Novel Techniques for Color Texture Classi cation
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Abstract: In the computer vision domain, color hasthe known classes. This process can be summarized into
not been a relevant eld of study, since grayscale imagéle following steps:
contained enough information to solve many different 1y |mage (texture) acquisition and preprocessing
tasks. Another reason to avoid color images, was the factp) Feature extraction
that they require to upgrade the input hardware (mainly 3) Feature selection (optional)
CCD cameras) and that the CPU processing power needy) Classi cation

to be higher to be able to handle the additional color Since the earlier approaches to the problem, grayscale

information. . : . . .
images has been widely used, primarily due to acqui-
In the recent years, many researchers have begur. Lo N .
: L . . Sition hardware limitations and/or limited processing
to take color information into consideration. In the

. : ioRower. In the near past, much effort has been done to
texture analysis eld, many classical feature extractio : .
develop new feature extraction algorithms (also known

algorithms have been enhanced to process color textures . .
as texture analysis algorithms) to take advantage of the
and new ones have been researched.

In this paper a new aporoach to extend ara scaI%Xtra information contained in color images. On the
Papet, PP gray (ﬁ[her hand, many classical grayscale algorithms has been

texture analysis methods is presented. By means of te ended to process color textures [1][2][3].

band ratioing technique, we can modify any feature Texture analysis algorithms can be divided into sta-

extraction algorithm to take advantage of color informa;. .
i > . S tistical and spectral ones. The former methods extract a
tion and achieve higher classi cation rates. To prove this o ; e
) Set of statistical properties from the spatial distribatio

extreme, three standard techniques has been selecteg:. - :
intensities of a texture. Common examples of this

. 0
Gabor lters, Wavelets and Cooccurrence Matrices. zﬁaproach are the histogram method and the family of

For testing purposes, 30 color textures have bee : )

. algorithms based on cooccurrence matrices [4][5]. The

selected from the Vistex database. We will perform a ;
. .. latter techniques, on the other hand, compute a number
number of experiments on that texture set, combinin . .
) . : features obtained from the analysis of the local
different ways of adapting the former algorithms to : :
spectrum of the texture. In the following sections we
process color textures and extract features from them. "~ 2
will give an overview of two spectral methods (Gabor
Iters and Wavelets) and a statistical one (Cooccurrence

K rds: Color im r ing, texture classi-_ "
eywords: Color image processing, texture class matrices).

cation, band ratioing, principal components analysis
1. Introduction 2. Gabor lters

Texture classi cation is a key eld in many computer Gabor Iters have been extensively used for texture
vision applications, ranging from quality control to re<lassi cation and segmentation of grayscale and color
mote sensing. Brie y described, there is a nite numbetextures [6][1][3][7][8]. These lters are optimally lo¢a
of texture classes we have to learn to recognize. In tieed in both space and spatial frequency and allow us to
rst stage of the development of such kind of systemget a set of Itered images which correspond to a speci ¢
we extract useful information (features) from a set ddcale and orientation component of the original texture.
digital images, known as the training set, containing thEhere are two major approaches to texture analysis using
textures we are studying. Once this task has been dofsabor lters. First, one can look for speci ¢ narrowband
we proceed to classify any unknown texture into one dters to describe a given texture class, while the other



Fig. 2. Gabor ltering of rationed images

Fig. 1. Gabor Iter computed by 1.45

This approach is only valid when grayscale images

option is to apply a bank of Gabor lIters over the?'® used. If we want to Iter a color image, we have

image and process its outputs to obtain the features tiafPreprocess it before this method can be applied. The
describe the texture class. more obvious solution for this problem is to transform

the image by a weighted average of the three color bands.
2.1 2D Gabor Iterbank

The Gabor Iter bank used in this work is de ned in

the spatial domain as follows: 106y) = aR(xy) + bG(xiy) + cB(xy)  (6)

The coef cients a;b; c from equation (6), can be

) _ xziyrz selected to properly model the human's eye perception
fon () = =5 exp *n model of color, since the number of cones sensitive

cosg(umxcos + Umysin ) (1) to red, green and blue light is not equal [9]. For this

reason, an adequate choice of these weights can be
wherem and n are the indexes for the scale anch = 0:65;b = 0:33;c = 0:02, but this is only needed
the orientation, respectively, for a given Gabor lterfor human visualization and does not necessary provide
Depending on these parameters, the texture will legood representation for texture feature extraction. In
analyzed ( Itered) at a speci c detail level and directionthis paper, we will use the simplest choice of coef cients
The half peak radial and orientation bandwidths [6] argiven bya= b= c= 3.

