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Texture Classification Using Logical Operators

Vidya Manian, Ramén Vasque3enior Member, IEEEand Praveen Katiyar

Abstract—In this paper, a new algorithm for texture classifica- pyramidal and tree structured wavelet transforms [9]-[12],
tion based on logical operators is presented. Operators constructed Gabor filters [13], and the Haar [14] basis functions have been
from logical building blocks are convolved with texture images. An ,qaq for multiresolution and multichannel texture classifica-
optimal set of six operators are selected based on their texture dis- . . . .
crimination ability. The responses are then converted to standard t|on/segmen_tat|on. Laws [15] proposed a simple scheme .Wh'Ch
deviation matrices computed over a sliding window. Zonal sam- Used local linear transformations and energy computation to
pling features are computed from these matrices. A feature selec- extract texture features. This simple scheme often gives good
tion process is applied and the new set of features are used for tex-results but is not consistent in performance. The statistical
ture classification. Classification of several natural and synthetic methods share one common weakness, of primarily focusing

texture images are presented demonstrating the excellent perfor- th ling bet . el inal | d
mance of the logical operator method. The computational superi- on the coupling between Image pixels on a single scale and are

ority and classification accuracy of the algorithm is demonstrated /S0 computationally intensive processes.
by comparison with other popular methods. Experiments with dif- Logical operators have been used for Boolean analysis,
ferent classifiers and feature normalization are also presented. The minimization, spectral layered network decomposition, spectral

Euclidean distance classifier is found to perform best with this algo- . . .
rithm. The algorithm involves only convolutions and simple arith- translation synthesis, image coding, cryptography and commu-

metic in the various stages which allows faster implementations. nication. Logical systems c':onsidered.in thi? work are logical
The algorithm is applicable to different types of classification prob- Hadamard transform, adding and arithmetic transforms and

lems which is demonstrated by segmentation of remote sensing im-|ogical operators such as equivalence, negation, and conjunc-
ages, compressed and reconstructed images and industrial imagesijon. A family of all essential RADIX-2 addition/subtraction
Index Terms—mage classification, logical operators, texture transforms [16] has been developed. One of it is the well known
analysis, zonal filtering. Hadamard transform, the other is called arithmetic trans-
form when applied to binary vectors. The third is the adding
transform. The arithmetic and adding transforms are based
on addition/subtraction of real numbers and are counterparts
EXTURE classification is an image processing techniqust generalized Reed Muller canonical expressions based on
by which different regions of an image are identifiednodulo-2 algebra. Fast computer implementation of these two
based on texture properties. This process plays an importgghsforms for logic design is presented in [17], and ways of
role in many industrial, biomedical and remote sensing appfeneration of forward and inverse fast transform for orthogonal
cations. Early work utilized statistical and structural methodgithmetic and adding transform have been developed [18].
for texture feature extraction [1]-[4]. Gaussian Markov randofp [19], a new algorithm for computing Hadamard transform
field (GMRF) and Gibbs distribution texture models wergs presented. For simplicity, all the above logical systems are
developed and used for texture recognition [5], [6]. POWRGjled operators in this work. Logical operators have been
spectral methods [1] using the Fourier spectrum have also beRRd recently for image compression [20]. As pointed out,
used. DCT, Walsh-Hadamard, and DHT have been used fg&t algorithms [21] are already available for implementation
recognition of two-dimensional binary patterns [7]. One of thgf these schemes. But, surprisingly their usefulness in image
major developments recently in texture segmentation has be@issification has not been exploited. This is the first paper in
the use of multiresolution and multichannel descriptions [&pen literature that applies the logical systems for applications

of the texture images. This description provides informatiasther than in logical synthesis. This work is a unique attempt
about the image contained in ever smaller regions of thethe following respects:

frequency domain, and thus provides a powerful tool for the
discrimination of similar textures. The use of scale-space-fil-
tering is equivalent to a decomposition of the image in terms
of wavelets. Several wavelet transform algorithms such as the

. INTRODUCTION

1) construction of a texture feature space using logical oper-
ators;

2) the algorithm is computationally attractive with excellent
performance over a wide variety of images.
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t o [-1]|-t]]1]]o}jfo]|-1]f0 to characterize Walsh functions, sequency is used which can be
L[ [=-t]] t]]|-1]|0]|1]]-1]|0]]O defined as sign changes per unit interval
Fig. 1. Basic operator generation matrices. seq = %(”ZC) for evennzc @)
3(nzc+1) forodd nzc

[I. LoGICAL OPERATORS .
wherenzc stands for theaumber of zero crossingSequency

The logical operators considered here are order-2 elementaggy be thought of as a generalization of frequency as it can
matrices. The building blocks for defining these matrices arelfe applied to functions whose zero-crossings may occur at ir-
1, -1, matrices of ordet x 1. The matrices can be formed byregular intervals and which may be aperiodic. The definition
defining the following operations on these basic building blocksf sequency can be modified to include the discrete functions.
This process of generation of order-2 matrices and operati@secifically, if the number of sign changes of a discrete function
have been described in [16]. is defined ag/2 whenk is even andk + 1)/2 whenk is odd.

