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Texture Analysis using
Homomorphic Based Completed
Local Binary Pattern

G. Arockia Selva Saroja* and C. Helen Sulochana**

Abstract: Analysisof imagesthat changewith illumination and rotation arevery important. Theimagesexistingin
the real world not uniform due to variations in orientation, scale and illumination. Most of the existing feature
extraction methods are affected by noise, change in lighting conditionsand rotating angles. This paper presentsa
method to obtain the texture features named as, Homomor phic based Completed Local Binary Pattern (HCLBP)
immune to noisg, invariant to illumination and rotation. In this method, to obtain immunity towards noise, the
smaller scalefeatures of thetextureimages are preserved and then theilluminati on and reflectance components of
theimages are considered to abtain the histogram features using CLBP. The proposed method was compared with
Local Binary Pattern (LBP) and CLBPfor the texture images from Outex database . The analysis done using the
proposed method yiel ded better accuracy than LBPand CLBP.

Key Words: IIlumination, Reflectance, Orientation, Scale, Homomorphic Completed L ocal Binary Pattern.

1. INTRODUCTION

Texture analysis methods are utilized in a wide range of applications like remote sensing, automated
ingpection, medical image processing and document processing [1]. Analyzing atexture is a complex task
because of the changes in the arrangement, directionality and randomness of the image [2]. Usually
experiments are done with the images taken under uniform conditions. Practically most of the real world
applications require images taken under environmental conditions. [3]. Earlier feature extraction methods
include Gray Level Cooccurrence Histograms|[4], Gray Level Run Length Histograms[5], Markov Random
Fields [6],[7], Simultaneous AutoRegressive models [8], Fractal Models [9]. Filters were used to create
invariant texture features [10]-[12]. Local Binary Pattern (LBP) [13], a structural method based on the
signs of differences of neighboring pixels was very effective for image description. The conventional LBP
approach was extended to the Dominant Local Binary Pattern (DLBP) [14] approach in order to effectively
capture the dominating patterns in texture images

LBP Variance (LBPV) [15] uses global rotation invariant matching with local variant LBP texture
features. Adaptive LBP (ALBP) [16] tried to incorporate local spatial structure into LBP. Completed Local
Binary pattern (CLBP) [17] combined local signs, local magnitudes and center gray value. Completed
Robust Local Binary Pattern (CRLBP) [ 18] was produced by replacing the centre pixel by the average local
gray level.

The main goal of the proposed method isto provide afeature extraction method that is not sensitive to
noise, lighting conditions and rotation angles. Analysis of the proposed HCL BP was done with the existing
LBP and CLBP methods.
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2. METHODOLOGY
2.1. Local Binary Pattern

Local binary pattern (LBP) proposed by Ojala et a [13] is a considered to be a successful method of
examining textures. LBP describesthe spatial structure of thelocal image texture. LBP operator characterize
the pixels by thresholding the neighborhood of each pixel with the center pixel value and a binary number
is obtained. LBP is computed by the Equations (1 and 2).

LBR & :Zs(gp_gc)zp Q)
s(x) =(1 x= 0;0, otherwise) )

where g_is the gray value of the central pixel, g, is the value of its neighbors, P is the total number of
involved neighbors and R is the radius of the neighborhood. A loca binary pattern is called uniform if the
binary pattern obtained has a maximum of two bitwise transitions from 0 to 1 or vice versa when the bit
pattern is traversed circularly.

The rotation invariant pattern of LBP, LBP"“? is defined in Equation 3.

o
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LBP variance (LBPV) provides joint LBP and contrast distribution where the variance VAR, . is used
as an adaptive weight to adjust the contribution of the LBP code in histogram calculation.

VAR, = 5 2.8, 4) @
Where
1P
90 y)=#=p 2% (5)

The drawbacks of the LBP isthat the local binary pattern computed for images with and without noise
is different but for images with different gray levels the local binary pattern obtained is the same. The
image gray levels change with illumination and therefore a new feature extraction method proposed here
pays attention to the noise present in the image in the real environmental condition.

2.2. Homomorphic based Completed Local Binary Pattern

To reduce the drawbacks of LBP, a feature extraction method for texture classification has been proposed
in this paper based on completed local binary pattern. Images acquired under poor illumination and noisy
environment yield an undesired condition in computer vision based systems. In the proposed method the
noise present in the image is first removed, then the changes in the image due to poor illumination is
withdrawn from the image. Finally the histogram features for the texture images that are to be classified is
obtained using completed local binary pattern.

Averaging operation plays a vital role in low level image processing like texture analysis. It is one of
the building blocks for the complex feature extraction operators. Taking into consideration the importance
of local and global featuresin animage, in our work in the first stage the texture images are pre-processed
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to preserve the mean, whereby smaller scales are attenuated rather than coarser scales. The pre-processing
here involves choosing afilter with zero shifting property where the filter mask and its transfer function are
isotropic. The box filter is chosen to have high computation efficiency. We consider g(x, y) as the texture
image obtained after pre-processing the image (X, y).

