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Probabilistic Winner-Take-All Segmentation of Images
with Application to Ship Detection

Hossam Osman and Steven D. Blostein

Abstract—A recent neural clustering scheme called “probabilistic
winner-take-all (PWTA)” is applied to image segmentation. It is demon-
strated that PWTA avoids underutilization of clusters by adapting the
form of the cluster-conditional probability density function as clustering
proceeds. A modification to PWTA is introduced so as to explicitly utilize
the spatial continuity of image regions and thus improve the PWTA seg-
mentation performance. The effectiveness of PWTA is then demonstrated
through the segmentation of airborne synthetic aperture radar (SAR)

modification is to utilize in clustering an estimate of the clusaer
priori probabilities, determined at each image pixel, and thus generate
a tendency to assign neighboring pixels to the same image segment.
Experimental results are presented. The application selected is that of
segmenting airborne synthetic aperture radar (SAR) imagery of ocean
surfaces so as to detect ship signatures. This SAR ship detection ap-
plication is of significant industrial relevance and has received recent
attention [13]-[17]. It is a challenging application, since SAR images
are degraded by the presence of speckle. Speckle adversely affects the
assumption that feature vectors extracted from one image class would
cluster together in feature space. The validity of this assumption
is crucial for the success of utilizing any clustering technique in

images of ocean surfaces so as to detect ship signatures, where an approacinage segmentation. Moreover, for this particular SAR ship detection

is proposed to find a suitable value for the number of clusters required for
this application. Results show that PWTA gives high segmentation quality
and significantly outperforms four other segmentation techniques, namely,
1) K-means, 2) maximum likelihood (ML), 3) backpropagation network

(BPN), and 4) histogram thresholding.

Index Terms—Atrtificial neural networks, cluster analysis, image segmen-
tation, SAR imagery, target detection.

. INTRODUCTION

Image segmentation, for our purposes, is defined as the partition
of image pixels into different segments with each segment bei

application, the patterns to be detected, the ships, usually occupy small
image regions and thus the occurrence of the cluster underutilization
problem would result in poor detection performance [18]. Previous
work [13]-[16] tends to rely on heuristic steps and ad hoc parameters
and the development of a general robust algorithm for the application
of detecting ships in SAR images is still a subject of active research.
Here, it should be mentioned that preliminary experimental results for
the PWTA segmentation of SAR images that were preprocessed for
speckle removal have been reported in [18] and [19].

This paper is organized as follows: Section Il justifies and enhances
the PWTA applicability to image segmentation. Section Il utilizes
Fﬁ\é\/TA in the SAR ship detection application and compares its
H&rformance to that of four other segmentation techniques, namely

perceptually homogeneous. Clustering-based methods of imagel) &'-means;

segmentation have demonstrated success [1]-[4]. Among clustering?) ML;

techniques that have been successfully utilized in image segmentation3) backpropagation network (BPN);
K-means [5] and maximum likelihood (ML) [5] have received much 4) histogram thresholding.
attention [1]-[4]. Their popularity generally stems from their relative

simplicity and low computational cost, especially when compared
simulated annealing-based procedures [6]-[Bkmeans and ML,

tdl. PROBABILISTIC WINNER-TAKE-ALL SEGMENTATION OF IMAGES

Consider employing PWTA to partition an image into K dif-

on the other hand, frequently suffer from the cluster underutilizatiqgrent segments. The image in question is raster scanned on a

problem [9]-[12]. This problem occurs when one or more cluste
are rarely adapted or are dominated by single data samples and

they do not contribute to modeling the data. Recently, Osman anuLj _

xel-by-pixel basis and at each pixel position ardimensional

dture vectox = (21, x0,---,2,)" is extracted. This yields a set

= {x',x?,---,x"} of L feature vectors, wherg is the number

Fahmy [12] ha\_/e developed a novel neural cI_ustering_scr_leme Cal!ﬁqmage pixels and théh feature vector is denoted by. PWTA is
probabilistic winner-take-all (PWTA).” PWTA is adaptive in naturéy, o appjied to subgroup the vectorsih into K different clusters.

and retains, to a large extent, the simplicity and low computationélnce clustering is complete, i is assigned to thgth cluster,C",

cost of bothK'-means and ML. A detailed comparison of the PWTApen the image pixel at whick’

complexity to the complexity of botli-means and ML has been
provided in [12].