A row-wise join (RWJ) or concatenation of a matriA of The choice of ordering depends on the particular applica-
ordern x m and a matrix5 of ordern x m is the partitioned tion. However, only the Hadamard—Walsh matrix [24] has the
matrix of order 2n x m, such that its firsta rows are exactly recursive Kronecker product structure, and for this reason it is
the same as the rows of matrikand the rows from, +1t02n  preferred over other possible variants of the Walsh transforms,
belong to matrixB. When this operation is applied to the abovéike Walsh—Karczmarz, Radamacher—Walsh, and Walsh—Paley
orderl x 1 matrices for all possible concatenations, there ateansforms. The WHT is based on a complete orthonormal set
nine different matrices of ord@rx 1, which are shown in Fig. 1. of rectangular functions known as Walsh functions. Its order-8

A column-wise joifCWJ) or concatenation of a matrikof  matrix is given by
ordern x m and a matrixB of ordern x m is the partitioned
matrix of ordern x 2m, such that its firsk columns are exactly Sequency
the same as the columns of mattikand the columns from

n + 1 to 2n belong to matrixB. When this operation is applied r 1 1 1 1 1 1 17 107
to the order2 x 1 matrices shown in Fig. 1, for all possible -1 1 -1 1 -1 1 -1
concatenations, there are 81 different matrices of o2der2, 1 -1 -1 1 1 -1 -1

some of which are shown in Fig. 2.

Generation of Higher Order MatricesThe Walsh functions Hs =
in Hadamard order are generated when the standard Kronecker
product of the elementary Hadamard matHx is performed 1 -1 -1 -1 -1 1 1
with itself. Similarly, the arithmetic and adding operator ma- 1 -1 -1 1 -1 1 1 -1
trices of higher orders are obtained by successive application of ©)
the Kronecker product to the core matrices shown in Fig. 2(b)
and (c). When all these elementary matrices are denoted by thg) Arithmetic Operator: In many of the applications of the
same symboD, then higher order matrices are given by arithmetic operatofAR), the values of only some spectral coef-

ficients are needed. An efficient way [25] has been developed for

-1 -1 1 1 -1 -1 1
1 1 1 -1 -1 -1 -1
-1 1 -1 -1 1 -1 1

e T = T = T = S Sy s
TN O WO

Oy = (0) (1) calculating the transform, which has the ability to evaluate only
h some chosen spectral coefficients. Its order-8 matrix is given by
where
n  exponent means the application of the Kronecker r1 o0 0 0 0 0 0 07
productn times; -1 10 0O 0 0 00
N order of the transform matrix; -1 0 1 0 0 0 00
o O e A A R AT
1) Logical Hadamard Operator:The logical Hadamard op- _1 L 0 0 -1 1 0o
erator is nothing but the Walsh Hadamard transform (WHT) re- - -
ferred to in the literature [22]. Walsh functions and transforms 1 (1) _1 (1) —1 (1) 1 (1)

[23] are important analytical tools for signal processing and
have wide applications in digital communications, digitalimage 3) Adding Operator: Just like Arithmetic operator, Adding
processing, statistical analysis as well as in digital logic d%‘perator(AD) can also be expanded to higher order matrix

sign. Because Walsh transforms are binary related, their gengjgng Kronecker expansion. Its order-8 matrix is given by
tion and implementation is fairly simple. Global Walsh function

generators have been built that produce three different ordered 1 0 0 00 0 0 07

outputs, that is, natural (known as Hadamard), strict sequency 110 0 0 0 0 O

(known as Walsh or Walsh—Karczmarz), and dyadic (known as 1 01 00O0O0O

Paley). These three Walsh transforms are symmetric, i.e., the AD« — 111 1 00 00 )
inverse transform for each of these is the same as the forward 5711 00 010 0 0

transform with the accuracy to a constant coefficient. Besides 110 01 1 00

these three symmetric Walsh transform there exists a nonsym- 101 01010

metric one, known as Radamacher—Walsh transform. In order 1 1 1 1 1 1 1 1]
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Fig. 2. Examples of generated operators (a) Hadamard, (b) adding, (c) arithmetic, (d) equivalence, (e) conjunction, and (f) disjunction.

