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Abstract

This paper presents an efficient algorithm that the syn aperture radar
(SAR) image into several homogeneous regions mbini W and region-based
information. A multi-direction ratio edge detec is use capture the locally
directional variation information of a SAR m@s and t the ratio edge strength
map (RESM) of the SAR image. trans Ion is performed on the
thresholded RESM to obtain an over-s |on e An efficient hierarchical region
merging procedure based on the r adja ph representation of the image
regions is proposed. A novel di SI ty measur t between the two adjacent regions
is derived from the multlpu%/' 0|seos e model of the multi-look SAR image.
Experimental results and th for uatlon show that the proposed method
outperforms two Wldely U@SAR |mag& entation approaches.

Keywords: S aper adar (SAR), Image segmentation, Watershed
transformation, adjace h (RAG)

1. Introd

In recent decade
used in many ap
solution at any&i

etic aperture radar (SAR) imaging systems have been widely
ns, such as remote sensing [1,2]. These systems offer a high image
of the day in all weather conditions. However, the speckle noise of
the mag%fys em [3] renders the images grainy and severely deteriorates the
perfor SAR image automatic interpretation. SAR image segmentation [4,5] is
crucémw levels of SAR image automatic interpretation; such segmentation provides
j on on the structures in an image by partitioning the image into a number of
%geneous regions. To reduce the speckle noise in SAR image segmentation, a large
effort has been made using some statistical properties of the image.

'Edge-based SAR image segmentation methods have been proposed to identify the
transitions between homogeneous areas using a ratio edge detector [6]. Within this
community, thresholding and morphological operations are applied to obtain single-pixel-
wide and closed contours. However, this technique is still far from obtaining satisfactory
segmentation results.
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Region-based SAR image segmentation methods identify directly the regions using the
predefined homogeneity criteria. These methods first partition a given image into a set of
homogeneous over-segmented regions and then merge the similar adjacent regions to
create new large regions [7,8]. Region growing [9,10] and region split-and-merge
techniques [11-13] are widely used to over-segment an image into homogeneous
primitive regions. The former is a bottom-up method that iteratively merges pixels into
sets growing from the initial selected seed set [9]. The segmentation results produced by
the region growing method have an inherent dependency on the selection of initial seed
points [14] and the design of regional growing criteria [7]. On the contrary, the region
split-and-merge approach first partitions a given image into initial homogeneous regions
using a top-down strategy, which iteratively divides a rectangular region into four sub-
rectangular regions until no heterogeneous region is evident within the image. A region
merging procedure is then adopted to fuse the similar adjacent regions. The boundaries of
the regions in the image achieved by this method are composed of long horizo an
vertical segments. The split-and-merge approach is also sensitive to the definit e

and region information have been proposed [15]. A unif methods
consists of two stages. The first stage involves over-se atjon, {'g w a simple and

efficient initial partition method is used to obtain -Segment esults of a SAR
image. The second stage involves region mergi ich i merges the most

region homogeneity test [11,12].
To obtain improved segmentation results, many combinatipn metho%(@ng edge
i théSe

similar two adjacent regions in the initial over-segmentation results until a predefined
terminate condition is met. The core of th %ﬁn mergi chnique is the design of
dissimilarity measures between two adj regions. Some dissimilarity measures are
deduced from minimizing an energy (@bjéetive) f [16], whereas others are based
on the moments estimated from theﬂ data Nthe present study, a dissimilarity
measurement of two adjacent r. g@ induced the multiplicative noise model of a

multi-look SAR image. .

An efficient SAR image segimentati hm is proposed in this study. Watershed
transformation [18] and(fatio edge §etegtor are used to obtain the over-segmentation
results of a SAR imagg” region gnergihg technique is also utilized with a novel region
merging criterionﬁ%‘] uce fin mentation results. A novel region merging criterion
is proposed ba the pr d<new dissimilarity measurement induced from the

multiplicatj modelgmu ti-look SAR image and a boundary-length penalty term.

Segmentati ults ar ented by the region adjacency graph (RAG), [15] which is
an undirected graph, nodes identify regions of the segmentation results and edges

determine neighbarl tions between regions.

The rest of@paper is organized as follows. Section 2 describes the image
segmentation preblem and then proposes the skeleton of the segmentation algorithm.
Section 3\§wsses the initial partition results obtained using a multi-directional ratio
edge :@ and watershed transformation. Section 4 focuses on the design of the

issifnifarity measurement of a pair of adjacent regions and the bottom-up hierarchical
erging method. Section 5 presents the segmentation results on synthetic and real
images and reports a performance evaluation of the proposed segmentation
algorithm. Finally, Section 6 ends with the conclusion.