This paper investigates employing PWTA in image segmentatio

It demonstrates that PWTA avoids underutilization of clusters

adapting the form of the cluster-conditional probability density fun(b'onstitute the vector;

tion as clustering proceeds. The paper also introduces a modificatmg feature vectors i},
to PWTA so as to explicitly utilize the spatial continuity of image; _ | ... j
regions and thus improve the PWTA segmentation performance. ﬁé}?el
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was extracted will be assigned
to the jth image segment. Assume that clustét has a knowna
priori probability P(C?) and has an axes-aligned elliptical Gaussian
nsity with unknown mean vectati; = (1m 1, mjz,---,m;,)" and
nknown diagonal covariance matx; whose diagonal components
= (01,042, ++,0,,)". Then, clustering
is reduced to estimatingn; ando; for
, . PWTA estimates these unknowns by iterating a
ayer neural network throudh, until insignificant variation in
the estimated values is observed. A PWTA network is shown in Fig. 1,
yhere the features extracted at each pixel position are taken as the
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Fig. 1. K-unit PWTA network for image segmentation. Once clustering is
complete the shaded, center pixel of the input window is assigned to one of
the K segments.

function using [12] 0.00 , , :
Y w2 m 00 10 20 3.0 4.0 5.0
( 1) _ Hj @5 H 1 Deviation from Cluster Mean
m(1+ pj)N; i VK . . . .
- , Fig. 2. PWTA cluster density function versus the deviation from the cluster
i (Lf — mmf —Ny/2 mean for different values of the confidence paraméfer The vertical axis is
x [ 1+ A+ )N, - P ] (1) scaled by the standard deviation and the horizontal axis is measured in terms of
i) ik standard deviation units.

where the parameter; reflects the confidence in the value wf; as

the true unknown value, the parameféy reflects the confidence in Thus, given input’, the clusters by evaluating their posterior prob-
the value ofs; as the true unknown value, and is defined by abilities compete for being assigned this feature vector and only the
probabilistically chosen cluster, the winner, is awarded by learning this

: T{0.5N ] LT N )
o; e # (2) vector. Once insignificant variation in the estimated values of all means
T{0.5(N; — 1)} - ; - .
and variances is observed, each feature vector is then assigned to one
with T'{-} being the Gamma function. After evaluating (1) for all clusof the I” clusters using
ters,' thejth cIu_ster computes tha posteriori probability of x* be- X €C;, if Aj(x) > An(x),
longing to it using i o
k=1,---,K, k#ji=1,---,L. (20)
i a;(x")P(C7) . : :
A = . (3) It should be mentioned that for an asymptotically large number of it-

K
Z P(CF) erations, it has been proved that ik cluster density,; (x) becomes
— Gaussian with meam; and diagonal variances;., where if the dis-
tribution of the input data is identifiable, the estimated valuaagfind
Letg denote a randomly generated number that is uniformly d|str|but(3_d are identical to the true values [12]. PWTA possesses similar at-

between 0 and 1, thed! is assigned to cluster if tractive properties in comparison to clustering techniquds aseans
(=1 ‘ ¢ ‘ [5] and ML [5] that have been successfully employed in image seg-
Z A;(x')<g < Z Aj;(x"). (4) mentation [1]-[4]. PWTA retains, to a large extent, the simplicity and
j=1 j=1 low computational cost of both’-means and ML. Like ML, it adapts