4) Equivalence Operator & The equivalence operator x [ Y| xey | x™y | xvy i
[20] is true if x andy have identical values as shown in Fig. 3.

5) Conjunction Operator A”:  The conjunction of: andy, f|f t f f t
x Ay, is true ifx andy are both true and is false otherwise. The f|t f f t t
conjunction operation is the same as the “AND” operation. It is P " f f n T
a Boolean function of two arguments T " " " -

Ofe, y) =z Ay
Fig. 3. Equivalence, conjunction, disjunction, and negation operations.

z\y 0 1 z\y 0 1
I1l. TEXTURE ANALYSIS AND CLASSIFICAION WITH LOGICAL
0 010 0 ON OPERATORS
1 0 1 1 The operators described in Section Il can be exploited for

0 0

their characteristic to relate texture elements or primitives in a
0 )]

(6) logical context. Their ability to extract texture features and the

where CN = [
algorithm for texture classification are presented below.

Conjunction operator [20], although not orthogonal, has been
included because of its unique characteristic of retaining the
original coefficients. If there is any information in the original The operator masks are first convolved with texture regions
image that can be used undistorted or before being transformed, @®)

then it can be exploited through this operator.
6) Disjunction Operator ¥": The disjunction ofr andy, , . . . :
vy, is false ifz andy are both false and is true otherwise. Thé/hereZ” is the image function an@ is one of the set of logical
disjunction operation is the same as the “OR.” Disjunction [2@Perators. The response of the texture images to the six opera-
is a Boolean function of two arguments: tors given in (8) is used to compute a standard deviation matrix
using a sliding window

Texture Analysis

G(u, v) = F(u, v) * O(u, v)

D(z,y)=zVy

SD(u, v)
1 w w
z\y 0 1 z\y 0 1 — W{ Z Z
0 0 1 0 DN 1/2
1 1 1 1 x [G(u+m, v+n)—M (u+m, v+n)] } 9)
here DN = 0 1 7
where DNV =1, |- (") whereW x W is the size of the scanning window which is

5 x 5 and it slides pixel by pixelM is the mean value of
7) Negation Operator 1":  The negation [20] ofr, ]z, is the window. The center pixel is assigned the standard deviation
false if z is true, and true ifr is false. Negation operation per-value. In order to avoid loosing boundary information the im-
forms the function of a “NOT.” The equivalence, conjunctionages are padded with zeros on all sides. Twelve images from
disjunction and negation operators are summarized in Fig. 3the Brodatz album [26] with typical texture characteristics are
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Fig. 4. Texture samples (a) coarseness, (b) contrast, (c) randomness, and (d)
texture element size.

used (see Fig. 4). The operators in Fig. 2 are convolved with the
texture samples of siz&l x 64, as per (8) which constitutes a

filtering operation. The standard deviation matrix for each op- ©
erator response is computed as in (9), which can be seen as a )
smoothing operation. Definéto be: o 2 ——-d105
06 X ——d16
N1 N 04 Jagebnr e 4103
1 .,
V(A= —— i 10 02 —¥—d74
( ) NlNQ 21: 21: |a’ J| ( ) o —

. . . Equivalence operators
forany N1 x Ny matrix A, (10) is a scaling of the vectdér norm
()}

e =¢(SD(u, v)). (11)

Fig. 5. Operator response plots.

