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ABSTRACT

The use of multiscale directional decompositioniexad
by combining Laplacian pyramid and directional €filt
bank is studied in this paper for texture clasatfin. We
first demonstrated the importance of multiscalelysis
of directional texture features. Then, it is foutitht
directional analysis is suitable for characterizing

structured textures, but not random textures. Thus
b

structured and random textures are separated
employing an entropy-based measure on the mukiscal
directional features. Through this pre-filteringeps
structured textures are extracted for further diaation

so that the overall retrieval performance can beaaned.
Experimental results showed that this pre-filteristgp
can significantly improve the overall retrieval acacy.

1. INTRODUCTION

Texture analysis has a wide application on conbased
image retrieval, remote sensing and medical imaging
Recently, multiscale analysis such as wavelet foams
becomes popular for texture classification becatusaits
the human visual system (HVS) well. Although watele
transform allows a multi-resolution view on textsiret
does not provide a fine directional analysis. Tforeg
Gabor filters [1] based and directional filter bafi}-B)

features extracted from multiscale directional
decomposition is good for structured textures wttikgis
deteriorated greatly for non-structured or randexiures.
This suggests that multiscale directional featisiesuld

be exploited to distinguish structured from random
textures. In this paper, we will first study thexttee
analysis using multiscale directional decompositibsfier
that, we will investigate the use of multiscaleedironal

features for filtering out random textures in order

ptimize the performance in texture classification.

2. DIRECTIONAL FILTER BANK (DFB)

DFB provides multidirectional analysis by partitiog
the frequency plane into a set of wedge-shapedopads
regions. A tree structure implementation can beptatb
as described in [2]. In each stage, a two-chafilet
bank splits the input image into two subband imdges
two complementary diamond filters. Using a quincunx
down-sampling matrix{1 1}, the lowpass and the
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bandpass filters can be shown to be,
Ho(z, 2) = 05[%°" +2,"8(2,2,) B(2,)]

H.(2,,2) = 2™ - B(2,2") B(2,2)Ho (%, 2,)

where £(2) is a 1-D filter of even lengtitN with linear

[2, 3] based approaches have been proposed foppase3, 7). DFB lacks multiscale property in contrary
directional feature extraction. Compared with Gaborig the wavelet transform. Also, the lowpass information

filtering, DFB is more computation efficient due tioe
properties of critical sampling and tree structure
implementation. However, in contrary to wavelet
transform and Gabor filtering, DFB lacks multiscale
property. In [4], a Laplacian pyramid [5] is combih

with DFB to achieve multiscale analysis. The use of

Laplacian pyramid allows directional decompositiorbe
performed on different scales independently. Hesaeh
kind of multiscale directional decomposition is el
suited for texture analysis.

The use of multiscale directional decomposition for
texture analysis has been primarily studied in [@.
general, directionality is obvious only in struadr
textures. In other words, classification perforcewnsing
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spreads into multiple directional subbands. As a result, a
sparse representation cannot be achieved using DFB.

3. MULTISCALE DFB (MDFB)

To introduce multiscale property, DFB can be combined
with certain multiscale schemes [4, 6]. For examihlege
scales, which correspond to frequency ranges, V2],

[TV2, 3w4] and [374, 1] respectively, can be used. The
first scale sub-image is obtained by first applying a
lowpass filter with passband [0773l] on an input image.
Then the lowpass image is subtracted from the original
image to produce the first scale sub-image. Further
multiscale decomposition is performed using Laplacian
pyramid on this lowpass image. Hence, the second and



the third scale sub-images are the prediction vedsdof
the first two levels on the lowpass image. To avuigs
from DC component [3] and use the fact that texture

have dominant features in mid-frequency range, the

scales of frequency lower tham4 are not considered.
After obtaining the multiscale sub-images, DFBpgléed

Image C No (0.098,0.082, 0.175, 0.295,
0.604, 0.609, 0.305, 0.190)

1-st (0.115,0.115, 0.195, 0.403,

0.751, 0.382, 0.191, 0.164)

2-nd (0.070, 0.078, 0.173, 0.323,

0.676, 0.555, 0.278, 0.117)

3-rd (0.096, 0.105, 0.218, 0.242,

0.356, 0.763, 0.387, 0.120)

on each sub-image independently. The number Offable 1. Multiscale directional features of straijres images.

directional decomposition can be different for eliéint
scales. The multiscale directional decomposition
denoted as(dl,dz,ds) where d;, is the number of

directional components in scale

To illustrate the advantage of using multiscalelsis on
DFB, let's consider images shown in Table 1. Affee
image is decomposed into multiscale directiona

