figure 4b
shows that the majority of the SIR in the area is less than 0.6 m.

To evaluate the SIR retrieved from SAR images using the ATM
data, the SAR images and ATM data are matched as follows.

(1) For each SIR measured by ATM, find the nearest points
measured by SAR where the distance between the two measure-
ments is less than 40 m.

(2) If there are multiple roughness measurements obtained
by ATM for one radar backscatter measured by SAR, average
these roughness values.

3 Methods

To retrieve small-scale SIR from SAR images, the SAR image is
first preprocessed, Then, a 2-D CWT is applied to extract the spa-
tial information of the sea ice. Finally, an Adaboost Regression
model is used to retrieve SIR from the spatial information ob-
tained from the SAR images.

3.1 Preprocessing of SAR image

The SAR images are first preprocessed using the Sentinel Ap-
plication Platform (SNAP) software package developed by the
European Space Agency (Filipponi, 2019). The following shows
the five steps applied.

(1) Apply orbit file.

(2) Thermal noise removal.
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Spatial distribution of orthometric height (a) and surfuce ice roughness (SIR) (b) in OIB ATM data.
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(3) Calibrate the Product.
(4) Speckle filtering.
(5) Converts the gray value backscatter to dB.

3.1.1 Apply orbit file

The orbit state information in the metadata file is not very ac-
curate. So the operation of applying the orbit file is performed to
automatically update the Sentinel-1 satellite orbit state informa-
tion of the metadata file (.xml). This operation only updates the
metadata file (.xml), while the gray value backscatters remain un-
changed.

3.1.2 Thermal noise removal

Due to the active imaging of SAR, the influence of the heat
caused by the antenna and other devices of SAR cannot be ig-
nored. Therefore, the thermal noise is removed by using SNAP.

3.1.3 Calibrate the backscatter

After removing thermal noises, the gray value backscatters of
SAR images are calibrated into the normalized radar backscatter
coefficient (NRCS), oy.

3.1.4 Speckle filtering

To suppress the speckle noise in SAR images, the Refined Lee
speckle filter is applied with a window size of 7 by 7 pixels to the
NRCS (Lee et al., 1994). The Refined Lee filter averages the image
while preserving edges, so the patterns of sea ice will not be af-
fected.

3.1.5 Converts data to dB

The original backscatter coefficients are represented as gray
values of 8-bit, and they are converted into decibels for the pur-
pose of data storage and analysis.

3.2 Deriving the spatial information of sea ice by CWT

Due to the high spatial resolution of SAR images, the spatial
patterns of sea ice are distinct, such as the scales and directions
of thaw holes, cracks, and leads, particularly during the Arctic
summer. To obtain more information about sea ice, a 2-D CWT is
applied to SAR images.

2-D CWT is widely used for the detection, extraction, or clas-
sification of various features in SAR images. It can not only meas-
ure the scale of a signal, but also the directionality of the signal
(Antoine et al., 1999). 2-D Cauchy wavelet, which is strictly sup-
ported in a narrow convex cone in spatial frequency space, has
shown great performance in analyzing directional features (Ant-
oine et al., 1999). Therefore, 2-D Cauchy wavelets are utilized in
this study.

For a 2-D spatial image X, its 2-D wavelet transform can be ex-
pressed as follows (Antoine and Murenzi, 1996; Daubechies,

1992):
ol

:\/ac—w /R . exp(ib@) i (ar_y(3)) $(&) d°G,  (3)

S(a, ¢, b) =

where ¢, is the admissibility condition that the complex-valued
mother wavelet y must satisfied, R? is an n-dimensional Euc-
lidean space on the real number field, r_; is the rotation matrix
in the case of —¢, X is a vector in 2-D image space and a 2-D 1 co-
ordinate of pixels on the SAR image, s(¥) is the 2D signal func-
tion (input SAR image) belonging to the R? space. §(&) is the

fourier transform (FT) of s(¥), i = /—1 is the imaginary unit. a is
the scale parameter, j is the translation parameter, @ is the spa-
tial frequency and y* is the complex conjugate of the wavelet
function y.