RN

O,: Hadamard O,: Adding  Os: Arithmetic

B

O,: Equivalence Os: Conjunction Og: Disjunction

From the scaled; norm values the properties of the operators

can be examined. It is known that the Hadamard operators have

good energy compaction properties. It can also be verified that [1 1 }
they yield maximum discrimination for coarse and fine textures L -1
as can be seen from the values of (11) [see Fig. 5(a)] for the four
Hadamard operators (H1-H4) for textures d28 and d29 [shown
on left and right of Fig. 4(a)]. The values have been normalized,
1 represents maximum coarseness. The adding and arithmetic 10
operators (AD1-AD5 and AR1-AR9) extract contrast proper- [o 1}
ties from the textures with a value close to 1 for high contrast
textures. High and low contrast textures d21 and d38 are shown
in the left and right of Fig. 4(b), respectively. The corresponding
values are plotted in Fig. 5(b) which shows that highest separa-
tion is obtained with operators AD1 and AR5. The conjunction
and disjunction operators (CN1-CN2 and DN1-DNZ2) extradtl6 shown in left top and bottom of Fig. 4(d)] and lesser values
randomness information from the texture and have higher valdes larger texture structures [textures d103 and d74 shown in
close to 1 for irregular or random textures [d4 and d9 shown fight top and bottom of Fig. 4(d)]. The graph in Fig. 5(d) shows
right top and bottom of Fig. 4(c)], and lesser values for regulanaximum discrimination with the equivalence operator EQS3.
and periodic textures [d6 and d34 shown in left top and bottoNone of the operators considered here capture directionality.
of Fig. 4(c)]. As seen from the plot in Fig. 5(c), CN1 and DNFrom this analysis, one operator from each class of logical op-
operators yield maximum separability. The equivalence opegrator that gives the maximum separability among textures is
tors (EQ1-EQ3) perform an averaging operation over the techosen as the most powerful among the rest. The final set of six
tured image, and give a cue of the size of the texture elemeperators (H2, AD1, AR5, EQ3, CN1, and DN1) is shown in
yielding higher values for smaller elements [textures d105 afdy. 6.

Fig. 6. Selected operators for texture classification.



MANIAN et al: TEXTURE CLASSIFICATION USING LOGICAL OPERATORS 1697

T INIE where the ring maskz,, = {(u, v): u, v integer p; <
R FHE plu.v) < pa)
RERINERIDIN W AR
bbb L2 I8 Circular feature:
(a) (b
) Yi= 3 SD(u, ), (15)
Fig. 7. (a) French canvas texture sample andS(B) matrix. (u, v)ECH,
_ o where circular mask®,,, = {(u, v): u, v integer p; <
B. Algorithm for Texture Classification p(u, v) < pa}
1) Feature Extraction ProcessThe texture samples are con- ¢ _
volved with the operators as in (8). The standard deviation macctor feature:
trix for each response is computed as in (9). All the operators are
of size2 x 2, which is adequate in generating an efficient fea- Yy = Z SD(u, v), (16)
ture space. Features are extracted by zonal-filtering using zonal (u,2)€Crme

masks [15], [27] which are applied to the standard deviation ma- ]

trix, SD(u, v), wherel <« < Ny andl < v < N, Ny and where S, = {(u, v): u, v Integer 61 s § < 62} These

N, are the number of rows and columns in the matrix [Noté_eatures can be computed with different sizes of masks and they
SD(u, v) represents the transformed domain and not the frm a feature vector” for samples from each texture class.
guency domain]. A sample texture and #& matrix for the 2) Normalization of FeaturesNormalization of feature
spectively. The zonal mask, also called zonal filter, is a Simp%:pemally when distance classifiers are used. Normalization
slit/mask or an aperture (see Fig. 8). A combination of an afilso reduces the number of computations at the classification
gular slit with a bandlimited low-pass, band-pass or high-pa8§ge- Let the length of the feature veciorbe L, Y is the
filter can be used for yielding good discriminating features fdtormalized resulting vectot, is the index forY’, such that
periodic or quasiperiodic textures. Masks are sets of integérss L then different types of normalization strategies are as
that are used to extract features from the standard deviation figlmarized in Table .

trix. 3) Feature Selection:A combination of two criteria, the dis-
tance between the means of each feature and the measure of
Horizontal slit feature standard deviation are used to quantify the separation between

classes. IfM] is the mean and is the standard deviation of the
features in the training matrix, the sum of the distances of each

Yi= Z SD(u, v) (12 feature fromi ando is computed as
(u,v)EH
where the horizontal slit masK,,, = {(, v): «, v integer Dp = Z Yij—M; a7
U Su<lUy <1<v< Ny J
) _ where
Vertical slit feature: i feature index:
L number of features;
Yy = Z SD(u, v) (13) J class index;
(1, 0)EVim J total number of texture classes.

The standard deviation value for each feature is computed as

where the vertical slit mask;,, = {(u, v): u, v integer 1 <

w < Ni; Vi £ v £ Va} If 2 andy are defined as 1 )
¢+ dv; y = a+ bu, where or, = FZ(YU—MJ . (18)
No+1 2 N1 =
TN, -1 TN, TN -1 Values computed from (17)—(18) are sorted in ascending order
2 and the features corresponding to the first half of the sequence
and b =— N -1 are selected as the best overall set of features as shown in Fig. 9.