de ned as follows: Using this transformation, different colors can give the
p__ ! same grayscale intensity, so color information is lost. To
B, = log 2 mum+ 2In2 (2) Overcome this obstacle, (4) can be applied on each of

2 2 un 2 2In2 the RGB color bands of the image to obtain unichrome

I features [1]. With this approach, we obtain a set of
1 P 21n2 energies from each spectral band, so the information ex-

B =2tan 2 oUm () tracted from textures, grows by a factor of three. Another

disadvantage of this technique is that color information
As in [1], we de ne a lterbank with three scales andis not correlated because it is simply concatenated. A
four orientations. The bandwid® is taken to bel0 in good idea to solve this independency was proposed by
order to maximize the coverage of the frequency domai®alm et al. in [3]. They convert the RGB image to HSV,
and minimize the overlap between the lIters. discarding the intensity value, and taking the Hue and
Saturation to form a complex number, which can be used
to compute the convolution between the image and the
To obtain texture features we must Iter the texturgabor lter by means of a complex FFT.
images using the generated Iters. This is achieved by
convolution on the frequency domain (4), due to the siZg. \Wavelets
of the lters used. For each ltered image, we extract a .
single feature mn, which represents its energy, as showri-1 Introduction

2.2 Gabor features

below. The name "Wavelets” was rst introduced by Morlet,
a French geophysicists, in the early 80's. The kind of
Gmn (X y) = 1(Xy) fmn (4) data he was studying couldn't be properly analyzed by
Fourier analysis, due to the fast change of their frequency
S — contents. For this reason, he looked for a family of
mn (X;y) = (Gmn (X)) 2 (5) functions suitable for the analysis of that kind of signals

Xy and he found the wavelets.



A wavelet family is a set of functions derived from a
single function with special features, named thether
wavelet, by means of two parametersand b:

w= P P )

The parametea represents the dilation (which is in-
versely proportional to frequency) abthe displacement
(time localization).

Wavelets are rather complex and we would require a
complete book [10] to deal with them. In the following
lines we will show only the basics of this kind of

Fig. 3. 2D DWT using FIR lters

energy is a very good texture feature. It is de ned as

analysis, focused on texture feature extraction. follows:
s
Xx——
3.2 2D Discrete Wavelet Transform and multiscale Ej (xy)= (D; (xy))? ®)
analysis »

Wavelets allow to study a signal at different levels of Ca C
detail. In the case of 2D signals, this can be interpreted asWherEI =1:::3andj =0:::depth 1.
anal_yzmg the images at dlfl‘erent resolutions or scales.AS in the case of Gabor Iters, we need some mech-
For instance, if we take a image 6fl2 512 pixels,

we can study its frequency content286 256 128 anism to be able to process color images, such as

12864 64 and so on. In the special case of im(,Jlge%rayscale conversion (6_) and _mdependent color band
eature extraction. In this particular case we can use

containing textures, this is of vital importance since a ) ) .
. e . ; a correlation measure [2]. This feature is named the
texture varies signi cantly depending on the distance we : . : )
: : wavelet covariance signatui@nd is de ned as follows:
are looking at it.
If we takea such asa = 2™, the transform is known BBl on o B, By
as dyadic DWT and relies on a speci ¢ form of Wavelet Ci*m'(Gy)=  Dyj'Dj ©)
derived from a smoothing or scaling function represented xy
by (t). From both the scaling function and the Wavelet, whereB, andB, represent a color band, ahdl =
we can derive two FIR Iters that can be used to computg 2:3: k |
the DWT. These lIters are commonly namédand g
and are, respectively, a low-pass and a high-pass Itef, Gray level cooccurrence matrices
The 2D transform can be represented as shown in Figure )
3, where denotes the convolution operator and th&-1 Introduction
subscript for each lter represents if it is applied over the Gray level cooccurrence matrices (GLCM) were in-
rows or the columns of the image. Finalty2 denotes troduced for the rst time by Haralick [4] in the early
downsampling of the rows or columns by a factor of0's. A GLCM is a matrix where each callj contains
two. the number of times a point having intensitgccurs in
Looking at Figure 3, we can see that the DWT in 2[a positionj located at an angle and a distance. If we
produces four images as output. In each ltering step,want to make this approach not sensible to orientation
low resolutionimagel;+; and threedetail imagesare variations, we can use the neighbourhood located at a
produced. The detail imagijl“3 contain the details distanced from the pixel with intensityi. Only the rst
(high frequency components) extracted frddy that quadrant of that neighbourhood need to be explored,
are not present ilD; + 1. This scheme can be appliedwhich is equivalent to take = 0; 45; 90 simultaneously
recursively until a given depth is reached. for the same matrix (Fig. 4).
A nal topic concerns the size of the GLCM. If we
directly use the 256 gray levels available in a image,
Detail images obtained by applying 2D DWT can bé¢he resulting matrix will be huge, so a mechanism to
used as a source for extracting texture features. Sinegluce its dimensions is needed. There are some options
those images contain essentially edge information att@ do this. In this paper, we have used two different
speci ¢ direction (horizontal, vertical and diagonal)s it preprocessing tasks:

