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SEGMENTATION OF SYNTHETIC APERTURE RADAR (SAR)
IMAGES OF OCEAN SURFACE BY THE TEXTURE ENERGY
TRANSFORM METHOD

Introduction

Texture analysis is an Important aspect of image classifi~ation
and segmentation tasks. It is fundamental to some appllications such
as meta! surface analysl!ls, radiographic diagnosis, ldentiflcation of
different terrains In aerla! photographs, Isclating special regions
In natural scenes, etc.. The sublect has been studied quite
extensively [1]. Different statistica! approaches have been employed
t0o evaluate quantitative feature measures from Image pixel! data for
texture characterizat!on. ODespite the Ingenious |deas used and the
success accomplished In classlifying the Images chosen in the previous
researches, most texture analysis apprcaches stii! have | imltations.
They were applied to a |imited categories of Images and may not work
well in genera!. All of them require tedius time-consuming machine

processing.

Recently, Laws [2] Introduced a datfferent kind of approach to
texture measures which he called the texture energy transform. I n
thls approach, texture features are evaluated in a spatial-

statistical! sequence of small mask convolutions fo!lowed by mov:ing

Manuscnipt approved Apnl 21. 1988,
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window averaging. The resuits are cliosely rejated to the degree of
match between the pixel neighbourhoods and the set of chosen masks.
In addition to possessing an intuitive physical reasoning |In the
formulation, these features are also simpier to compute. Applicati(on
of this approach to textyre classification ylelded better results
than other standard techniques based on second order gray level
statistics (2,31]. It can alsoc be made |nvariant to changes In
luminance, contrast, and rotation without the use of histogram

equal ization or other preprocessing.

In this report, we present the results of texture segmentation
of SAR images of ocean surface using this new technigue. It is a
continuation of the task reported previocusly where simliar images
were classifled by the gray-tone co-~-occurrence matrix approach [4].
The previous resuits obtained are not as good as we had hoped for
which prompted the search for a different processing method. Qur
objective of mapping the Image Into two Xinds of reglons
differentlated by the presence and absence of pixel streak patterns
has been successful. Physically speaking, this separation process
ldentifies the areas of ocean surface where signlficant difference

existed In terms Of surface wind patterns and wave structures.

Texture Energy Transform Aporoach

The processing sequence of the texture energy transform approach
to Image segmentation is outiined in Fligure 1. The operation steos
involved are shown In the upper part of the fligure with the

assoclated frames oOf data attached beiow. A more detailled
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e —




description of the first two steps Is shown !n Flgure 2.

F ] energy E |[data C |classifierl M
—_—> —— l—
| transform | compression ‘

(a) Operation sequence

\

N
. AN
e
e

: : CD;
. //__
il B

(b) Image frame sequence

Fig. 1. Texture energy transform approach.

The original Image,!, Is first flltered by a set of micro-fi ter

convoliution masks with integer elements to generate the set of F

plane Images. The pixel data Iin an F plane image Is a function of
the original Image and the chosen fliter. They can assume negat ve
As well as positive values. These fii%ered mages are o ane “rames

of data In the processing sequence and may not represent reccgn:zabie
images. The filtered F piane images are then processed by
evaluating statistics of data within a scanning macro-w!ncdow ang

assigning the result to the center cixel to produce the = siane




images. This is a continuous region-to~point transformation
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image acquires 4 number descriptive of its

In the original Image.

The size of the

convolution mask Is chosen to be comparabl!e to that of the typlcai

texture primitives of the original Image. The macro-window should

have a size appropriate to cover one kind of texture region most of

the time and two kinds of regions along the boundary of region

separation. It Is chosen sO that the statistics evailuated wi !

reveal the dlfference when

These statistics are more representative of

than typlical frequency

with short coherence

required processing time,
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taken to compress them Into a smai! number of principal component C
plane images which stil! carry enough discriminating information.
This can be achieved by using the Hotelling transform which picks out

the orthogona! Iimage components with the largest varltance [5].

The texture energy plane images or the principal component plane
Iimages are the Input to the classiflier which assign each pixel the
proper texture (abel to produce the final segmented image M.
Classification IS simple |f texture classes are known and training
samples are avallable. Clustering and segmentation algorithms must
be used in addltion to that of the classification algorithm if

texture ciasses are unknown and have to be Iidentified.