These measures are referred to as measures of separability
Then, p and ¢ are in polar coordinates and are dewhich implies the ease with which patterns can be correctly
fined as p(u,v) = (a+bv)?+(c+du)®> and associated with their classes by means of statistical pattern
tan 6(u, v) = ((a + bu)/(c + dv)) classification.
4) Classification: Both the parametric and nonparametric
classifiers are used in the experiments. The Bayes classifier,
Euclidean, and Mahalanobis distance measures are used.
Y3 = Z SD(u, v) (14) K-Nearest Neighbor (k-NN), and “leave-one-out” classification
(u, V)€ Rom, methods have been used [28]. The different classifier measures

Ring feature:
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Fig. 8. Zonal masks (a) horizontal mask, (b) vertical mask, (c) ring mask, and (d) sector mask.

TABLE | a training data set is used to train or design a classifier and
NORMALIZATION another testing data set is used to test the classifier. There are
more options if this process can be repeated several times. In

Tope ! f=y—- Vi leave-one-out classification, one sample is excluded and the
Type 2 7o Y-E) classifier is designed on the remainidg — 1 samples each

Y"Y time, and the excluded sample is tested by the classifier. This
Type 3 V=g Vi classifier involves heavy computational costs.

EIYI
Type 4 }7=L Vi (same as Type 1 in this context) IV. EXPERIMENTAL RESULTS

This section presents experiments that test the recognition
capability of the algorithm and compares its performance with
other methods. The effect of important parameters such as type

the feature set of texturg The Bayes classifier is the optimaIOf nor:jnallzanon of features and type of classifier are also dis-
case, where the features are assumed to have a GausStnco:
density function. The maximum likelihood rule is obtained\ |assification Using Brodatz Textures

from the Bayes classifier [29] when no useful information is ) e
provided for P(w;) which is the probability of occurrence of The complete algorithm for texture discrimination is shown

classw;. When all class covariances are equal, the term 1 Fig. 9. Itis used to classify textures from the Brodatz album.

|C;| in the maximum likelihood estimate is not discriminating'l'hirty—three different textures are used in this experiment. Each

and hence ignored. This results in the Mahalanobis distarlB#9€ IS Of Siz&56 x 256 pixels scanned at 300 dpi resolution
classifier [29]. As this is advantageous and faster over tMith 256 gray levels. The experimental setup is described below.

maximum likelihood classifier, it is used here. In cases where * Training Phase
the covariance estimate is not accurate, a classifier that depends 1) One-hundred twenty-eight training samples each of

are summarized in Table IC; is the covariance matrix for

only on the mean positions of the texture classes can be used. size64 x 64 are extracted using overlapping blocks
This is the case of the minimum Euclidean distance classifier from each texture image. This size is chosen based
where the training data is used only to determine the class on texture structure.

means; classification is performed by placing the unknown 2) One sample is convolved with the logical Hadamard
feature vector in the class of the nearest mean. In the k-NN case operator.

the unknown sample is classified by assigning it the label most 3) The standard deviation matrix is computed on the

frequently represented among the k nearest samples. Generally, convolution response.
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Convo'lutlon Computation of
Logical SD matrices
Operator Set
—_—>
0, : SD,
—_— '
_—>
0, SD,,
Unknown samples
Classified Sample/
Segmented image
< Classifier
Training, Classification
Fig. 9. Algorithm for texture classification.
TABLE I

CLASSIFIER MEASURES

2. Mahalanobis distance:

4. k-Nearest Neighbor:
5. Leave one out:

1. Bayes : d(x) =lnP(w])——;—lnlcj‘—%[(x—mJ)TCI"(x—m,)]

4,0 ={x~m Y (x-m,)}

Q 2
3. Minimum Euclidean distance: d;(x)= Z(Xq —m, )
g=1

P(w, | x)if k — nearest neighbors of x are labeled w;

)
d (x) = ¥ |x—x,_,| where Nis the total number of test samples
g=1

4) Zonal filtering masks are applied to the standard
deviation matrices and features are computed.

5) Steps 2—-4 are repeated for the adding, arithmetic,
equivalence, conjunction and disjunction operators.

6) Steps 2-5 are repeated for the fixed number of
training samples (128 in this case).

7) Steps 1-6 are repeated for the 33 classes of textures.

» Classification Phase

8) A texture sample from the first textured image
which is to be classified is selected.

9) Test feature vector is computed as in steps 2-5.

10) The feature vector is normalized.

11) Feature space reduction algorithm is applied.

12) Aclassifier is used to identify the unknown sample.

13) Steps 8-12 are repeated for 128 distinct testing
samples taken from a set of 33 testing images dif-
ferent from the training images.