A that at thish iterai . ianed to clust&’. Then th both means and variances of clusters. Therefore, relatiy&-toeans
ssumethata lteration x IS assigned to cluster-. then, e, pare only means of clusters are adapted, PWTA gives rise to a better

parameters of“ are adapted using [12] modeling of the input distribution. PWTA, on the other hand, avoids un-
pe(l —Dme(I— 1)+ x° derutilization of clusters which is frequently encountered when either
m(l) = 1+ pe(l=1) () K-meansorMLis employed [9]-[12]. The problem of underutilization
(D) = pe(l = 1) +'1 (6) of cll_Jsters occurs when one or more clusters are rarely adapte_d or are
No(l - 1) 1 dominated by single data samples, and thus they do not contribute to
ou(l) = WJU«U -1+ W modeling the data. Obviously, a mechanism that is provided by PWTA
o )+ o )+ to avoid this problem is the probabilistic, rather than deterministic, se-
« M(” — mer(l — 1))2 lection of the cluster to be adapted. Thus, for each input presentation,
L pe(l=1) ‘ all clusters have a chance to learn, and the cluster with the highest prob-
k=1,m ) ability of winning is not necessarily chosen as the winner. Originally
Ne(l)=Ne(1-1)+1 (8) [12], it has been thought that this is the only mechanism provided by
0.5(N,(I—-1)—1) PWTA to refrain from underutilization of clusters. However, in the fol-

oc(l) = de(1—1) : ©) lowing subsection, a second mechanism is demonstrated. This will be
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followed by introducing a modification to PWTA to enhance its appli
cability to image segmentation.

A. Avoiding Underutilization of Clusters

Using PWTA, the activation function of thgh network unitg ; (x),
corresponds to thgth cluster-conditional density function and is com-
puted using (1). From (6) and (8), it follows tha is related toN;
through

i = Nj = N;(0) + p;(0) (11)
wherey;(0) and N;(0) are the initial values of:; and NV;, respec-

tively. Thus, in view of (1) and (2);(x) can be seen as a function of
x, N;, m; anda;, i.e.,

= f(x,N;,m;,0;). 12 ' ) . ) . ) .
a;(x) = f(x, Nj, m;, ;) (12) Fig. 3. Synthetic and real airborne SAR images representing ship targets in

Since N; is incremented by 1 each time théh cluster wins, it is open-ocean scenes.