The rotation matrix Ty with a rotation angle ¢, which rotates
the wavelet in spatial coordinates, is usually defined as

sin ¢
cos ¢

cos ¢

= = < —sin ¢

The §(c3) is the fourier transform (FT) of s(X), it can be express as
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where & is the spatial frequency, and ,,5(@), the FT ofy, , 5(%)

is defined as

¥y,,5(@) = a exp(—ib@) i (ar_4(a)). (©6)

The complex-valued mother wavelet  must satisfy the ad-
missibility condition as follows:

lin(é3)|*
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In this study, the Fourier transform of 2-D Cauchy wavelet is
used (Antoine et al., 1999) as follows:

@y wy) = [0y sina + oy cos a]"x
(@2)* + (@)

[~oy sina + wy cosal™ - exp | -A 5

;o ®

where w; is the frequency in x direction, w, is the frequency in y
direction, A is the dilation parameter of the wavelet, « is a half of
opening angle of the cone which the 2-D Cauchy wavelet is sup-
ported. L and M give the number of vanishing moments of y on
the edges of the cone, and thus controls the regularity of the
wavelet.

The range of each parameter: A € [0, 00), a € |0, E), L Me

[0, 00), and w,-tan o > |a)y| . And the value of these parameters
used in the study is given in Table 2.

The modulus and phase of the complex wavelet coefficient
S(a, ¢, 5) are expressed as

-,

1S(a, ¢, B)| = \/Im(S(a, 6, B)J? + [Re(S(a, 6, B)P%  (9)

and

(10)

. Im(S(a, ¢, b))
(p(a, ?, b) = arctan |:Re(S(d; b E)):| ,

Table 2. Value of 2-D Cauchy wavelet parameters

Parameter Default value
A 1
a n/6
L 4
M 4
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where Re(-) and Im(-) are the real and imaginary parts of a com-
plex number.

In this study, the range of the scale parameter is selected to be
from 1 to 32, and the range of the rotation angle is selected to be
from 0 to 2m.

After applying 2-D CWT on HH-polarization SAR images, the
wavelet coefficients of each point are derived. The peak scale and
peak direction of the point can then be obtained by selecting the
maximum wavelet spectrum coefficient. In the sea ice SAR image,
the peak direction indicates the main direction of the ice pattern,
and the peak scale will be large if the size of the ice pattern is
small, while it will be small if the size of the ice pattern is large.

3.3 Retrieval of SIR

Because the relationship between SIR and the NRCS meas-
ured by SAR is nonlinear, the Adaptive Boosting Regression (Ada-
boost Regression, ABR) is used to retrieve SIR from SAR images.
The ABR model is applied as follows.

3.3.1 Input and output

Firstly, the information measured by SAR and the spatial in-
formation derived from SAR images are inputted into the ABR
model, this includes the incidence angle ¢, elevation angle ; and
the HH-polarization NRCS o, measured by SAR, as well as the
peak scale and peak angle of each point derived from the 2-D
Cauchy CWT.

To train the ABR model, the SIR derived from ATM data is
used as the output.

3.3.2 Modification of Adaboost Regression model

Unlike the parallel ensemble technique of Bagging methods,
ABR is a sequential machine learning ensemble technique used
to combine several weak learners based on their weights in order
to create a strong learner (Shanmugasundar et al., 2021).

In ABR process, there are T iterations to train these weak
learners and get a strong regressor (Pedregosa et al., 2011). In
each iteration, a weighted training dataset will be generated and
this weighted training dataset is used to train a weak learner that
has never been trained. During every training, weight is redistrib-
uted to each sample observation. The falsely predicted samples
will be given more weight to increase the value of the loss func-
tion, thereby reducing the bias towards false predictions.

To train and test the ABR model, the specific steps are as follows:

(1) Divide the dataset in Section 3.3.1 into a training set and a
testing set. In this study, the training set and the testing set are
randomly split in a ratio of 70%:30% .

1
(2) Initialize the weights of all training samples to m (where

m is the size of the training set).