Application of
zonal masks

ZF,,

—_— |,

ZF,

LN

ZF

—t M.N

M —number of operators

N —number of zonal features

Feature
Reduction

ZF,,

e

ZF

M.l

ZF,

Lg

ZF,

Mg

|
|

q — number of reduced features

TABLE 1l
BEST CLASSIFICATION RESULTS FORINDIVIDUAL TEXTURES
Texture ID | Texture PCC Norm- Classifier
Name alization Used
Type

D-9%4 Brick 100 4 k-NN

D-101 Cane 97 4 k-NN

D-36 Skin 100 4 k-NN

D-84 Raffia 72 4 k-NN

D-56 Strawmat 98 4 Euclidean
D-22 Skin 100 4 Euclidean
D-28 Sand 100 4 Euclidean
D9 Grass 100 4 Euclidean
D-37 Water 100 4 Euclidean
D-4 Cork 100 4 Euclidean
D-57 Paper 100 4 Euclidean
D-50 Raffia-2 100 4 Euclidean
D-20 Canvas 100 4 Euclidean
D-6 Wire 100 4 Euclidean
D-105 Cloth-1 100 4 Euclidean
D-24 Leather 100 4 Euclidean
D-68 Wood 100 4 Euclidean
D-77 Canvas 100 2 Euclidean
D-16 Weave 100 2 Euclidean
D-15 Straw 89 2 Euclidean
D-90 Clouds 100 4 Euclidean
D-74 Coffee 73 4 Euclidean
D-93 Fur 100 4 Euclidean
D-34 Netting 100 4 Euclidean
D-65 Rattan 84 4 Euclidean
D-53 Cloth-2 100 4 Euclidean
D-82 Cloth-3 86 0 Euclidean
D-52 Cloth-4 81 0 Euclidean
D-19 Wool 97 0 Euclidean
D-78 Cloth-5 95 4 Euclidean
D-103 Burlap 100 4 Euclidean
D-12 Bark 100 4 Euclidean
D-79 Cloth-6 92 4 Euclidean

1699

The above steps of the experiment has been repeated bydaforrect classification (PCC) for each texture are tabulated in
plying each of the four types of normalizations, and classificdable 11l. One—hundred twenty-eight training samples and 128
tion has been done with five different classifiers. The number tésting samples are used; 100% PCC is obtained with all training
features selected on an average is nine. The best normalizatamples. The results in Table 11l show PCC for the testing sam-
type and the best classifier along with the average percentajes.
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B. Comparison with Other Methods TABLE IV
COMPARISON WITH SGLDM, FPS,TWT, LAWSAND GABOR METHODS

In order to significantly establish the superiority of the

|ogica| Operator method, its performance is Compared Wi Textured Image % Correct Classification (PCC) results with different classifiers
. . . . Mosaic of six Brodat Logical SGLDM FPS Wavelet | LAWS Gabor
the most popular techniques in texture classification from tl Textures with Toxtre | Transform algorithm dgorith
i i 1 ID’s
wide spectrum of methods available. The spatial gray level c TV e  wrr 5 = & = =
pendence method (SGLDM) or co-occurrence matrix methc pzsioms3sis057 % 84 75 62 84 70
: _ D-90/74/93/34/65/53 88 64 56 62 47 67
Fourier power spectrum method, tree-structured wavelet trai === e o % % = b =
form method, Laws texture features and Gabor method & 52s/5/57724/4/38 99 67 56 65 77 63
H e e D-103/105/12/78/79/82 90 77 56 58 58 59
used. The SGLDM estimates the second-order joint conditior &, ipec =3 o = = = =

probability density functionsf (¢, j|d,8), § = 0°, 45°, 907,
135, written in matrix form and are called co-occurrence

matrices. Haralick proposed [3] 14 statistical features that can
be computed from these matrices. Although SGLDM has been

TABLE V
COMPARISON OFDIFFERENT CLASSIFIERS

proven to perform well for texture classification, the selectio ~ Textured Image % Correct Classification (PCC) results with different
. . . classifiers
of the approprlate @stance between pIX9|S and angle fOfli Mosaic of six Brodatz | k-nearest | Euclidean | Leave- Bayes Mahalanobis
co-occurrence matrix computatlon poses a problem and it Textures with Texture | neighbor | Distance | one-out | Classifier | Classifier
. . . . ID’s classifier | classifier | classifier
also computationally intensive. The Fourier spectrum meth 5oysingsaioss | o 5 5 o =
has not performed well even in earlier comparisons [1], [2]. Tt D-22/28/9/38/4/57 99 100 100 79 88
F . H H D-28/20/9/38/50/57 96 99 96 84 96
stausycal Fourier features of average magnitude, maximu gz 5 5 o = =
magnitude, energy and features using the zonal masks use D-77/4716/15/24/9 94 97 96 75 82
_ D-90/74/93/34/65/53 88 93 87 74 79
[1], [2] are computed. In the tree-structured wavelet transfor SR IS % 5 = = o
(TWT) method, the texture samples are decomposed intC Daso/s77244738 09 99 97 80 86
multiresolution hierarchy only at nodes where the energy D-103/105/12/78/79/82 | 90 95 93 92 93
Average PCC 94 96 94 78 85