directly proportional to the number of times thth cluster was the o
winner. Thus, PWTA introduces a parameter to the cluster density furld1€ locally-estimated priori probabilities,”(C”|x"), are then substi-
tion that is dependent upon the winning count. Fig. 2 pigts) versus  tuted into (13) to compute theeposterioriprobabilities of all clusters.
the deviation from the cluster mean for increasing values'pfas-  This way, a tendency to assign neighboring pixels to the same image
sumingx is one-dimensional. The vertical axis is scaled by the staf€gment is generated. Two remarks are in order here. First, initially,
dard deviation,/z; and the horizontal axis is measured in terms gi/nen not all feature vectors are yet assigned to cluster;(@V'|x)
standard deviation units. As shown, s increases, the probability of &€ Set tol/ K. Second, a tradeoff exists in choosing the size of the
the jth cluster winning the competition for inputs sufficiently far fromWindow used for estimating’(C”|x); the smaller the window size the
its mean decreases. The one dimension assumption is not restricigger the utilization of the spatial continuity of image regions, but the
since in view of (1), (x) is the outcome of multiplying one-dimen- I_ess accurate the es_tlmate of mprlo_rl probabilities. F_or th(_e appllca-
sional densities. Thus, PWTA changes the form of the cluster dengi§n Presented in this paper, experimental observations indicated that
function during clustering such that if a cluster learns frequently, tf¢ndow sizes in the vicinity of 10 times the numberaopriori proba-
probability of it learning an input feature vector that is sufficiently faPilities provided a good tradeoff and yielded results of similar quality.
from its mean decreases. This gives the other clusters a better chandB i€ next section, the performance of PWTA is compared to that of
learning this input vector. It should be mentioned that this mechanigtH1€r techniques in the application of segmenting SAR images of ocean
for avoiding underutilization of clusters can be viewed as an implemedHrfaces so as to detect ship signatures.
tation of Grossberg'’s conscience principle [10]. However, in contrast to
a recently-developed clustering technique called “frequency sensitive [ll. SHIP DETECTION APPLICATION
competitive learning (FSCL)" [11], PWTA implements Grossberg’s \ye employ the PWTA as modified in Section I1-B to partition the
conscience principle without making any assumptions about the digehorne SAR images shown in Fig. 3 into two or more segments so as
tribution of the input data. to detect ship signatures. Each of these images has<582 pixels.
Ship detection is performed by segmenting each image and then de-
termining the ship segment, the segment where most of ship pixels are
K-means, ML, and even PWTA do not make explicit use of the spassigned. The bottom image in Fig. 3 is a real SAR image. The top
tial continuity of image regions. Usage of spatial continuity is crucidhree are synthetic images that were produced by immersing simulated
for accurate segmentation, particularly when the underlying imag84R images of different ship signatures [20] in real SAR open-ocean
have a “salt-and-pepper” appearance as those speckled images iprages. Synthetic images were used to allow a quantitative measure of
duced in a wide variety of important applications including SAR angerformance. They were generated using SAR parameters identical to
laser radar. PWTA, as described above, assumes thgthiwustera those used for the real ocean background and they serve as representa-
priori probability, P(C7), has a known value that is independent ofive prototypes for different ship-pixels-to-ocean-pixels ratios. Before
feature vectox. A variation to PWTA to make it explicitly utilize the employing PWTA, the number of clusters, must be selected. In the
spatial continuity of image regions is to replaBéC”) by one that is literature of cluster analysis, this problem is referred to as the cluster
x-dependent and that has to be estimated as clustering proceeds. T¥aliglation problem [4]. The method we propose here for solving this
let the jth clustera priori probability, now, be denoted bif(C’|x) problem for the particular application at hand is described in the next

B. Exploiting Spatial Continuity of Images

and rewrite (3) as subsection.
A () = a;(x')P(CY|x") (13) A Selecting Number of Clusters
j = .
i a(x7) P(C*|xi) Since each pixel in the images of Fig. 3 is either that of a ship or

an ocean background, it may be expected that two clusters should be
employed, one for each image class. However, due to the presence of
Then, for givenx’, before computing the posteriori probabilities speckle and underwater structures, the number of clusters needed to
using (13), a window of size x p is centered on the pixel where model the feature vectors extracted from the images of Fig. 3 may not

the vectorx® was extracted anf?(C7|x’) is estimated ag; /(p x p), necessarily be 2. Speckle adversely affects the assumption that feature
whereyp; is the number of feature vectors that were extracted at pixalsctors extracted from one image class would cluster together in feature
within this window and that are currently assigned to fkie cluster. space. In this application, the number of clusters should be selected not

k=1
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to best fit the underlying data distribution as typically done [4], but t ::t o “ 71'1" _&‘HF-,_#‘:;'H ;,:ﬂ* Lo r?'-F.J
yield an image segment that has as many ship pixels and as few oc}*; g s A '&; b el # it
pixels as possible. Consequently, the selectioR’ a&hould be directly e T aﬂ.- i ?4 7 8 ;i g 1

linked to the approach used for the determination of the ship segm — : -

The approach we propose here for determining this segment is ba'.ged

. L . 0{3 4. PWTA segmentation of the top image of Fig. 3 into five segments. Each
on the conjecture that the similarity among clusters correspondingdGe five segments is identified by a different gray level. Notice that most of

ocean segments is much higher than the similarity between those cttis-ship pixels are assigned to one segment.