(3) Train the weak learner h; with the training set (¢ refer to
the number of iterations).

(4) Calculate the error rate of the weak learner h;.

(5) Update the weight of each sample.

(6) Repeat Steps (3) to (5) until ¢ reaches T.

(7) Get the final strong learner.

(8) Apply the strong learner to the testing set.

The details of the algorithm flow are shown in Algorithm 1.

In this work, 100 Decision Tree regressors are selected as the
base estimators, indicating that the number of iterations T'is set
to 100. The maximum depth of the decision tree is 10. The loss
function is chosen as follows:

Ly, %) = lyi (%) — yil, an

Algorithm 1. Adaboost Regression

Input: Training set D = (¥, ;), i = 1, 2,..., m; T: number of iterations;
I: weak learner; L: loss function.

T
Output: Strong learner H(X) = Z ln(i) ).
i1 W
Initialization each sample’s weight of the 1st iteration
fori=1tomdo
Dist; (X)) « 1/m
end for
Training process
fort=1to T do
Training weak learner h; « I(D, Dist;)
fori=1tomdo
Updating maximum error E; < max(E;, L(y;, X;))
Calculating relative error for each sample e; < L(y;, X;)/E;
end for
r
Calculating error rate ¢, Z Dist;(X;)ex
i=1
Updating each learner’s weight w; + e,/(1 — e;)
fori=1tomdo
Updating each learner’s weight
Dist;1(%;) + Dist,(X;)w;
end for
Normalize Dist,(X;)to be a proper distribution
t=t+1
end for
Calculating the median of weighted predicted (w;h,) value f{%)

where ¥; is a vector including all features in the input data of the
i-th sample, y; is the true value (also represent the SIR), ¥; is a
vector contains all features in one sample and y; (x;) is the pre-
dicted SIR by using x; through the weak decision tree regressor ;.

3.3.3 Model accuracy evaluation
To assess the accuracy of the proposed method, the widely
used evaluation metrics which are used here, listed in Table 3.

3.3.4 Cross-validation

To further evaluate the performance of the ABR model and
mitigate the bias caused by data selection in the splitting of the
training set and testing set, K-Fold cross-validation is conducted.

K-Fold cross-validation splits the dataset into k consecutive
folds. Each fold is used once as the validation set, while the other
k - 1 folds are used as the training set. K-Fold cross-validation is
an effective way to evaluate the model’s generalization ability.

3.4 Workflow of the retrieval method
In summary, the flowchart illustrating the proposed method

Table 3. Model evaluation metrics
Metric

Formula

Coefficient of determination (R?) RP=1-

Mean absolute error (MAE)

Root mean square error (RMSE)

Mean absolute percentage
error (MAPE)

1~ |3 —
MAPE:NZ M

i=1

Note: Nis the size of dataset, j; is the predicted value, y; is the true
value and y represents the average of true values.
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for retrieving SIR from SAR images is presented in Fig. 5.

4 Result

In this section, the proposed method is first used to retrieve
SIR from SAR images using different inputs. The method is then
evaluated by comparing it with the SIR measured by ATM.

4.1 The retrieval of SIR by using only the measurements of SAR

Figure 6 shows the relationship among SIR, the NRCS ¢, and
incidence angle . Because the correlation between elevation
angle 6, and incidence angle 6 is large, the elevation angle is not
shown. It is evident that the relationship between SIR and vari-
ables oy and 0 is nonlinear during the summer in the study area.
This finding aligns with the analysis presented in Section 2.2, in-
dicating that linear models are not suitable for estimating SIR in
this context.

By using the incidence angle, elevation angle and NRCS
measured by SAR as inputs to the proposed method, the SIR is
estimated. These estimates are then compared with those meas-
ured by ATM, as shown in Table 4 and Fig. 6. Table 4 shows that

raw SAR image
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although the performance metrics of the testing data are relat-
ively reasonable, MAE, RMSE, and MAPE values are significantly
larger than those of the training data, and R? values are signific-
antly smaller than those of the training data.