the decomposed subimage is not significantly smaller than ==
other subimages at that level. The energy map of the channels

is used as a feature vector for classification [9]. Energy featuraigjorithm due to the nature of features used, the classifier
up to four levels of decompositions are considered. Thismplicity and speed. This classifier gives the best performance
method has the drawback of becoming noisy at higher leveléich is also evident from the results in Table I. Also, as seen
of decompositions. Four of the most powerful Laws masks afte®m this table, the best type of feature normalization is found
used to compute the texture energy measure [30]. As the magkbe Type 4. Type 0 refers to no normalization.

are ideal, when the textures are complex they perform poorly.

The Gaussian window function is used to compute the Gabor V. APPLICATIONS

transform and the Gabor coefficients are approximated using aiccarent segmentation problems are presented in this Sec-

optimization criteria [31]. Average energy and residual features .
: : o ion, to emulate real world situations and evaluate the perfor-

are computed with this method. As the Gabor coefficients are . ) o :
. A mance of the algorithm in these applications. The segmenting of

not accurate, they do not sufficiently discriminate the textures, e . ; .
) . ; . remote sensing images, images subjected to compression tech-

The feature selection process is applied with all methods in

order to obtain the best feature set for each algorithm. TREYES and industrial images such as textiles are considered.
Euclidean distance classifier is used in all the experiments fgr
the comparisons. Six different experiments with six texture o . . )
classes in each case are conducted. The resulting PCCs arg'e first image is an original SIR-C/X-SAR image of

given in Table IV. As can be seen, the logical operator methdfnaus, Brazil, shown in Fig. 10(a). The segmentation using

outperforms the others with an average PCC of 93%. the logical operator algorithm into three distinct regions of
flooded forests/shrubs, unflooded fields/forests and open water

is shown in Fig. 10(b). The second image is an aerial photo-
graph of a coastal region in Puerto Rico shown in Fig. 11(a),
which has three distinct regions of sea, land and highway. Both
Different classifiers are used with the logical operatdmages are of siz&56 x 256. The algorithm procedure is

method, to choose the best classification technique with thiee same described in Section 11I-B. The number of features
algorithm. Nine experiments with six textures each weiselected for both images are 4. The window size used in this
conducted with each type of classifier mentioned in Table lapplication is8 x 8 in order to capture the texture charac-
The PCCs for this experiment are shown in Table V. All thteristics of small regions and obtain an exact segmentation.
classifiers perform close to each other. An original set of Zhhe classification is done using this moving window with an
features using the masks in Fig. 8 is computed. After featuogerlap of seven pixels in order to avoid blocking effect. The
reduction, the average number of features selected is seven. 3égmentation has been compared with that of the co-occurrence
best features are found to be those obtained from the slit masksthod to estimate the performance and computational speed
in Fig. 8(a) and (b) and sector mask in Fig. 8(d). The Euclidearf the algorithm. Fig. 11(b) and (c) shows the segmentation
distance measure is found to be the most suitable one for tresults using the logical operator and the co-occurrence matrix

Segmentation of Remote Sensing Images

C. Effect of Different Classifiers and Normalization
Techniques
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(b)

Fig. 10. (a) SIR-C/X-SAR image of Manaus, Brazil, and (b) segmented image using logical operator algorithm.

(b)

Fig. 11. (a) Original coastline image, (b) segmented image using logical operator algorithm, and (c) segmented image using co-occurrence method.