2. Problem Formulation and Algorithm Skeleton

Assume that an image | consists of N =N,xN, pixels: IZ{I(X’y)l(X’y)ES},

S=(XY)[1<x<N,,I<y<N . .
{( )l or=sY y} denotes the discrete rectangular lattice and tessellated of

R ={Q,,r=12,,R}

R statistically independent and homogeneous regions , and each

94 Copyright © 2016 SERSC



International Journal of Smart Home
Vol. 10, No. 9 (2016)

region contains N, pixels. The region 2 s limited by a closed contour M The

R ={Q,,r=12,-,R}

tessellated region and their closed contour

R = = Y
OR" ={00,,r=12,-,R} form a segmentation of the SAR image as follows:

0 Viz J,0Q,NQ, =

2)
3)

The skeleton of the proposed segmentation algorithm mainly consists of two stages:
initial partition based on a multi-direction ratio edge detector and watershed

transformation and iterative region merging process with the proposed novel region
*

(uiR:lQi )u(uL&Qi ) =S

Vi# ),00) m@Qj 0 Regions Q; and Q; are adjacent.

merging criterion.

In the first stage of this algorithm, a multi-directional ratio edge detector to
construct the ratio edge strength map (RESM) of an image. The watershed mation
on the thresholded RESM is subsequently applied to obtain ap initial parfiti he SAR
image. The obtained initial partition is represented by R h%secon an iterative
bottom-up hierarchical region merging approach is use rate,the t3|m|Iar pair

of adjacent regions until a predefined stopping cnt@

3. Initial Partition

In this section, a multi-direction ratio Qtector [2Q]"1s applied to construct the
RESM of a SAR image. Figure 1 sh rap c@resentatlon of the edge detector

with a specific angle, which is dew yap ’% r configuration Ke= {If’W‘ 410 }

, the length, the width, the spac he f;lt nd the angle & between two orientations.

A detector with angle G flrst es @g ns on each side of the central pixel (%, y)
b

R1(X’ .0) and (x, Hane c
%

tain a ratio of the two means along the

orientation:
: y 9) )
r(x,y,0)= . ]
! ) X! 19
@y (xy.0), @
The ratio edge de ith different orientations is scanned in the image in succession

and, for each Y) , taking the minimum response over orientations yields
RESM (x,y)

RESM - —mgin{f(x, y.0)} )

Figure 1. Multi-Direction Ratio Edge Detector
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The morphological watershed transformation of the RESM is an excellent method to
extract an initial partition of a SAR image [22]. This method can be used to partition an
image into several regions that are delimited by continuous and one-pixel-wide closed
contours. The number of the partitioned regions is determined by one of the regional
minima in the RESM. From a practical point of view, most of the regional minima in the
RESM are caused by the noise in the image, and pre-processing must be conducted to
suppress these regional minima prior to the watershed transform.

The preprocessing of RESM aims to alleviate over-segmentation in homogeneous
regions, which is produced by the regional minima in the RESM. The strength of the
RESM in the homogeneous regions is lower than that along the boundaries between two
adjacent regions. Hence, the regional minima can be suppressed using a simple threshold
operator. Specifically, the regional minima are replaced by fewer zero-valued regional
minima in the thresholded RESM. The thresholded RESM is

RESM, (%)= RESM (x,y), if RESM(x,y)>T
riy)= 0, otherwise

©)
The determination of the threshold value T is dlrectlg{a%d’on th@@lstogram

estimation of the RESM

0

T =hist(n) with n= argmin m|a<2h|st

(4)
hist (i) a

where and ¢ are the global hust of the R and its percentile,
respectively.

An over-segmentation result is o@d by shed transformation [20] of the
thresholded RESM RESMr (x :E
4. Hierarchical Region gln
4.1. Dissimilarity M ent

The dissimilarj asure etween a pair of adjacent regions is deduced from the
moments of obability-density function of the SAR amplitude derived from an n-look
multiplicat oise Let & , Q, eR° be a pair of adjacent regions. The
dissimilarity measur etween these two regions can be defined as follows:

v«%Q”:@' ' x*§5D/Ji< i) ®

where g is the number of pixels in regions 2 and , respectively.