Figure 7 compares the SIR measured by ATM with the SIR es-
timated by ABR. The validation set is obtained through K-Fold
cross-validation (Section 3.3.4) by combining each fold together.
It is clear that most of the estimated values generally follow the
1:1 line well in each dataset. Additionally, the performance met-
rics of the training set are slightly better than those of the other
datasets. The values of R2, MAE, RMSE, and MAPE is 0.74, 2.93 cm,
4.85 cm, and 61.98% for the testing dataset, respectively. So Ada-
boost Regression model can yield reasonable SIR.

To further evaluate the method, the K-Folds cross-validation
(where k = 5) is selected to split the training set. Considering that
ATM products are collected from various locations, we shuffle
the dataset before splitting it to ensure that samples from differ-
ent regions are randomly selected.

Table 5 displays the performance metrics for each fold and
the corresponding mean value for each metric. The performance

raw ATM heights

Y

backscattering sea ice
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Fig. 5. Workflow of the study.
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of each fold is almost the same as the average performance, and it
also approaches the performance of the validation set in Fig. 7.
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Fig. 6. Relationship among SIR, oy, and 6.

Table 4. Performance metrics of training and testing set

Dataset R? MAE/cm RMSE/cm MAPE/%
Training 0.91 2.11 2.80 45.24
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Therefore, the performance of Adaboost Regression is independ-
ent of the data partitioning method.

However, there are some problems associated with solely re-
lying on information from individual pixels of a SAR image.
Firstly, differences between the performances of training set and
those of other datasets are large, which is often considered to be a
feature of overfitting. Secondly, the errors of the samples with lar-
ger SIR are usually large, which means poor generalization per-
formance.

4.2 The retrieval of SIR with 2-D CWT

Considering the presence of numerous thaw holes, melt
ponds, cracks, and leads in the SAR image of summer sea ice, the
2-D CWT is applied to obtain the spatial information about the
sea ice. This includes the peak scale and peak angle of each point
on the SAR images, which are then used to derive the SIR. Com-
parisons of the estimated SIR with that measured by ATM are
shown in Table 6 and Fig. 8.

Comparing Table 6 with Table 4, it becomes evident that all
the performance metrics derived using 2-D CWT are significantly
superior to those derived without it. The performance of the test-
ing set is also close to those of the training set.

Figure 8 compares the SIR measured by ATM with those es-
timated by ABR using 2-D CWT. The validation set is also ob-
tained through K-Fold cross-validation and combines different
folds together. It is evident that all the estimated values followed
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Fig. 7. Scatter plots of the SIR measured by ATM (true value) and that estimated from SAR pixels.
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Table 5. Performance metrics of each fold and average perform-
ance for the selected model

Fold MAE/cm RMSE/cm R? MAPE/%
1 2.94 4.36 0.79 59.00
2 2.84 4.39 0.79 61.50
3 3.04 4.60 0.77 65.45
4 3.07 4.41 0.79 59.77
5 2.98 4.76 0.75 61.04

2.97 4.51 0.78 61.35

Note: The bold number represent average values.

Table 6. Performance metrics of training and testing set with
2-D CWT

Dataset R? MAE/cm RMSE/cm MAPE/%
Training 0.97 1.24 1.77 26.52
Testing 0.91 1.71 2.82 36.37

the 1:1 line across various datasets, particularly in the training
set. More importantly, the performance differences are small
across different datasets. Table 6 and Fig. 8 also show that the R?
values exceed 0.90, while the MAE, RMSE, and MAPE values are
below 1.82 cm, 3.02 cm, and 37.54%, respectively, for all datasets.
Therefore, the peak scales and peak angles of sea ice derived from
the 2-D Cauchy CWT improve greatly the performance metrics
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for all datasets. Thus, the 2-D Cauchy CWT is a valuable method
for extracting spatial information of sea ice from SAR images.