ters and the cluster corresponding to the ship segment. In other words,

it is conjectured that among all clusters, the cluster corresponding to TABLE |

ship pixels should be the most distinguishable. This conjecture is not PWTA DETECTION RESULTS FOR THETOP

restricted to this particular application. For any application where arlMAGE OF FIG. 3 FOR DIFFERENTNUMBER OF CLUSTERS ABD: AVERAGE

. . L . R . BHATTACHARYYA DISTANCE OF THE CLUSTER CORRESPONDING TO THE
image segment of interest is immersed into an image background, it perectep Saip PIXELS, MSP: MISCLASSIFIED SHIP PIXELS, MOP:
may be conjectured that the similarity among clusters correspondingliscLassIFIEDOCEAN PIXELS, TMP: TOTAL MISCLASSIFIEDPIXELS, TSP:
to the image background is much higher than the similarity betwe8@TAL SHIP PIXELS. As REPORTED FIVE CLUSTERSY IELDED BOTH THE BEST
those clusters and the cluster corresponding to the image segment of DETECTION RESULTS AND THEHIGHEST ABD

interest. The similarities between clus@t, j = 1,-- -, K, and each

and every other cluster are computed using the Bhattacharyya distance
[21] as follows:

Number of | ABD | 100 x | 100 x [ 100 x
Clusters %’I‘-gg 71\14\-%513 ITI-\q/IPB
2 1.04 0.5 49.5 50.0
1.85 14 16.9 18.3
2.25 1.9 14.0 15.9
2.60 2.7 11.3 14.0
2.55 3.3 11.2 14.5
2.37 4.0 11.0 15.0
2.29 4.5 10.9 154
2.31 4.7 10.9 15.6

1 X+ X
+yuf| 2| viETE

k=1, K. k#j. (14)

W00~ O U W

The Bhattacharyya distance is selected as the distribution similarity
measure since relative to many other measures, it offers a reasonablg ibed i ion II-B d then ioriorobabilit ¢
compromise between simplicity and accuracy [21]. Thus, after corS describedin Section II-B, and then tposterioriprobabilities o

puting the average Bhattacharyya distance for each cluster using all clusygrs: were computed ysing (13). The winning cluster. was then
probabilistically chosen and its parameters were updated using [5]-[9].

1 = . i After one epoch, where the presentation of all vectors iimmarks the
B; = K—-1 Z Bjk, jg=1,-, K (15) end of an epoch, insignificant variation in the means and variances of
k=1, ks all clusters was observed. Each feature vector was then assigned to a
the ship segment is selected as the segment corresponding to clugtester using (10). If feature vectaf was assigned to clustét’, the
Cs, where corresponding image pixel was assigned to fhieimage segment.
Finally, the ship segment was determined as described in Section llI-A.
B, = jmax B;. (16)  Fig. 4 shows, as an example, the PWTA segmentation of the top image
o of Fig. 3 into five segments. Table | reports the PWTA detection
Based on this approach for determining the ship segment, in our @erformance for the same image for different numbers of clusters. The
periments, A" was varied between 2 and 9 in increments of 1 and the/erage Bhattacharyya distance for the cluster that corresponded to
value selected for performance evaluation was the one that yielded the detected ship pixels is also reported in this table. As shown, there
highest value foi3;. In the next subsection, the implementation detailg a positive correlation between the distance value and detection per-
and results for the PWTA utilization in the SAR ship detection applformance; the higher the value, the better the detection rate. It should

cation are given. be emphasized that misclassification implies ship pixels detected as
_ o ocean pixels or vice versa. The PWTA detection of ship pixels for all
B. PWTA Detection of Ship Pixels images of Fig. 3 is shown in Fig. 5. Visual inspection of Figs. 3 and