Exper imenta! Methods

In the first step of the texture processing, the oritginal image
is flltered by a set of convolution masks. These masks are
constructed as two dimensional matrix multiplication of the | !near
masks shown In Figure 3. These | Inear masks are called Lattice
Aperture waveform Sets of order three, five and seven. The names of
the vectors are mnemonics for l|evel, edge, spot, wave, ripple,
undulatlion, and oscillation. All of them are symmetrically weighted
toward their center. Except for the level vectors, tne sum of all
the elements In each equates to zero. L!near vectors of .ength three
form the basis since the longer ones can be cerlived in terms of these

three through repeated ! Inear convolutlon.

Figure 4 shows the nine sguares fl!ter masks generated Dy the




three | inear vectors of length three. Any 3 by 3 mask can be

~ L3 = ( 1, 2, 1)
E3 = (-1, 0O, 1)
S3 = (-1, 2,-1)

S6 = ‘-1, 0, 2, 0,-1)

ES = (-1,-2, 0, 2, 1)

E7 = (-1,-4, =5, c. 5, 4, 1)
S7 = (-1,-2, 1, 4, 1,-2,-1)
W7 = (-1, O, 3, O, =3, 0, 1)
R7 = ( 1,-2, -1, 4, -1,-2, 1)

07 = (-1, 6,-15, 20,-15, 6,-1)

FiIg. 3. Center-weighted mask filters.

expressed as a unique |inear combination of them. The names of these
masks attached underneath are colined by the names of the two | inear
vectors constlituting the column and row vectors of the corresponaing
matrix of the mask. S by 5 and 7 by 7 as well| as non-square
rectangular masks can be formed in a similar fashion. Fligure 5 shows
four 5 by 5 masks which were found to be most usefu! In the

exper imental! work done by Laws (2]. The structure of these masks as
the matrix product of the eisments o (,e basis set helps co simpl ¢y

the algorithm and reduce the computation time in the step of




convoiut!ion filter processing.

12 1 -1 9 1 1 ‘-1 2 -1 |. .
2 4 2 -2 0 2 ‘ l-2 4 -2
12 1 -1 o0 1 | =-1 2 -1
L3L3 L3E3 L3S3
-1 =2 -1 1 0 -1 1 -2
0O 0 © 0O 0 © 0O 0 O
1 2 -1 0 1 -1 2 -1
E3L3 E3E3 E3S3
-1 =2 -1 1 0 -1 1 -2 1
2 4 2 -2 0 2 -2 4 =2
-1 -2 -1 1 0 -1 1 -2 1
S3L3 ) S3€E3 $3S3

Filg. 4. 3 by 3 center-weighted mask flliters.

Each mask fllter has a unique combination of elements.
Convolution wiit produce a plane of positive or negative numbers or
larger magnitude |f the spatial plilxel cata variation of the origina.
image, i, matches cliosely that of the mask. A homogeneous image
reglion which shows no textural sIructure, or a textural reg:on wnose
spatial structure differs from that of the mask will resuit n
smal'!er numbers. The data in the F piane Image reveals the gegree of
textyrai siml.arity petween the mask and the corresponding mmediacte

vicinlty In image . Pixels located within dilfferent textural




primitives 'n iinage ! will have numerical values of different levels
In plane. Hence, the transformation from | to F provides a
-1 -4 -8 -4 -1 1 -4 8 -4 1
-2 -8 -12 -8 =2 | -4 16 -24 186 -4
0 0 0 o) 0 6 -24 36 -24 8
2 8 12 8 2 -4 16 -24 16 -4
1 4 6 4 1 1 -4 6 -4 1
ESLS RS5R5
| -1 o 2 o - -1 o 2 o -
I-Z 0 4 o =2 -4 0 8 o -4
0 o 0 0 o) -6 0 12 o -6
2 o -4 0 2 -4 o) 8 o -4
1 o =2 0 1 -1 0 2 o -~
E5S5 L5S5

Fig. §. 5 by 5 center-weighted mask fliters.

separation step among different texture primitives. The pattern ana
the steepness in separation among the texture primitives vary among

the different masks.

