10074619(2014) 01-0126-43

Journal of Remote Sensing

ScanSAR mode sea ice image segmentation
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Abstract: Non-stationary nature of SAR images is a major obstacle to the automatic interpretation of SAR sea ice image. Inci—

dence angle effect is one of the main factors leading to instability in the sea ice image features. Based on Radarsatd ScanSAR

mode data this paper proposes a new segmentation algorithm which integrates incidence angle effect correction step. Considering

both the speckle noise and incidence angle effect the regional clustering incidence angle effect correction and region merging will

be combined through the pathway starting from the pixel region and to the large-scale area. The efficiency of the proposed method

has been demonstrated on the segmentation of Baffin Bay SAR sea ice image and Gulf of Bothnia SAR sea ice image suggesting

that the segmentation accuracy has been substantially improved in contrast to area-hased MRF algorithm.
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1 INTRODUCTION

Sea ice interpretation is an important application of remote
sensing system. It is essential for understanding the climate and
environmental change ( Johannessen 2004) and for safe naviga—
tion of ships in waters where sea ice forms ( Wilson 2004) .
However a fundamental difficulty with SAR sea ice image inter—
pretation is the large variation of the backscatter caused by nu—
merous environmental factors ( e. g. temperature wind ocean
currents) sea ice physical properties ( e. g. surface roughness
water content) and imaging parameters ( e. g. incidence angle
speckle noise wavelength polarization mode) . The same ice
types can appear quite different in SAR images of different sea—
sons. Moreover even within a single image ice classes can ex—
hibit a varying signature as a function of the incidence angle.
The speckle noise results in significant confusions in extracting
the intensity and texture feature of sea ice. The existing semi-a
utomatic and automatic interpretation methods of SAR sea ice
image such as Finland’s PCNN ( Karvonen 2004) Canadian
MAGIC ( Clausi 2010) and the United States ARKTOS ( Soh
2004)

order to suppress speckle noise to extract high level features such

usually segment the image before image classification in

as the shape and size. But all these methods only consider the 1
ocal nonstationarity of SAR images and can not adapt to the
large scale changes caused by incidence angle and can not en—
sure the segmentation accuracy of wide swath spaceborne and
airborne SAR sea ice image. Therefore based on the Radarsat-d
ScanSAR mode data this paper presents a segmentation algo—

rithm which integrates incidence angle effect correction step.

DOI: 10.11834/jrs. 20132305

Considering that the sea ice is horizontal surfaces ice auto—
matic interpretation system usually completes the operations such
as radiation calibration projection transform and range correc—
tion in the preprocessing stage. Range correction includes an an—
tenna pattern correction slant distance signal compensation as
well as incidence angle correction ( Johannessen 2007) . Based
on the knowledge of the gain profile of antenna coil and the re—
ciprocal of slant distance cubic we can conveniently realize the
above two corrections. However for the distributed target inci—
dence angle effect usually makes the appearance of sea ice
change greatly from close range ( small incidence angle) to far
range ( large incidence angle ) . Radar echo is stronger at close
range and will be weakened with the moving to a far range. For
example for a sea ice SAR image acquired by RADARSAT
ScanSAR in C-band the incidence angle range is up to 27°
corresponding to the same sea ice strength change of approxi-
mately —0.20 — -0.30dB/°. For airborne SAR data while
the incidence angle changes often can reach more than 40° so
that the incidence a ngle effect is more obvious. Mékynen et
al. (2002) has shown that this effect ( the angle dependence)
depends not only on the incidence angle but also on the sea ice
roughness salt content and physical structure namely the sea
ice types. Therefore the Canadian sea ice Department which re—
leased the Radarsatd and Radarsa2 sea ice images currently
has terminated the global ¢ alibration services for incidence angle
effect.

We believe that the incidence angle effect is a kind of image

degradation. It makes the images unstable along the range re—
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sulting in the observed image having more information than the o
riginal “real” image. But it is equivalent to the real image i
nformation to add additional sources of information ( bias field)
and different types of sea ices have different patterns of bias
field. Apparently we have known types of sea ice which are the
premise of the type of correction. Sea ice segmentation is a low
level classification which makes the integrated incidence angle
correction step in the segmentation process. On the other hand
the information minimization method along the range can mini-
mize the introduced additional information in the degradation
process and thus solve two key problems: model selection and
calibration parameter optimization which are required in the c
orrection process.