For each image in Fig. 3, the s&f was generated by rasterd indicates detection performance of good similar quality for both
Scanning the image using a3 3 window, and then row-ordering Synthetic and real images. The detection results when PWTA as in
the gray levels of the window pixels, at each window position, into 2] assumeda priori probabilities that were equal and independent
9-dimensional feature vector. Thus, as in Fig. 1, the features extrac@dhe input feature space are shown in Fig. 6. To save space, Fig. 6
at each image pixel were the texture information included within ghows only the detection performance for two of the images of Fig. 3.
3 x 3 window. Experimental observations indicated that for goo'ahese two images were selected because they serve as representative
performance, a small-size window was needed so as to match Bigtotypes for different ship-pixels-to-ocean-pixels ratios. Clearly,
small sizes of the collected ship signatures. A PWTA network as tHa@king explicit usage of the spatial continuity of ship patterns and
of Fig. 1 was initialized. The means of all units were setifodata ©0cean background, through the utilization of locally-estimatedori
samples randomly selected frofa. All data were assumed to haveprobabilities, greatly enhanced the detection performance. In the next
a covariance matrix given b§I, wherel is the identity matrix. The Subsection, the PWTA performance is compared to that of four other
variances was estimated from the data and, then, dividedibyto —Segmentation techniques.
yield an initial variance for all units. The parametgrsand N; were . i
initialized to 1 and 2, respectively, where from (2); must be greater C: Comparative Analysis of Performance
than 1. Also, using (2),;(0) = I'{1.0}/T{0.5} = 0.5. After initial- K-means [5], ML [5], BPN [22], and histogram thresholding were
ization, the PWTA network was iterated throug@h. For each input also used to segment the top three images in Fig. 3 so as to detect ship
vector, the cluster density functions were evaluated using (1)athepixels. As previously mentioned, these three images are synthetic and
priori probabilities were estimated at the corresponding pixel positidhus they allow a quantitative comparison of performarcemeans
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Fig. 5. PWTA detection of ship pixels for the images of Fig. 3 using all steng
of Section IlI-A and Section IlI-B, including finding the number of clusters,
K, that yields the highest average Bhattacharyya distance for the cluster that
corresponds to the detected ship pixels.

Fig. 6. Detection of ship pixels for the first and third images of Fig. 3 using
the original PWTA in [12].

was implemented using a winner-take-all (WTA) network [9] that had
the same network layout shown in Fig. 1. ML assumed axes-aligned el-
liptical Gaussian clusters and was implemented using a MLSC network
[23] that also had the same layout shown in Fig. 1. When the number
of clusters was greater than four, balh-means and ML frequently
encountered the problem of underutilization of clusters, identifiable
by the appearance of one-vector clusters, and thus yielded poor seg=
mentation performance. Bofki-means and ML took advantage of the
spatial continuity of image regions through the same approach intro-
duced for PWTA in Section II-B and their performances were greatly
enhanced. BPN was a three-layer network that classified each image
pixel as being either a ship pixel or an ocean pixel. It had nine input
units and two output units. The input units corresponded to the fea-
tures extracted within a & 3 window as done above. The number of
hidden units was varied between 2 and 16 in increments of 2. For each
number of hidden units, BPN was iteratively trained using a training
set of size 2000. The number of hidden units that yielded the best clas-
sification accuracy on a validation set of the same size was selected
for performance evaluation. The two image classes were represented
equally in both the training and validation sets. It is worth mentioning
that as in case of PWTA, all of the above techniques needed only onee
epoch to converge. As for histogram thresholding, it was applied as in
[24] after de-speckling the SAR images using the local-statistics noise
filtering algorithm in [25]. A direct application of histogram thresh-
olding would certainly fail, since due to the presence of speckle the
images in Fig. 3 have unimodal histograms. Fig. 7 shows, as an ex-¢
ample, the pixels of the top image of Fig. 3 that were detected as ship
pixels in case of using each of the above techniques, whereas Table |
quantitatively compares the performance of these techniques to that of
PWTA. Inspecting Table Il demonstrates the following:

Fig. 7.
e detection of the ship pixels of the top image of Fig. 3.

UsingK -means, ML, BPN, and thresholding, from top to bottom, in

PWTA significantly outperformed all other techniques when the
overall detection accuracy is considered, and it gave an average
value of 87.53%. PWTA still performed relatively well when the
percentages of misclassified ship pixels and misclassified ocean
pixels were examined separately.