TABLE VI logical operator algorithm is shown in Fig. 12(b). The number
TIMING RESULTS of features selected are 5. Because of the excessive blocking
Time  (x 107 sec) effect, the texture regions in Fig. 12(a) are corrupted. However,
SGLDM method | Logical Epzrator on comparing with the segmentation in Fig. 11(b), the logical
it . .
Segmenting s T 9761 operator algorithm has correctly assigned most of the texture
in Fig. 10(2) regions of the reconstructed image to the correct class.
Segmenting image 24.8042 1.809
in Fig. 11(a)

C. Segmentation of Textile Images

methods, respectively. Out of the total 65536 pixels, 5898 The original_mosaic of six textile textures (basket, naugahydc_e
pixels are mismatched using the logical operator a|gorithﬁather,'afa}brlc texture, corduroy, gotton', and tanned leather) is
giving a 9% error rate and 11201 pixels are mismatch&OWn in Fig. 13(a). Each texture is of siz& x 256 and the
using the co-occurrence method, which gives an error rate™pSaic is of sizé12 x 768. The algorithm is applied to segment
17%. This result and a careful visual examination shows tHaiS image using a moving window of sizex 8 with an overlap
superiority of the logical operator algorithm. Also, the logicaPf Séven pixels. The segmentation result is shown in Fig. 13(b)
operator method is much faster compared to the co-occurreMddich shows excellent classification with minimal errors in the
method. Table VI gives the timing results for performing thgour)dary proving the suitability of the algorithm for industrial
segmentation of the images in Figs. 10(a) and 11(a) on a Spplications.
Ultra 2 workstation using the SGLDM and logical operator )
methods. The logical operator is on an average 13 times fader Discussions
than the SGLDM algorithm in these experiments. The individual results for the classification of 33 Brodatz tex-
tures are summarized in Table VII; 100% correct classification
has been obtained for 22 textures and the PCC for the remaining
The image shown in Fig. 11(a) has been compressed usiagtures are above 84. In general, the PCC increases while in-
the Hadamard transform, the JPEG quantization and codicrgasing the number of training samples up to 96 and remains
schemes. The compression ratio (CR) obtained is 21:1 acwhstant for further increase [32]. The sample window size de-
the peak signal-to-noise ratio (PSNR) is 23. The reconstructeeinds on the texture structure. In the experiments with Brodatz
image is shown in Fig. 12(a). The segmented image using tieetures (Section IlI-A and V), texture samplesidfx 64 size

B. Segmentation of Compressed Images
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Fig. 12.

(b)
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(b)

(a) Reconstructed image after compression and (b) segmented image

TABLE VII
OVERALL PCC RANGE FOR ALL TEXTURES

% correct Number of Textures
classification Correctly classified
range
100
9599
90-94
85-89
<84

(5

2

NS RS

ality, a feature selection process has been applied to select the
optimal set of features.

VI. CONCLUSIONS

An efficient algorithm based on logical operators has been de-
veloped and proved to give excellent results with different types
of texture images. Based on the ability to differentiate texture
characteristics, six operators are chosen as the best in yielding
discriminating features. Operator sizedfk 2 is sufficient in
transforming the textures in to an effective feature space. Higher
order operators do notimprove classifications and are also com-
putationally more expensive. The features are computed from
simple zonal filtering. The experiments and comparisons pre-
sented prove the robustness and versatility of the algorithm.

This method has an edge over other methods in that it can be
implemented using fast algorithms that have already been de-
veloped for logical operators. The algorithm involves convolu-
tions with 1,—1, and 0, which can be implemented efficiently
and the feature extraction and classification stages involve only
additions and comparisons. Any suitable hardware or logical
structure such as DSP processors or FPGA can be utilized. The
algorithm permits development of many ways of parallelization
and hence it can be implemented in parallel computers or in dis-

Fig. 13. (a) Original textile composite image and (b) segmented image tributed systems

Different applications were presented, one of which is the

is optimal due to the wide range of textures involved with smadegmentation of a compressed image. This is a particular at-
to large structures. In general, the sample size should be lagggpt in expanding the scope of any texture classification tech-
enough to yield reliable features and small enough to produgigue. The logical operator algorithm clearly has greater poten-

accurate boundaries in segmentation problems. Heheeg

tial than any other method in the aspect of efficiency, implemen-

window size has been used in segmentation of remote sengigpn and application areas. As a future direction, the capability
images shown in Figs. 9(a) and 10(a), where texture structafethe algorithm for classifying binary images can be investi-
to be characterized are small. To avoid the curse of dimensigated, in line with the binary field transform (BFT), which has
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been used forimage compression [33]. The algorithm should bs] B. J. Falkowski and C. H. Chang, “Generation of multi-polarity arith-

employed for classifying other types of images such as medical Metic transform from reduced representation of Boolean functions,” in
. ploy fy 9 . _yp 9 Proc. 36th IEEE Midwest Symp. Circuits Systebetroit, MI, 1995, pp.
images and for object recognition. 2168-2171.
[26] P. Brodatz, Textures—A Photographic Album for Artists and De-
signers Dover, NY, 1966.
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