3.3 Wavelet features
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a. Original color image b. Hotelling transform

Fig. 4. Neighbourhood of a given pixel.
Fig. 5. Fabric 0 and Hotelling transform of FabricO

1) Use Sobel lters to detect the edges of the image.
The resulting image will have ve different values: are computing a conventional GCLM. The main
horizontal edge, vertical edge, diagonal edge, sec- advantage of this class of matrices is that features
ondary diagonal edge, and no edge. The resulting  €xtracted from them contain color information,
matrix belongs to a class of matrices known as  because color planes are processed in pairs, but
Cooccurrence Generalized Matrices (CGM) the feature vector Iength is increased by a factor
2) Reduce the gray levels to 16 using some quan-  Of Six.
tization algorithm such as IGS. In this case, the o .
resulting matrices are named Spatial Gray LeveP. Principal Components Analysis

Dependent Matrices (SGLDM). 5.1 Introduction

Principal components analysis (PCA) is a way of
identifying patterns in data, and expressing the data
From a cooccurrence matrix, a number of second ordgr such a way as to highlight their similarities and
statistics can be computed. The most popular ones @ifferences. The main advantage of PCA when applied
those known adHaralick features[4], followed by the to color images is that it can be used to compress them,
set of measures introduced by Conners et al. [5].  je, nd an optimalad hocgrayscale transform for each

Obviously, a GLCM cannot be computed directlmage. In this case, PCA is also known as the Hotelling
from a color image, but from a grayscale one, so @ Karhunen and Leve transform. A good tutorial for
modi cation is needed to be able to process that kinghis technique can be found in [12].
of images. There are three ways for doing this:

1) Convert the color image to monochrome (6). Thi
is straightforward, but it discards the chromatic When PCA is applied to color image compression, we
information from the images. can start with a RGB representation of the image. The

2) Process each RGB band separately. With this agPvariance matriz size will b8 3 and consequently,
proach, a GLCM is computed from each colothe number of associated eigenvectors will be 3. If we
band and the resulting feature vectby is the take the eigenvector with the highest eigenvalue, we will
concatenation of three feature vectées fg:fg, have found theprincipal componenbf the distribution.
obtained from each matrix separately. The maili We represent this eigenvector ps = (a;b; g, we can
disadvantage is that the computational cost ifise its components as the coef cients for equation (6),
creases considerably and the obtanied informati@® an optimal grayscale transform is applied. In Figure
is not correlated. 5 an example of this approach is given. It does not need

3) Use cross-cooccurrence matrices [11]. This teck? be mentioned that since we have compressed color
nique follows to extend the cooccurrence idediformation into a single monochromatic image, all the
explained before to color images. The proceg‘gature extraction algorithms showed before (and others)
consists in, given a pixel from a color bam} can be directly used to measure texture features.

with intensity i, we will look for the intensity ..
of a pixel located in another color bar®, at a 6. Band ratioing

distanced and orientation . As before, we can In the previous sections, we have given a brief in-
use three angles at the same time to computetraduction to three of the most commonly used feature
single matrix. Obviously, ifB; = B, then we extraction algorithms, and we have seen the way many

4.2 Feature extraction

g.z Color image compression and feature extraction



extraction from color textures, since we can directly use
any grayscale feature extraction method available. In the
following lines, we will show the way to enhance the
Gabor Itering method using band ratioing.