The paper considers the speckle noise incidence angle
effects and other uncertainties in the segmentation process based
on ice chart ( Ma et al. 2011) which gives the sea ice type
number of designated areas. In order to improve segmentation al—
gorithm ability to adapt to non-stationary the regional cluste—
ring incidence angle effect correction and region merging will be
combined through the pathway starting from the pixel to the r

egion and to the large-scale area.

2 DATA PREPARATION
2.1 Data processing

In this paper test data used is the Radarsatd ScanSAR
mode data. The first is the Baffin Bay image collected by R
ADARSATH wide ScanSAR in October 18 2005. Its incidence
angle range is 20°—49°. The ice class corresponding incidence
angle is about 13°. The second is Gulf of Bothnia image collect—
ed by RADARSATH narrow ScanSAR mode in February 27
2000. Its incidence angle range is 35°—46°. The ice class cor—
responding incidence angle is about 9°.

The SAR images supplied by Finland Ice Service ( FIS)
and Canadian Ice Service ( CIS) are all registered to the same
projection ( e. g. Mercator projection) . Then antenna pattern
correction and slant range signal compensation are also applied.
The relationship between the 16-bit intensity values I and the
eight-bit logorithmic pixel values P of our images is

P=log,GJI 1=0 (n
where logarithmic scale B =1.024 and gain factor G = 0. 16
( Karvonen 2004) .

mount of data but also converts the multiplicative speckle noise

This transformation not only reduces the a

into additive.

2.2 Ground truth data

The test should be performed with additional validated data
to strengthen the conclusions. This would require creation of a
dditional ground-truth images. Regional ice chart from field sur—
vey is limited. CIS has provided operational ice charts for Baffin
Bay which contains sea ice concentration and type information
during the study period. These digital ice charts are p rovided in
a vector format and are then rasterized to the same projection as
the image data before overlaying onto the source image. By
grouping together similar CIS stage of development codes ice

types contained within the polygon region were aggregated into

four classes: open water uncertain smooth ice first year ice
and multi-year ice ( Table 1) ( Peter 2010) . The aggregation is
to ensure that each class has a sufficient number of ground truth
pixels since individual stage of development codes may occur in
only a few pixels in the image. In addition based on large dy—
namic range of backscatter characteristics over open water the
test object does not include open water portion.

Table 1 shows the CIS codes that were aggregated into each
of the class names used in Baffin Bay. Stage of development
codes with a period (.) after the number are distinct ice classes

from those without the period.

Table 1 Stage of development codes mapped to class name

CIS phase of development code Class name

1 45 Smooth ice
3 First year ice
7. 8. 9. Multi-year ice

Open water Open water

Regional digital ice chart is generated every week. It is the
integration of a variety of data sources including the ice surface
observations aerial and satellite reconnaissance. Agnew and
Howell ( 2003) compared digital ice charts with passive micro—
wave density estimation from National Aeronautics and Space
Administration ( NASA) Team algorithm ( Cavalieri 1999) .
They found that the digital ice chart is more precise representa—
tion of ice coverage during the spring-melt and fall{reeze sea—
sons. NASA algorithm can underestimate the ice coverage be—
tween —7.1% and -32.6%.

The ground-truth image over Gulf of Bothnia was created on
the same principle. The ice classes within the area include nile
ice gray ice smooth ice and open water. For the same reason

the open water was masked.
3 SEGMENTATION ALGORITHM

Let there be n classes into which the image is segmented.
Let S be a set of sites on a lattice and s € S be a site in the
| attice.

X ={X 1seS} be a set of discrete random variables form—
ing a random field on § with each X, taking a value from {1

n}. X, indicates the class that is assigned to site s.

Let Y={Y,ls €S} be the random field on S that is realized
by the observed image. Each Y, takes on a feature vector with
each element representing the tonal value from each of the avail-
able image channels.

Let x ={x s € S}
and Y respectively. Based on the information contained in the

y ={y,1s €8} be realizations of X
image y the image segmentation algorithm must generate the
segmentation image x. There will be n classes in the segmenta—

tion image denoted by disjoint regions £2, -+ 2, each of

which contains all the pixels assigned to one class.

The flow chart of the proposed algorithm is shown in Fig. 1.
The proposed method includes region expressing region-based
initial clustering class-based incidence angle effect correction
and region merging. The dotted line represents MRF ( Markov

Random Filed) image segmentation algorithm.
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Fig.1 Flow chart of the proposed algorithm

3.1 Regional expression

The purpose of regional express is to reduce the effect of
speckle noise and identify significant homogeneous region. The
concrete steps are as below.