Familiar statistics sucnh as mean, varlance, standard geviation.
Tange, max.mum, MIiNIMUN, sSKe2wness, Kurtosis, and etc. can 2e chosen
as the texture feature representation In the macro-w!nNndow process i ng
of 7 piane mages to gjenerate £ piane images. Laws conc '!uded N onNs
study that variance or standard deviat!on alone 1s sufrficient 1N

extracting the necessary Information. I f all mask fiiters chosen .n




the convolutlon process have zero sum elements, the F pliane image is
essentially a zero mean pixel fleld. Varlance |Is an average of
squared deviation from the mean. With a vanishing mean value, tne
var lance becomes the average of the squared pixel values within the
macro-window. in this sense, each pixel’'s value Iin E plane image s
an energy measure of |ts macro-wlindow neighbourhcod in the F plane.
To simpllify the caiculation and still maintain esentially the same
statistica! meaning, the average of the absolute values wlithin the
macro-window was chosen as the statistic and Its value is assigned to

the center pixel of the window (n the £ plane Image.

For each selection of the mask and statistic combination, there
Is one feature measure of the texture. Since the choice of the
statistic is a fixed one, the number of masks chosen determines the
number of features to be computed and the number of E plane images tco
be generated. The discriminating power of a feature is judged by the
F-ratlo statistic calculated from the avaltablie training sample image

data by the folicwing formula from [8],

F=(variance of Inter-cliass sampie means)/(combined

intra-class variance)

A good choice of feature will generate values witn small var ance
from texture samples of the same type and significantly different
mean values of sampies of different types. Better cholces of
features wlilil produce higher F-ratio statist!cs. The statistica.
meaning of the F-ratio also depends upon the number of the samp!es

involveg, The comparison of these ratlios has to be made on equal




number of samples to yleld accurate judgement. With many choices of
features available for characterization of dlfferences among the
textural categories, the proper combination of them to generate tne
best accuracy of dliscrimation can be obtalned through dliscriminant
analysis under certaln statistlical criterla [(2,7]. !'n the procedure
of segmenting an Image, the feature vector composed of chosen feature
elements evaluated for each pixel's neighbourhocd I|Is compared with
the feature vectors evaluated by the same formulas from Known
tralning samples of each class. A pixel Is classified as belonging
to the class whose centrold vector has the least distance separation

from the feature vector evalyated In Its vigcinity.

Exper imental Resuits and Discusslons

Flgures 6a,7a,and 8a show the Images which we w!sh to segment
using the texture energy transform method. These are sub-images
obtained during the SIR-B mission on October 11, 1984. Each one has
a slze of 512 by 512 pixels. The area covered is ocutside the U.S.
east coast with the center geographic location around 37 degree north

and 74 degree west. By carefully examining these Iimages, we can

realize that there are two kinds of textures present. First, the
pixel variatlions Indicate directlional streak patterns. In other kina
of texture, the pixel variation seems homogeneousliy random. The

appearance of these two textures Indicates the difference In the

radar back-scattering characteristics from aglfferent areas of ocean
surface. Our Image segmentation cobjective is to separate these two
texturai areas where contrasting surface meteoroliogical conait:cns

existed when the image was recorded.




According to Laws' research, 5 by 5 masks were more power ful
than the 3 by 3 masks, and much simpler to process than 7 by 7 masks.
By detalled comparison, we found that the-5 by 5 mask Is big enough
to cover an essentlal part of a typlical texture primitive In these
Images. We chose to try the masks shown In Fligure 5 first. Four
training samplies with size of 64 by 64 pixels of streak areas and

non-streak areas were |ocated In each Image.

Since there are only two classes of texture to be separated, the
complicated discriminant analysis is not necessary in this problem.
Each five by five mask was convolved with each of the
training sampies and the average of absolute values of the
convolution was then computed. There are small dlfferences between
these two Kinds of textures and the results are not much better than
what had been achleved using the co-~occurrence matrix method [4].
However, mask filters E5S5LS and L5S5 did proddce consistently more
difference than the other two fliters. ESLS is a horizontatl edge
mask and L5SS is a vertical !ine detector. This fact Indicates that
the edge and |ine detector masks can separate Image regions with
streaks and without streaks more effectively than masks whi.ch
dlscover textural detail in other aspects. Attentlion was shifted
toward finding the best possible line detector masks which are zero-
sum and made of simple Integer components. -udgement w~as mace =n
tests done wlth the training sampies of each image. The most
power ful masks found this way are shown in Figures 8, 'O, and '!' fcr
*he images !n :'gqures Sa, 7a, and 3a respecti!vely “he +<wo masks

shown in sach fligure are a 30 degree transpose Of e2acn other. 2ne of




SAR ocean surface Iimage and lts segmentation map.
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Both were utilized simultanecusiy as tne

direction of the streaks can be random.