) i=12 _(4_”) ﬂ_(6_27’)

o= _
X V) , 7L 7L and L is the number of looks of
AR image.

Image segmentation is an inverse problem and is generally ill posed from a
mathematical point of view; hence, the regularization method [21] is introduced to obtain
meaningful segmentation results. In this paper, a penalty term, which is defined as the
length of the common boundary between these two adjacent regions, is added to the
v(,Q,)

dissimilarity measurement to construct the proposed region merging criterion:

(0, 0,) =0(Q,9,) + 2|0, noe ) ©)
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where 4 is a tradeoff factor between the dissimilarity measurement and common

boundary length penalty term, which is determined previously and heuristically. A is the
cardinality of the argument A,

The final segmentation result is obtained by iteratively merging the most similar
adjacent region pair in the initial over-segmentation using the region merging algorithm
with the region merging criterion (6). Once a pair of adjacent regions whose merging
criterion is lower than a certain threshold is found, the merging process is terminated.

4.2. Iterative Region Merging

The RAG is used to represent the partition results. The RAG of a R-partition R s

defined as an undirected graph,G :(V’E), where V =2 R} is a set of nodes and

E VXV s the set of edges. In the segmentation results, each region is representW’
graph node and an edge (ij)<E if regions | and ! are adjacent. Each %‘E is
assigned a weight that denotes the merging criterion between the two ad@ gions,
and the edge with the minimum weight corresponds to st simi adjacent
regions. In each iterative region merging procedure, the ith the ipfum weight is
removed from RAG G, while G is updated simultaiteoUsly. This\egtirsive algorithm
does not stop until the minimum weight is greater @ certair\s d.

Algorithm 1 is described in Figure 2, which difectly uses RAG to implement the
region merging procedure. The input of al m 14 initial over-segmentation
results of a given image, which result the wa ed transformation of the
preprocessed RESM. Based on the ov, entatio RAG is established as the data
construction of a region merging al .In % tion of the merging algorithm, a

r

scan of all the edges in set E i re@ to dete the edge with the minimum weight.
From the algorithmic point% “the sea an be implemented using the bottom-up

E||) @ring the period of region merging, all the

he edge with the minimum weight is removed

heap construction metho
edges of the RAG are
*

from the heap i - ([ ) (i.e., moving the remaining items in the heap to
satisfy a cer, '@ionship withegther items), and the corresponding nodes connected by
the edge ged, updates both the RAG and the heap. Specifically, the
minimum edge” and it d two nodes are removed from the RAG. A new node is
produced, merging adjacent regions represented by the two nodes. The new node

is added to the d linked with the nodes connected with one of the two removed
nodes. Simulta y, the weights of these new edges are updated by recalculating their

. o .. Ol|E]) .. .
region ¢ criterion, requiring (" ") time to search an item that needs to be

O(log, (|E[))

the heap and

U d@
|-tog, (IEN)) .. . : _
time is needed to update all the edges involved with the new node

produced by removing the edge with the minimum weight, where d denotes the degree of
this new node.

time for updating it. Thus, in each iteration,
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The initial RAG G, of the over-
segmentation and its corresponding
edge heap £, i=0.

—

Searching the minimum
weight edge «(s,7) inH,

Return RAGG,

Merging the pair of regions s and 7 , and
Updating the RAG G, and edge heap /,
replaced by G, and H,, , respectively.

\/
— N
Figure 2. Algorithm 1. Region Merging I@s usi%@

5. Experiments and Performance EvaIuQ \\>/

5.1. Experiments for Synthetic and Real SARNMages .

In this subsection, we illustrate the e @ ental resu Qf synthetic and real SAR
images using the proposed segmentatiop=algo thnl
In all of our experiments, the v@r

per%\?in the threshold processing of
S

RESM is equal to 0.3. The pa @ A in (6) i al to 30 for all of our experiments.
The predefined region merg'wg&rS old 0
he

In addition, we compare t ults pr, by the proposed segmentation algorithm
with those produced by t idely u image segmentation algorithms. One of the
methods is the SR&/ is based“on statistical region growing and hierarchical
merging [17], m ther is UMSIS, which uses a context-based hierarchical

unequal region ing appr tofsegment a SAR image into several homogeneous
regions [2

Syntheti es: T the proposed segmentation approach, we first present our
segmentation results thetic cartoon images with speckle noise. We simulate one-,

three-, and five-l plitude synthetic images. Each image is composed of 512x479
pixels, compri%ﬂ regions, and their contrasts of the means of adjoining regions vary

from 1.2 to E.S e Figure 3).
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(k)