2004) that ¢

ontains edge detection and region growth phase assuming that im—

We can use the cartoon model ( Oliver et al.

ages are made up of regions which reflect the local structure of im—
age characteristics of homogeneous areas. Each region v is made
up of a set of sites S, that belongs to it. By grouping sites into re—
gions the effect of speckle-noise is reduced since the f eature vec—
tors of the individual sites {y,1s € S,} can be averaged into one
feature vector y, for the entire region. On the other hand over—
segmentation characteristics in Regional expression can ensure
constant incident angle as shown in Fig. 2.

For the convenience of classification marks and region m
erging the Region Adjacency Graph ( RAG) represents the s
Each node in the

graph represents a segmentation region v. The link between the

egmentation of regional adjacency relation.

nodes represents the segmented region of the common border. In
the regional image each location is no longer a single marker. In—
stead all locations of the same region give the same mark. Sup-
pose X" represents regional images then X' is all possible x" col-

lection.

Fig2 Regional expression of SAR sea ice images

3.2 Region-based initial clustering

In order to ensure the optimal labeling not being trapped in a
local minimum ice chart provides a designated area of sea ice
type number information. Each of the obtained watershed regions v
is assigned a label x, via a region-based K-means algorithm. For
each region v the K-means algorithm chooses the label that best

satisfied:

'
X v

(2)

where y, is the feature vector at site s whose elements are the val-

. T
arg rnkln;(ys -m) (¥, —pmy)

ues of the image channels and where T is the transpose operator.
This process is iterative and begins with random means g, that are

updated on each iteration.

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.

3.3 Type of correction-based incidence angle effect

Image degradation usually can be described by the linear
model ( Beckers 1994) . Let y" denotes the observed tonal value
corresponding to the region labelled by £ and let 2 denotes the
“true” tonal value. The relationship between two variables can be
written as
Yy =zZm' +a (3)
where m' is a multiplicative intensity degradation factor and a' is
an additive intensity degradation factor.

The estimation z" of the true image z' is obtained by the i
nverse of the degradation model

P =y (@)

(4)
where

r

: (5)

It has to be noticed that the intensity decreased by incidence

1

r

m

a

and (a") 7' = -

m

angle variation in SAR image only appears along range direction.
Therefore we firstly calculated the mean value y*() of the image

along azimuth direction i

Y = 2 i)

e

(6)

where NV, is total number of sea ice pixels of the image column j in
region 2.

Due to any segmented region on the roughness and moisture
content of ice is homogeneous intensity variation along range di—
rection introduced by incident angle effect is the smoothing func—
tion of the location. Hence the multiplicative and additive degra—

dation factor can be modeled by smoothly two order polynomials

(&) () I=b, (7)

(m) () (8)
=0
where b, and d, are neutralization constants ¢, and e, are normali-
zation constants a, and m, are parameters to be optimized and a
detailed description of the derivation of parameter is given in a
ppendix.
Information ( /) on any image region can be represented by

Shannon entropy ( H) quantitatively ( Applebaum 1996)
1z ] =u[z() ] == Xptw)log(w) (9
where p(w) is the probability of pixels with value w in z'(j) . The

parameters a, and m, are optimized by Powell’s multi-d imensional

directional set method and Brent’s one-dimen-sional optimization

algorithm ( Press et al. 1992) as
{1 o« -0}
(10)

The optimal one-dimensional correction factors ( a') ™' ()

J)(m'

{a, m,} = argmin
{am

}

and (m") ~'(j) are calculated from the optimal parameters a, and

http://www.cnki.net
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m, and extended to two-dimensional correction factor (a") ~'()
and (m") ' (). "' is the same as
(a) () . m) ()
The O ptimal estimation z} of “true” image z" can be calculated u-
sing Eq. (4) . Finally

based on the corrected results.

Here each row of ( a')

and each row of (m') ™' is the same as (

regional feature vector y, was recalculated

3.4 Region merging

After class-based incidence angle effect correction there are
and the adjacent regions still
in the field of

SAR sea ice monitoring people are more interested in the large

still too many segmentation regions

have various remnants of uncertainty. In addition

scale ice class structures so the region merging is necessary.