‘No’, ‘1-st’, ‘2-nd’ and ‘3-rd’ refers to the ditional components for

isfrequency range [0f] (no scale), fv4, Tv2] (1-st scale), W2, 3rv4](2-nd

scale) and [8/4, 1] (3-rd scale).
3.1 Textural Retrieval Using MDFB

Brodatz texture album, which consists of 111812 8-
bit gray level images, is used to construct theutex

| database used in the simulation. The center paetioh

f the album images is divided into 9 non-overlagpi

components, energy values of these components ar® ) )
computed and used to form a feature vector to redue 128x128 sub-l'mages. The sut_)-lmages extracted from the
dimensionality of representation. To measure theSame album image are considered to be from the same

similarity between two images, Euclidean distance texture type. The resulting database thus contaitetal

weighted by the global standard deviation of featur
components over the whole database is used. Asnsho
in Table 1, for images A and B, each of which cstssbf
straight lines of similar width, high energy is faliin the
directional subbands corresponding to the oriematiof
the straight lines. However, it becomes confusiog t
discriminate images B and C. Image C has wider-‘top
right’ diagonal lines than horizontal lines. Withausing
multiscale features, similar feature vectors artaioled
for both images. However, with the use of MDFBe th
energy values for image B concentrate on the \aréind
‘top-right’ directional components in all scalesorF
image C, the higher frequency scale, i.e., the 4eate,
has the highest energy in the ‘vertical’ directiona

of 999 images with 111 texture types. The simufetiare
performed with different filters in the multiscale
decomposition and different combinations of directl
decompositions in the 3 scales. To reduce the sitien
correlation between images derived from the samenpa
image, all the images are normalized to have zezamm
and unit variance. The retrieval results are sunwedrin
Table 2. It can be seen that a large improvement i
retrieval rate is obtained when the number of dioaal
decompositions increases from 2 to 8 in each séale.
example, the retrieval accuracy increases from%30
69.6% when the decomposition changes from (2, 202)
(8, 8, 8) for the Binomial (15) filter. However, rther
directional decompositions only have little improwents.

subbands while the lower frequency scale, i.e., 3trd QMF(5) | QMF(13) | Binomial(s) | Binomial(15)
scale, has the highest energy in ‘top-right’ diiacal Ei'i’ i; ZZ'S Zz'i 2421'2 gg'g
subbands. Since textures usually have featurearédus (8.8.8) 653 65.2 68.2 696
scales and directions, MDFB is a suitable tooltéxture (16,16, 16) | 65.6 65.4 69.1 69.6
feature extraction. (32,32,32) | 65.7 65.7 69.1 69.3
(8,8, 16) 64.6 65.0 68.0 68.2
(8,16,8) 65.4 65.2 68.6 69.9
Images Scale Energy values (16, 8, 8) 65.6 65.3 68.3 69.7
Image A No (0.067, 0.033, 0.049, 0.443, (8,8, 32) 63.3 64.1 66.4 65.4
0.874, 0.095, 0.066, 0.133) (8,32,8) 64.9 64.5 68.6 69.6
1-st (0.021, 0.013, 0.057, 0.447, (32,8,8) 65.2 64.3 67.6 68.9
0.885, 0.106, 0.016, 0.033) (16,16, 32) | 64.8 65.3 68.1 67.8
2-nd (0.015, 0.007, 0.008, 0.448, (16, 32, 16) | 65.6 65.4 69.4 69.8
0.893, 0.012, 0.013, 0.027) (32,16, 16) | 65.5 65.2 68.8 69.9
3-rd (0.026, 0.013, 0.014, 0.539, Table 2. Retrieval accuracy (%) for multiscale dii@nal features.
0.840, 0.015, 0.027, 0.050)
Image B No (0.124, 0.066, 0.113, 0.347, 4, USE OF MDFB ASTEXTURE PRE-FILTERING
) 0.709, 0.497, 0.252, 0.186)
Tt (0.117,0.107, 0.199, 0.381 In structured textures, patterns are regularlyregea so
0.744, 0.425, 0.190, 0.139) that the orientations of the patterns are condisten
2-nd (0.104, 0.057, 0.098, 0.336, throughout. However, it is not the case in nonetried
0.703, 0.529, 0.265, 0.137) (random) textures as they would give a roughly anmif
3-rd (0.176, 0.105, 0.141, 0.402, o ) ) y give gnly
0.623, 0.540, 0.277, 0.139) distributed orientation pattern. This suggests that
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directional analysis can be applied to distinguish



structured and non-structured patterns. First,ethergy

including structured and non-structured texturese t

of each directional subband is computed. Then thetextures are first classified into structured andn-n

similarity of these energies is measured as amattn
of the uniformity of pattern orientations. Shannon

structured groups using the scheme as described in
Section 4. The structured textures are handled ByFB®

entropy, which provides a measure of the sequencand the non-structured textures are processed fme so

“concentration” [7], is used as a measure of unifity.
For a directional energy sequenée, , the similarityS

is given by
sqv) :—Z (v, /7v)*In(v, /v)*, wherev= /va

The measure gives a large value for roughly theesam

energy values. To determine whether the texture ig

structured or non-structured, a threshold of thieogry is

set for each scale. In this paper, the global msarsed

as the threshold. However, if training is employte
thresholds can be set to maximize the retrieval
performance on the training set. If the entropytlod
query texture is greater than the threshold, itegarded

as non-structured with respect to that scale. 1@iise, it

is considered as structured. The texture is dladsio be
structured if there exists one scale, in whicts itdgarded
as structured.