To further evaluate the method, the K-Folds cross-validation
(where k = 5) is also carried out. Table 7 shows that the differ-
ences in R? for each fold are smaller than 0.03. And the average
performance metrics are also approach the performance metrics
of the validation set in Fig. 8. The variance of all these metrics is
significantly less than those derived without 2-D Cauchy CWT.
Therefore, the generalization ability of Adaboost Regression im-
proves after conducting 2-D CWT in the retrieval of SIR, and the
risk of overfitting decreases as well.

5 Discussion

5.1 Therole of2-D CWT

To investigate the effectiveness of 2-D CWT on sea ice SAR
images. The Area 4 shown in Fig. 2 is chosen as a representative
sample, as depicted in Fig. 9a.

After applying 2-D Cauchy CWT on the SAR image in Fig. 9a,
the peak scale and peak angle of each pixel are shown in Figs 9c
and d. At the edge of the dark patch in the upper part of Fig. 9a,
the magnitude of the NRCS changes sharpest (as shown by the
largest value of the gradient in Fig. 9b, the peak scales are smal-
lest (Fig. 9c); at the lower part of the image in Fig. 9a, there is no
significant change in NRCS, so the peak scales are larger (Fig. 9¢),
which coincides well with the spatial patterns of sea ice. The peak
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Fig. 8. Scatter plots of the SIR measured by ATM (true value) and that estimated from SAR with 2-D CWT.
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Table 7. Performance of each fold and the average value of each
metric with 2-D CWT

Fold MAE/cm RMSE/cm R? MAPE/%
1 1.77 3.04 0.90 33.41
2 1.84 2.64 0.92 40.77
3 1.66 2.63 0.92 36.07
4 1.81 3.03 0.90 38.04
5 1.73 2.90 0.91 36.20
1.76 2.86 0.91 36.90

Note: The bold numbers represent average values.

angles are roughly similar to the direction of the gradient image,
because the directional resolution of 2-D CWT is selected to be
n/8 for reducing time in this study, and the performance may be
better by increasing the directional resolution.

5.2 The applicability of the proposed method

For each iteration in the method (Section 3.3.2), in order to
improve the prediction accuracy for these samples, the weight of
the falsely predicted samples will be increased. However, this ap-
proach may lead to overfitting if the data contains a significant
amount of noise. In this subsection, the observation learning
curve (Mohr and van Rijn, 2022) is used to evaluate the problem.

By using the K-Fold cross validation method, the training data
and testing data with different sizes are firstly obtained from the
dataset (Section 3.3.2), where k = 5. The coefficient of determina-
tion (R?) is selected as the score. The learning curves of the
present method with different sizes of the dataset are shown in
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Fig. 10, and it can be observed as follows.

(1) As the number of samples increases, the scores of the
training data change little, while the scores of the testing data in-
crease rapidly. Eventually, both of them converge to a maximum
performance when the number of samples reach maximum. So
the predictive performance will not be significantly improved by
using more data, and the model has fully generalized to unseen
data.

(2) The difference between the performance of training and
validation reaches a minimum at the converged limit point. The
current model is a good fit, and it has successfully avoided over-
fitting and underfitting.

(3) The green shaded area of the curves indicates that the
standard deviation generally becomes smaller as the number of
input samples increases, suggesting that the method is reliable.

In addition, when comparing Fig. 10a with Fig. 10b, it can be
observed that the scores of the training data with 2-D CWT in-
crease more rapidly than those without 2-D CWT. Furthermore,
the standard deviations of the training data with 2-D CWT are
smaller compared to those without 2-D CWT. Therefore, the
method with 2-D CWT is more applicable than the method
without 2-D CWT. And the spatial information of sea ice derived
by 2-D Cauchy CWT is necessary for the retrieval of SIR from SAR
images.