Applying these pairs of

filters to the corresponding training samples and taking the sum oOf

the two average absolute values

piots.

Two thresho!d

levels for each

and non-streak textures as wel |

In each case yields two-point scatter

image to separate the sireak

as a transition region were




determined. Static thresnoid levels chosen this way were
incorporated Into the process to classify the corresponding whole

image. -

Starting at the upper ieft corner, the mask filters In Figures
9, 10, and 11 were scanned pixel by pixel to compute convoliution
through the whole image. A moving macro-window of size 33 by 33
pixels was chosen so that there (s a precisely deflned center
location. The macro-window s aiso scanned pixel by plixel through
the Image. At each position In the scanning process, the sum of the
average apsoiute vaiues of the convolutiona! results of the two
perpendicular masks within the window was taken. This sum Is then
adjusted to el iminate the influence due to the difference in the mean
pixel vaiue within the window at each poslition in the original image.
This adjusted sum |s compared wlth the two threshold levels to
determine the center pixel‘s classl!ification. Segmentation results
are shown In Flgures 6b, 7b, ana 8b for the images in Flgures 8a, 7a,
and 8a respectively. Pseudo colors are used for cilariflication.
Green color |s assigned to the streak textural reglions and the blue
color |s assigned to the non-streak textural regions. The transiticn
reglons are cyan. Sixteen pixels around the edge could not be
classifled and are colored red. The threshold leveis are adjustable.
The threshold level chosen for streaked regions of Figure 6 was more
stringent. As a conseguence, less area was classified as sireaked
region in Filgure 6 as compared to those In the other two images. The
lower left corner of Figure 6 was not accurately classtflied because
the original pixei data there was incomplete. The size of the macro-

window can be varied, but its optimum sl|ze may not be easy to find.
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In some parts of these Images the perception does change somewhat as
the window sizZe varies or as the average pixel intenslity within the
wlndow varies. However , careful scrutiny of the corresponding
images shows that these results do present accurate maps which

separate the two kinds of textures.

Conclusions

The textuyre energy transform (s the latest method developed for
texture analysis of !mages. It |s based on a spatlal-statistical
approach In which texture features are determined by the degree of
match between pixel neighbourhood of the image and a set of chosen
mask flliters. The method |s conceptually simple and consumes |ess
computation time than most other established texture classiflcation
techniques. It was applled to segmentation of synthetlic aperture
radar (SAR) Images of ocean surface Into regions with and without
directional streaks. Excellent results were obtalned. However , the
set of masks incorporated Iin the analysls, which worked well, are
masks detecting |ines ana edges rather than the standard set
originally proposed to discover essentially al! possible spatial
variations. This fact Indicates that the textural difference beitween
the regions with and without streaks are subtl!er than we anticipated.
The distinction can be recognized without much difficulty with naked
eyes but It may not be easy to establish by algorithms based on
various conventional texture discriminating methods. Since both the
co-occurrence matrix method and the texture energy transform methcd
produced the same level of difference In feature measures between tne

two kinds of the tralining samoles, we belleve they are a'most equa! 'y
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power ful In texture analyslis. For the SAR ocean surface |mages we
trled to segment, |t appears more efflclent to search for the

eox|stence of |ines or edges rather than for twe dlfferent kinds of
textures. it Is unflkeiy that any other powerful texture analysis
method will be able to discern these two reglions in terms of clear

cut texture dissimlilarity.

The sizZe of the micro-fllter masks and the macreo-winaow for
texture energy evaluation are determined iIndividuaily for each task
under Investigation to match the Intrinsic spatial texture varlations
and each textural! reglion’s typical extent of coverage. The masks
suggested by Laws [2] cover a very general case in which many kinds
of drastically different textures are involved. Laws masks are
derived by a two dimensional matrix multiplication of two I lnear
vectors which are obtained from sequence of convolutions with three
vectors of length three. Choice of these masks can simpllfy the mask
convolution calculation and save processing time. The optimum
combination of masks which make the set for the feature vector
components can be determined through F-ratio statistic test and
discriminant anatysis with the training sampies. For simpler
problems with fewer classes of textures to segment, |ike the one
studied In this report, one or two feature measures which yield
Clearly different range of values among different classes may be
enough and the F-ratio test Is not necessary. Proper workabtie masks
can be found by trial and error and the textural identlification can
be done with threshold l|level separation instead of the comp! cated

statistical classifications.
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