Figure 3. S ation of Synthetic Images. (a) Synthetic Cartoon Image
[18] (512x omposed of 37 Regions with Different Contrasts Varying
fro to 8.5; (b) ground truth of (a); (c), (g), and (k) are Simulated
One- e-, and Five-look Amplitude SAR Images, Respectively; (d), (h)
a e the Final Segmentation Results using the SRG; (e), (i), and (m)

Final Segmentation Results Produced by the CHUMSIS; (f), (j), and
(k) Are the Final Segmentation Results Produced by the Proposed
Algorithm

Real SAR images: Now, we test the proposed method on real SAR images (see Figure
4).
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and (e) 400x401 Pixels are Two Real SAR es; ( f) are the Final

Segmentation Results using the SRG; (¢hand (g) ar inal Segmentation
Results using the CHUMSIS; (d) and the F@egmentaﬂon Results
produced by th posed Algorithm

D" N
5.2. Performance Evaluation & s\\

We compare the proposedq%g{ation ithm with the SRG and the CHUMSIS by
applying a set of simulated test Itages deri rom a single synthetic cartoon image (see
Figure 3(a)). The “gro ruth” ot& synthetic image is identified and is used to
evaluate the perfor of different” segmentation results produced by different

algorithms. To te% rformance~af the proposed method on a multi-look SAR image,
we develop thre@ f test i

Figure 4. Extract of a Three-Look Amplitu ma .MOMOl Pixels
th§

@ bdsed on one-, three-, and five-look. Each set consists
of 30 inde y popul images. Figures 3(c), (g), and (k) illustrate a representation
of the one-, -, and k data sets, respectively.

We evaluate the ance of the proposed method using the boundary quality
measure based boundary-based precision-recall framework [23]. The edge
localization pe@nce of the proposed segmentation method can be evaluated by the
precision-recall Tseamework [23] based on the set of simulated test images with the ground
truth. Givi detected edge map E and its corresponding ground truth GT, which are
both bi IMmages with 1’s indicating edge pixels, we can calculate the precision (P) and
reca s follows:

GT (x)-E(x) [XE(x) R=2CT(x)-E(x)/X6T(x) -

where x=(%%) is a vector that represents a coordinate on the image plane. The
precision P is the probability that the detected edge pixels are valid, and the recall R is the
probability that the ground truth edge pixels are detected (i.e., hit rate). The overall
performance measurement F-measure (F) is the weighted harmonic mean of precision and
recall with a non-negative S

F =PR/(R+(1-5)P)

i

e

X

: (8)
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where we set = 0.5, following [23].

Table 1 shows the precision, recall, and F-measure of different segmentation
algorithms on these three data sets. The ideal value of the precision and recall is 1. Thus,
larger values of the precision and recall indicate a better performance of the segmentation
algorithm. In our experiments, the recommended parameters of SRG and CHUMSIS are
used to obtain satisfying segmentation results. Table 1 reveals that the proposed method
outperforms SRG and CHUMSIS.

Table 1. Comparison of the Methods in Terms of Recall, Precision, and F-
Measure when Selecting an Optimal Threshold for the Three Data Sets

SRG CHUMSIS Proposed method

Original image

R|P|F|R|P|F|R|PI|F \/0
One-Look | 0.79 [ 0.61 | 0.69 | 0.64 | 0.77 | 0.70 | 0.95 | 0.92 | 0.9

Three-Look | 0.89 | 0.75 | 0.81 | 0.75 | 0.84 [ 0.79 | 0.98 | 0.95
Five-Look | 0.92 | 0.80 | 0.86 | 0.78 | 0.87 | 0.824] 0.98 | 0.

6. Conclusion \ﬂ

A SAR image segmentation approach using Qand r \?ased information is
proposed in this study. The initial over-seg is obeghe from the watershed
transformation of the thresholded RESM e’%ﬂ\ed by t ulti-direction ratio edge
detector. A dissimilarity measurement |sd d betwee ghboring regions based on

a multi-look multiplicative noise m ons e computational efficiency, we
develop a method that can be qui ple ng the RAG. The experiments
conducted on the synthetic an R image icate the efficiency of the proposed
algorithm compared with tw% sed.S age segmentation algorithms.

In our future work, we wil eralize del to consider the multiplicative speckle
in SAR images and onstati roperty of such images to enhance the

segmentation perform rther
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