4.1 Finding Structured and Non-structured Content

In this part, we would investigate the classifioati
performance of structured and non-structured testur
using MDFB. Table 3 gives the classification restittr 6
texture images. Images D001, D052, D083 and D162 ar

considered to be structured while D002 and D091 are?

regarded as non-structured. The simple structumettite,
D001 and non-structured texture, DO02 can be ¢ledsi
successfully in all decompositions. However, for
complicated structured textures like D052, D083 and
D102, more scales and directional decompositiores ar
required for successful classification. For insgrd? (8)
and LP (16) misclassify D052 as non-structured bsea
they mix up the structured patterns of D052 in egtht
scales. Decomposition LP (8) even misclassifies D9
structured. The misclassification is due to thaifficent
radial and angular resolutions. With enough regmhst
like decomposition (16, 16, 16), 100% classificatian

be obtained. The results also show that the migufeacy
components are important for the classificationr Fo
example, decomposition (16, 8, -) misclassifies DS
non-structured but decomposition (8, 16, -) doessduz

to the finer directional resolution in mid-frequgrange.

4.2 Prefiltering Structured Textures Before Retrieval

MDFB could not characterize the random texturesl wel
due to the lack of directionality in their patterngo
optimize the performance of the retrieval systermais

other approach specialized for random texture
characterization. On the other hand, as shown in 4.
multi-scale directional features can distinguistuatiured
textures and non-structured textures. Therefore th
multi-scale directional features are used for [ltering
structured textures as well as in the similarity
measurement for classified structured textures.

Decomposition Images
D001 | D002 | D052 | D083 | D091 | D102
LP(8) [¢) X X X [¢) X
LP(16) [¢) X X [¢) X X
(8,186, -) [¢] X [¢] O X X
(16,8, -) [¢) X X X X X
(8,8,8) 0o X [¢] [¢] X X
(16, 16, 16) O X O ¢} X ¢}

Table 3.(a) Structured texture classification rssubr six textures.
Symbols ‘O’ and ‘X' denote the classified result steuctured and non-
structured respectively. L& refers to n number directional
decompositions performed on the image with theestrih frequency range
[0, 77/4] filtered out. The unused scddés indicated by ‘-,

4.3 Retrieval results

Simulations have been performed to study the retkie
scheme using MDFB with pre-filtering. The retrieval
results for the textures, which are classified te b
structured, are given in Table 4. Compared thdenett
ccuracy with and without using pre-filtering (Tals),
the retrieval accuracy with per-filtering is highfar all
the decompositions regardless of the type of filteed.
For example, in the case of Binomial (15) filtehet
retrieval accuracies for decompositions (8, 8, 18] &16,
16, 16) are 78.9% and 79.0% respectively as shawn i
Table 4. They are significantly higher than thase
Table 2, which are 69.6% and 69.6% respectivelye Th
best result with pre-filtering is 80.5% for Binorhigb)
with decomposition (16, 32, 16) while the best Hesu
without pre-filtering is 69.9% using Binomial (18jith
decomposition (8, 16, 8) or (32, 16, 16). These
improvements justify the use of pre-filtering fatnieval
based on MDFB.

4.4 Retrieval performance vsfeature size

Beside the retrieval rate, another main concertexture
retrieval is the computational time. Actually, the
computational time greatly depends on the number of
features used. Reduction in features is thus reduio
reduce the processing time [8]. In this pamerdy them
highest energy values are preserved while all etlage

set to zero. The reason is that non-dominant featur
usually have little directional information. Theoes,

MDFB on more general texture classes, i.e. the one
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range fv2, 3rv4] contains the most significant directional y
features. It can also be seen that for finer deasitipn, . ‘ ‘ ‘
more number of features are required for the 0 10 20 30 a 50
decomposition to achieve their maximum retrieval number of features used

accuracies. This is caused by the use of overlgdfin Figyre 1. Retrieval accuracy (%) vs number of festwsed of different
angular resolution for some textures. For such kifid multiscale directional decompositions for the estail scheme with pre-

features. two or more directional components amm filtering. The filter used in multiscale decompimsitis Binomial (15) filter.
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