5.3 The independent test of the proposed method
Center Arctic is far from the study area. In this region, sea ice
is primarily made up of multi-year ice during the summer, which
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Fig. 9. Results of 2-D Cauchy CWT. a. Region with ice floes (dark path, Area 4 in Fig. 2). b. Image gradient of a. c. Peak scales. d. Peak

angles.
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each fold.
Table 8. Sentinel-1 SAR images used in the independent test
ImageID  Productlevel Instrumentmode Product type Latitude range Longitude range Resolution
1 L1 EW GRD 80.92°-86.11°N 58.89°-103.19°W medium
2 L1 EwW GRD 81.27°-86.45°N 51.28°-97.67°W medium
3 L1 EW GRD 81.36°-86.54°N 60.61°-107.35°W medium
Image ID polarisation sensing start time  relative orbitnumber  incidence anglerange  elevation angle range
1 HH, HV July 16, 2017 13 18.80°-46.66° 16.86°-40.89°
2 HH, HV July 17, 2017 13 18.95°-46.66° 16.99°-40.88°
3 HH, HV July 19, 2017 13 19.19°-46.47° 17.20°-40.72°

is distinct from the mixing of FYI and MYI in the study area.
Therefore, this region is highly suitable for testing the generaliza-
tion ability of the proposed method.

Three Sentinel-1 SAR images sensed in July 2017 (Table 8)
cover the region (spatial coverage: 83°-87°N, 86°-90°W) in the
Center Arctic. And the corresponding ATM data is also collected.

Considering that there is insufficient data for model training
due to the absence of ATM data in the summer, it will be challen-
ging for the model to generalize across different regions.
Moreover, the sample points above the 84°N are quite distant
from the other sample points in space (Fig. 11). Therefore, only
the samples located in the region above the 84°N have been used
for independent testing. Other samples in Center Arctic and the
samples in study area have been used to train the model.

Due to the increase in the amount of training data, deeper de-
cision trees are needed to improve the model’s accuracy. There-
fore, the maximum depth of the decision tree is increased to 15,
while the number of decision trees remains unchanged.

Table 9 and Fig. 12 show that the values of R?, MAE, RMSE
and MAPE are 0.95, 0.89 cm, 1.46 cm, and 5.71 % for the testing
dataset, respectively. In Fig. 12, it can be clearly seen that all the
estimated values followed the 1:1 line well for the independent
test set. This performance is even better than the performance on
the training set. It means that the method provided in this paper
has good generalization if other data from the same region are in-
troduced into the model.

6 Summary

In this study, a new method is proposed to estimate small-
scale ice roughness (40 m by 40 m) from SAR images. In the sum-
mer Arctic, there are thaw holes, cracks, melt ponds, and leads in
sea ice SAR images. The relationship between NRCS and SIR is
nonlinear, which complicates the retrieval of SIR from SAR im-

96°

850 84°W

90°

Fig. 11. The spatial distribution of samples in Center Arctic. Loca-
tion of the independent test area is denoted as a blue rectangle.
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Table 9. Performance metrics of training and independent test-

ing set
Dataset R? MAE/cm  RMSE/cm  MAPE/%
Training 0.97 1.31 1.92 10.17
Independent test  0.95 0.89 1.46 5.71
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Fig. 12. Scatter plots of the SIR in independent test region meas-
ured by ATM (true value) and that estimated from SAR with 2-D
CWT.

ages in the summer Arctic. Therefore, the 2-D CWT and Ada-
Boost Regression model are used to derive the SIR from SAR im-
ages. This method is evaluated by using the SIR measured by
ATM, which demonstrates satisfactory results for the summer sea
ice in the Beaufort Sea. The main findings of the study are as fol-
lows:

(1) The relationship between SIR and the radar backscatter of
SAR is nonlinear, and the Adaboost Regression model based on
ensemble learning is suitable for solving this problem.

(2) 2-D Cauchy CWT is useful to derive the spatial informa-
tion about sea ice from SAR images. This includes identifying the
scales and directions of thaw holes, cracks, and leads, which are
important for retrieving SIR from SAR images in the Arctic sum-
mer.

In the future, the proposed method will be evaluated using
more data from different time periods and locations. The applic-
ability to various types of sea ice (FYI, MYI, deformed FYI (DFYI)
etc.) will also be assessed. Furthermore, the ensemble learning
method shows great potential for retrieving other sea ice charac-
teristics with high spatial resolution and accuracy.
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