To apply Gabor Itering on a rationed image, we can
combine (11) and (4) to get the following expression:

a. Ratio R/B b. Filtered ratio R/B B1(Xy)
Ghn (xy) =log o~
Fig. 6. Ratio R/B and ltered ratio of FabricO 2(XY)

7% /,/'// 2 /f/,','/'/j /
Gtidiadon

fon 12)

Note that (12) directly convolves the band ratios with
the Gabor lter, so it is not necessary to scale the ratios
authors are extending them to process color texturgs. t in a byte value.
In this SeCtion, we will show a novel approach to In F|g 6 we can see a band ratio of a color tex-
do that, obtaining in many cases the highest classi gfire taken from the VisTex databdsand the result of
performance, while keeping a low number of features.tering the ratio using a Gabor lter with parameters
m=1;n=45 .
A very interesting topic is about the implementation of

Band ratioing is a enhancement technique mainly usgg, previous scheme. When we compute a band ratio, the

in the eld of remote sensing. It is usually applied tooperands are both eight-bit numbers, i.e, ranging from

Process LANDSAT ™ ir_‘nagésto gnhance details SUChO: :: 255 but the result will be a real number. There are
as vegetation, grass, soil, etc. It is de ned as follows: two different ways to deal with this value:

Bi(x;y) (10) 1) Adjust the result to t in a byte value (some
B2(x;y) information is lost).

whereB; (x:y) andB(x: y) are two different spectral 2) Use the real ratio directly as input to the FFT.
bands of the color image. Its computation is extremely It iS easy to see that the second approach is much bet-
easy, but the bands involved must be processed to av8 Since no information is lost. In our experiments, we
the case wherB,(x;y) = 0. To accomplish this, we have observed 20% of performance increase compared
only have to increase every pixel from both bands by 10 the case when byte values are used. Nevertheless, this
Theoretically, ratios will be in the interval (0,256], but i option is only applicable to feature extraction algorithms
practice most values will be rather small. For this reasoflat make use of the FFT, since we can not use real
it is advisable to use logarithm compression to enhanB&mbers to compute cooccurrence matrices, for example.
small ratios over larger ones, so (10) can be rewritten as

6.1 Introduction

L(x;y) =

follows. 7. Experiments
% v) = | Bi(x;y) 11 For testing the performance of the band ratioing
(x;y) = log Bo(X;y) (11) technique combined with the three feature extraction

?Igorithms presented before, we have used the texture set
d& ned in [2] which is composed of 30 color textures
fiken from the Vistex database (Fig. 7). As in [3] we
divide each 512x512 image into 64 disjunct images of
64x64 pixels each, which give us a total of 1920 texture

6.2 Feature extraction from rationed color textures Ssamples. For each texture class, we randomly select a

In the previous section, we saw that Band Ratioin 0% of the samples for training, and the rest for testing
: urposes (hold-out method).

enhances what is different in two color bands. If a pix .
contains a grayscale valuR(= G = B), its ratio We have performed a number of experiments, ap-

will be 1, but if at least two color components are ndplying different preprocessing techniques to be able to
equal, the band ratio will encode the color informatioRTOCeSS color images. The tables showed in the next
in a single value. This is very interesting for featur§€ction, gather the classi er performance in all cases.

It can be easily seen that this technique tends
enhance what is different in two spectral bands, and
it will be seen in the following section, its output is
suitable for feature extraction.

http:/irst.gsfc.nasa.gov/Sect1/Sed8.html http://www-white.media.mit.edu/vismod/imagery/VisionTave/vistex.html



TABLE |
CLASSIFICATION RATES FORGABOR DATA.
Preprocessing algorithm  Feature #  Hits
Grayscale 12 87.86%
Red band 12 89.52%
Green band 12 90.24%
Blue band 12 87.38%
R+G+B 12 3 93.57%
Ratio R/G 12 86.67%
Ratio R/B 12 90.24%
Ratio G/B 12 85.48%
Ratios R/G & R/B 12 2 95.24%
Ratios R/G, RIB & G/B 12 3 95.24%
Complex color features 31 92%
PCA 12 90.71%
TABLE Il
CLASSIFICATION RATES FORWAVELET DATA.