K -means recorded the highest percentage of misclassified ship
pixels. This is owing to the presence of speckle and the fact that
K -means only adapts a first-order statistic of a cluster [5]. Since
K -means minimizes the sum of the squared Euclidean distances
between each and every feature vector and the vector’s nearest
cluster mean, it favored the image class with the larger number
of feature vectors and, hence, the number of misclassified ship
pixels was larger than the number of misclassified ocean pixels.
The only supervised segmentation technique utilized, BPN, gave
the worst detection performance. This is due to not taking ad-
vantage of the continuity of image regions. Since the two image
classes were represented equally in the used training and valida-
tion sets and since the number of ocean pixels was much larger
than the number of ship pixels, the number of misclassified ocean
pixels was larger than the number of misclassified ship pixels.
ML gave the next worst detection performance. This may be at-
tributed to the fact that ML adapts all clusters for each input
presentation [5]. Experimental observations demonstrated that
adapting all clusters seems to lower cluster discrimination. Low
cluster discrimination implies that many of the feature vectors
that correspond to one image class were clustered with those
corresponding to another. Since the number of ocean pixels was
much larger than the number of ship pixels, the number of mis-
classified ocean pixels was larger than the number of misclassi-
fied ship pixels. It is worth remembering that for a given input,
PWTA only adapts the winning cluster. Experimental observa-
tions indeed demonstrated that PWTA gave, for the cluster corre-
sponded to the detected ship segment, an average Bhattacharyya
distance that is significantly higher than that given using ML.
Histogram thresholding after de-speckling the SAR images
yielded a relatively large number of misclassified ship as
well as ocean pixels. This is attributed to the fact that it is a
one-dimensional clustering approach that does not utilize texture
information and only extracts one feature at each pixel position.
Except for PWTA, all techniques recorded very poor detection
performance when applied to Image 3, the third image of Fig. 3,
which is characterized by low ship-pixels-to-ocean-pixels ratio.
For Image 1 and Image 2, ML and BPN still performed poorly,
and the best three performances were obtained using PWTA,
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TABLE I
DETECTION RESULTS FOR THETOP THREE IMAGES OF FIG. 3. MSP: MSCLASSIFIED SHIP PIXELS, MOP: MISCLASSIFIED OCEAN
PIXELS, TMP: TOTAL MISCLASSIFIED PIXELS, TSP: TOTAL SHIP PIXELS

Approach Image 1 Image 2 Image 3
100 x | 100 x | 100 x [ 100 x | 100 x | 100 x [ 100 x | 100 x | 100 x
MSP | MOP | TMP | MSP | MOP | TMP | MSP | MOP | TMP

PWTA 2.7 11.3 14.0 2.0 9.7 11.7 2.3 9.5 11.8
K-Means 11.3 6.5 17.8 10.8 10.5 21.3 39.0 | 1648.5 | 1687.5
ML 2.8 39.7 | 425 2.5 69.5 72.0 3.1 11196.6 | 1199.7
BPN 1.9 83.3 85.2 1.5 99.1 | 100.6 2.7] 6049 607.6

Thresholding 5.3 17.2 22.5 4.6 19.2 23.8 1.1 | 8314.8 | 8315.9

K-means, and then thresholding. For each of Image 1 and[7] E. Rignot and R. Chellappa, “Segmentation of polarimetric synthetic
Image 2, let TSP denote the total number of ship pixels and let ~ aperture radar data|EEE Trans. Image Processingol. 1, no. 3, pp.
TMP denote the total number of misclassified pixels. Alsoclet 281-300, 1992.

8] Y.-F. Wong and E. C. Posner, “A new clustering algorithm applicable
denote the average TMP/TSP calculated over the performance£ to multispectral and polarimetric SAR image$ZEE Trans. Geosci.
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