Assuming that the class value corresponding to each small re—
gion follow multivariate Gauss distribution ( Press 2007) the op—
timal segmentation x, can be obtained by minimizing the f ollowing
cost function

T
X

. (11)

arg mink
g reX !

where E, is the feature model energy. E, is defined as
E —

e e ey ([ 2 ]) -

k=1 5C0, 5es,

(2 m) 'S (2 w))

where z._ is the feature vector at site s S, are the sites in each wa—

(12)

tershed region v and v is a part of the region £, that is a ssigned
to class k. 3, is the class covariance matrix of class k and g, is
the mean value of class k.

Lu (2011) proposed a method for solving the Eq. (11) . Af-
ter the labeling process is completed for all nodes region merging
is performed in a greedy fashion. The process only considers all
pairs of adjacent regions which have the same class. The algorithm
will update RAG.

When region-merging is completed the algorithm will go
back to the Section 3.3 until the desired number of iterations is

reached and completes the final segmentation.

(a) Original SAR image (b) Based on the regional

MRF segmentation results

| First year ice

. Multi-year ice

3.5 Evaluation criteria

Overall accuracy and Kappa coefficient give distinct measure—
ments of segmentation accuracy. The overall accuracy is the per—
cent of pixels correctly segmented. Prior to computing Kappa coef—
ficient the segmented results are relabeled to match the ground—
truth image labels to maximize overall accuracy. The Kappa coef-
ficient is defined as below.

P(A) - P(E

k= (1)—P(E()) (13)
where P( A) is the overall classification accuracy P( E) is the
desired classification accuracy. When the coefficient are located
in 0.41 0.6

efficients are located in

interval it is medium consistency. When the co—
0.61 0.8

same. When the coefficient is greater than 0. 8

interval it is largely the
it is almost the

same.

4 EXPERIMENT RESULT AND ANALYSIS

In order to validate the adaptation of proposed method to
incidence angle cffect, we divided the sea ice scene into three
equal sections. Fig.3(a) is the Baffin Bay SAR seca ice image
with resolution of 882X 1730. Each section has a resolution of
615%938. Fig4(a) is a Bosnian Bay SAR sca ice image with res-
olution of 615%938 and each section has a resolution of 205X
938.

Based on the overall accuracy and kappa coefficient, the
results of the proposed method were compared to that of region-
based MRF. The segmentation accuracy comparisons of the
experimental and sectional Baffin Bay SAR sea ice image are
shown in Table 2. For the sectional image. the overall accuracy
of region-based MRF is up to 89.93% . and the overall accuracy
of the proposed method increased by 2.26% (92.19% —89.93% ).
Kappa coefficient also increased by 0.0272 (0.9087—08815). As
for the experimental image, because of the larger effect of inci-
dence angle effect and other nonstationary factors, the overall
accuracy of region-based MRF dropped to 73.84% . The overall
accuracy of the proposed method increased to 80.64% and Kappa

(d) Ground-trut

(c) The proposed algorithm

of segmentation results
. Smoothed ice

Fig3 Baffin Bay SAR sea ice image segmentation results

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.
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coefficient increased from 0.7188 to 0.7824.
In Table 3

xperimental and sectional Gulf of Bothnia SAR sea ice image

segmentation accuracy comparisons of the e

showed the same improvement. Unlike Baffin Bay SAR sea ice
image the overall accuracy of the proposed method is the highest
(95.50%—93.72%) and the Kappa coefficients improved by 0
.0169 for the sectional image. It is not that evident compared to

results of Baffin bay. For the experimental image the overall a

ccuracy improved by 8. 23% ( 86. 83% —78. 60%) and the
Kappa coefficient increased by 0. 0865.

In addition by the comparison between Table 2 and Table
3 we found that the overall accuracy and Kappa coefficient of
the Gulf of Bothnia are higher than those of Baffin Bay in the ex—
perimental resolution image and the section image. It is the like—
ly that the range of incidence angle in Gulf of Bothnia sea ice is

lower than that of Baffin Bay sea ice.

(a) Original SAR image

(b) Based on the regional
MRF segmentation results

. Nile ice . Close ice

Fig4 Gulf of Bothnia SAR sea ice image segmentation results

(c) The proposed algorithm (d) Ground-trut

of segmentation results

Open ice Fast ice

Table 2 Segmentation accuracy comparisons of the experimental and sectional Baffin Bay SAR sea ice image

Region-based MRF the The proposed method of Region-based MRF of The proposed method of

Resolution . .
overall accuracy rate/% the overall ccuracy rate/% Kappa coefficient Kappa coeffient
882 x 1730 73.84 80. 64 0.7188 0.7824
Left 294 x 1730 80. 81 81.33 0.7992 0.8016
Middle 294 x 1730 89.93 92.19 0.8815 0.9087
Right 294 x 1730 88.17 90.38 0.8623 0.8863