Fig. 7. 30 color textures: BarkO, Bark4, Bark6, Bark8, Bark9 Preprocessing algorithm  Feature # Hits
Brickl, Brick4, Brick5, FabricO, Fabric4, Fabric7, Fal®jd-abricl1,

Fabric13, Fabric16,Fabric17, Fabric18, Food0, Food2dBp6oods, — Crayscale 12 86'19%’
Grassl, Sand0, Stoned, Tilel, Tile3, Tile7, Water6, Wodtibpd2 ~ R€d band 12 90.48%
(left/right,top/bottom) Green band 12 85.24%
’ Blue band 12 86.19%
R+G+B 12 3 91.19%
Ratio R/G 12 83.33%
Ratio R/B 12 87.62%
8. Results Ratio G/B 12 80.95%
. Ratios R/G & R/B 12 2 93.57%
For evaluating the performance of the feature Sset$atios R/G, R/IB & G/B 12 3 93.81%
obtained in each case, we have used a Knn classi erCovariance signatures 72 95.24%

12 87.14%

taking K = 5. To measure the distance between twoPCA
feature vectors iRR", the 1-norm is used.

the case when covariance signatures are used, computing

8.1 Gabor results >
) three times less features.
Gabor features were extracted by ltering the textures

at 3 scales and 4 different orientations. This give us&3 Cooccurrence matrices results

total of 12 gabor energies for each texture sample. As itGLCM features were obtained by computing two
can be seen in Table |, the best performance is achievgsbcurrence matrices at distances 2 and 4. For each
by the concatenation of two band ratios. These resufigatrix, we have calculated Haralick featurés; : : f 15,

are not only interesing for this topic, but for the reduceghat give us a total number of 24 texture measures for
number of features used. If we look at the RGB roweach sample. The overall performance in this case is
we see that by using raw color information, 36 featur&gorse than for the case where spectral methods are
are extracted and the performance is worse. It is alg@ed, but we still see a performance increase when band
remarkable the fact that using band ratios, we can evegtios are involved. It is remarkable to notice how the
improve the performance of tf@omplex Gabor Features concatenation of two band ratios still providing the best
introduced in [3]. results while keeping the number of used features low.

8.2 Wavelet results 9. Conclusions

For Wavelet features we have set the analysis depthin this paper, a new method for extracting color
at 4, which produces a total number of 12 features feexture features has been presented. Using band ratio-
each texture sample. The wavelet functions used fimg technique, we have combined RGB color bands to
this analysis were the biorthogonal Wavel®®r6.8 produce monochromatic images suitable to use as input
available in MatLAB. In this case, the performance ofo any feature extraction algorithm currently available.
the concatenation of two band ratios is not the best Btom an implementation point of view, feature extraction
all, but the classi cation success is only67%less than algorithms that can use real images are preferred since



TABLE Il
CLASSIFICATION RATES FORCGM AND SGLDM DATA.

[71

Preprocessing algorithm  Feature # Hits CGM  Hits SGLDM
Grayscale 24 78.81% 82.14% 8]
Red band 24 78.57% 83.10%

Green band 24 79.29% 84.05%

Blue band 24 79.05% 85.24% [9]
R+G+B 24 3 84.76% 93.1% [10]
Ratio R/G 24 72.38% 74.76%

Ratio R/B 24 70.24% 76.43% [11]
Ratio G/B 24 64.29% 70%

Ratios R/G & R/B 24 2 85.24% 91.67%

Ratios R/G, R/IB & G/B 24 3 85.71% 91.67%
Cross-coocurrence 24 3 81.19% 90.24% [12]
PCA 24 74.29% 77.14%

no information is lost from band ratios. The most im-
portant conclusion is the fact that this technique allows
us to compress textural color information which leads
to higher classi cation performance while keeping the
number of features low. It is interesting to see how
the use of three band ratios does not lead to better
performance (or very little) than the case where only
two ratios are involved. This is obvious since the third
one is a linear combination of the two other, so the extra
features do not contain additional information.

A nal consideration concerns the use of the Hotelling
transform. This process improves the performance of the
simpler grayscale transform in the case where spectral
methods (Gabor and Wavelets) are used, which lead us to
think that the color compression performed is better, as
expected. For coocurrence matrices this is not true, since
the gray levels reduction performed for the computation
of those matrices seems to be affected by the use of this
transform.
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