Table 3 Segmentation accuracy comparisons of the experimental and sectional Gulf of Bothnia SAR sea ice image

Region-based MRF the The proposed method of the Region-based MRF of The proposed method of

Resolution . .
overall accuracy rate/% overall ccuracy rate/% Kappa coefficient Kappa coeffient

615 x 938 78. 60 86.83 0.7637 0.8502

Left 205 x 938 92.06 93.61 0.9082 0.9228

Middle 205 x 938 93.72 95.50 0.9144 0.9313

Right 205 x 938 85.82 85.88 0.8471 0.8478

region-based MRF s

egmentation results ( Fig. 3( b) ) showed more ambiguity espe—

For Baffin Bay SAR sea ice image

cially the section on the right. But the proposed method ( Fig. 3
(¢)) in these areas can achieve better edge location and region—
al consistency. For Gulf of Bothnia SAR sea ice image the hom—
ogeneous sea ice pixels in the segmented image by our algorithm
are more concentrated than the segmented image by region-based
MRF method. In our segmented image the area of the same
kind of sea ice has better connectedness and less isolated pixels
than r egion-based MRFs. Besides the segmentation of the im—
age by our algorithm is most likely to the ground truth especially
in left and middle sections. The result is the same to Table 2 and
Table 3.

Therefore the proposed algorithm in this paper by the inte—
gration of incident angle effect according to correction step can
effectively smooth the sea ice pixels intensity values and im-

proves the segmentation accuracy. However with the increase of

(C)1994-2021 China Academic Journal Electronic Publishing House. All rights reserved.

incident angle range the improved amplitude decreased.

5 CONCLUSION AND PROSPECT

Wide swath ( eg. ScanSAR technique) is a common opera—
tional sea ice monitoring mode. A major obstacle with ScanSAR
sea ice image interpretation is incidence angle effect. The p
roposed method integrates incident angle effect correction into
the regional growth iterative from the pixel to the region and to
the large—scale area. The efficiency of the proposed method has
been demonstrated on the segmentation of Baffin Bay ScanSAR
sea ice image and Gulf of Bothnia ScanSAR sea ice image
where the segmentation accuracy has been substantially improved
in contrast to area-hased MRF algorithm. Therefore the pro—
posed method is suitable for unsupervised lowdevel classification
tasks of ScanSAR sea ice images.

In addition the optimal coefficients a, and m, as class—

http://www.cnki.net
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scale features achieved by the first combination of iteration re—
flect v arying tendency of the same ice class along range direc—
tion. Some studies have shown that this trend ( incidence angle
effect ) is related to ice classes. Therefore in future studies

we will validate the effectiveness of these features for enhancing
the recognition capabilities of various types of sea ice in the high

level classification.
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APPENDIX A

To neutralize the global transformation effect of the correc—

7)) and (a)

mean value y'(j) we introduce the mean-preserving condition as

tion component ( m") “'(j) with respect to the

Yo = 3 (O ) D @70 ) (A

To satisfy the above conditions the additive factor mean

value is set to 0.
d(a) () =0 (A2)
fa

Thus the multlphcatlve factor should satlsfy

D) = 2y (m) () (A3)

jef2 e
From Eq. ( A2) and Eq. (7) we obtain

~

2 o
D ( S /71’(/) -0 ( A4)
e\~ c,
From Eq. (8) and Eq. ( A3) we obtain

200 = 2

jen Je

y'(J
)
First in order to solve Eq. ( A4)

(3l Z e B0 -0 <0 ()

jee \ = FE )

when a,#0 and ¢, #0 now g =1 2 and we have Eq. ( A7) .
D (ji"-b) =0 (A7)

jen

(;m ) (AS)

a, is set to neutral value 0

which yields Eq. ( A8)
1 p
b= g 2 (48)
je2

where S = Zbl S is the amount of pixels belong to &2 in y'(j) .
i€

Similarly the m, is set to neutral value 1

d, = ()i 3y (A9)

jeQ je2
In order to ensure the polynomial coefficients of the same change
can produce equivalent intensity changes we normalized pro—

cessing parameters

1 - Jj'-d,
[ rfo q = 1 AIO
S /Z,l i (A10)
which yields Eq. ( Al1)
1 NIEYE
e, =52 1Y) -d) | (Al1)
Mojen
Similarly we can obtian
¢, = lg S b, (A12)
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