In the second stage, the illuminance component and reflectance component of the image g(x, y) under
different lighting conditions are considered, and therefore a homomorphic filter with the Gaussian high
pass filter is used. Homomorphic filtering of the image involves logarithmic operation, fourier transform,
filtering operation, inverse fourier transform and exponentiation operations. Equations (6-9) gives the
operations performed in the image.

g(xy)=i(xy)r(xy) (6)
i(X, y) is defined as the illuminance component and r(X, y) is the reflectance component of the
image g(x, y)

2(xy)=In(i(x Y)r (xy)) @
S(UV)=H(U,V)Z(U.V) )

Z(U, V) isthe fourier transform of z(x, y), H(U, V) is the transfer function of the Gaussian high pass filter
used in the process.

s(x,y)=F*(S(U.V)) (9)

The changes produced in the image because of variations in illumination is reduced in the second stage
of the proposed method. Inthe third stage the homomorphic filtered images obtained by the exponentiation
of (X, y) is represented as the centre gray value and the local difference using completed local binary
pattern. Thelocal difference component isseparated assign (S) and magnitude (M) component. The proposed
method is addressed here as HCLBP. In HCLBP the centre, sign and the magnitude components are coded
as in CLBP [17] to obtain HCLBP_C, HCLBP_S, HCLBP_M. The histogram of the components are
combined to obtain HCLBP_M/C, HCLBP_S M/C, HCLBP_S/M and HCLBP_S/M/C. The chi square
statisticsis used to find the dissimilarity between the histograms of the images used for training and testing.
The nearest neighbour is used as the classifier to caculate the classification accuracy using LBP, CLBP and
HCLBP as feature extraction methods.

3. IMAGE DATA AND EXPERIMENTAL SETUP

Variations in the gray levels of an image change with illumination. Therefore texture images from Test
suites Outex_TC_00010 and Outex_TC 00012 of the outex database [19] is used for the experimental
evaluation of texture analysis algorithms used. Each texture is captured using three different simulated
illuminants denoted as horizon, inca, and t184. Each texture is captured using six spatial resolutions (100,
120, 300, 360, 500, and 600 dpi) and nine rotation angles (0°, 5°, 10°, 15°, 30°, 45°, 60°, 75° and 90°). For
TC 00010, samples of illuminant “inca’ and angle 0° in each class is used for classfier training and the
other 8 rotation angles with the same illuminant is used for testing. For TC_00012, samples of TC 00010
with illuminant inca was used for training and all samples captured using illuminant tI84 and horizon is
used for testing. Samples of the texture images is shown in Figure 1.The sample consists of textures from
24 different classes.

To analyze the texture analysis methods, experiment was conducted using LBP"2, LBPV, CLBP_S,
CLBP_M, CLBP_M/C, CLBP_S M/C, CLBP_S/M, CLBP_S/M/C, HCLBP_S, HCLBP_ M,
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Figure 1. Samples of the 24 textures from Outex database

HCLBP_M/C, HCLBP_S M/C, HCLBP_S/M and HCLBP_S/M/C for radius 1, 2 and 3 with 8,16
and 24 neighbors respectively. The high frequency gain and the low frequency gain of the Gaussian
high pass filter was varied and was chosen to be 1.1 and 0.8 respectively to get a high classification
accuracy.

4. RESULTSAND DISCUSSION

The performance result was obtained using the histogram features obtained for LBP™2, LBPV, CLBP_S,
CLBP_M, CLBP_M/C, CLBP_S M/C, CLBP_S/M, CLBP_S/M/C, HCLBP_S, HCLBP_M, HCLBP_M/
C, HCLBP_S M/C, HCLBP_S/M and HCLBP_S/M/C. The experiment result was obtained for the outex
test suites TC_00010, TC_00012 (tI84) and TC_00012 (horizon) for different radius (R = 1, 2, 3) and
different neighbours (P= 8, 16, 24). Results are obtained as the average of the accuracy obtained by repeating
the experiment 10 number of times.
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Figure 2: Classification result for the test suites radius
1 and 8 neighbours.
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Figure 2.shows the classification accuracy obtained for LBPV, CLBP_S/M/C, HCLBP_S M/C,
HCLBP_S/M, HCLBP_S/M/C for test suites TC_00010, TC_00012(tI84) and TC_00012(horizon) with
radius R=1 and neighbours P=8. From Fig 2. it is clear that highest accuracy is obtained for test suite
TC_00010 and TC_00012 using the proposed method with the combined features.

Table| givesthe result obtained for the methods considered for the analysisfor radius (R) 1, 2 and 3 and
neighbours (P) 8, 16 and 24 respectively. Fromtableit isfound that when thetheilluminance and reflectance
components are considered after preserving the small scale features the sign, magnitude components and
the centre pixels separately and after combinations also produce better accuracy when compared with the
existing methods.
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Tablel
Comparison of the mean classification accuracy for LBPriu, LBPV, CLBPand HCLBP on test suites

Outex_TC_00010, Outex_TC_00012 (t184) and Outex_TC_00012 (horizon) for different radiusR and neighborsP.

TC 00010 TC_00012(tI84) TC_00012(horizon)

R=1,P=8 R=2,P=16 R=3,P=24 R=1P=8 R=2,P=16 R=3,P=24 R=1,P=8 R=2, P=16R=3, P=24
LBPi2 84.8058  89.2448 91.562 653009 822917  85.0463 63.75 751389  80.8102
LBPV 915625  92.1615 93.372 766204 872222  91.3194 770139  84.8611  85.0463
CLBP S 84.8177  89.4010  95.0281 65.46 82.2685  85.0463  63.6806 752083  80.7870
CLBP M 81.7448 936719 955208 59.3056 737963  81.1806  62.7778 724074  78.6574
CLBP_M/C 90.3646  97.4479  98.0208 72.384 86.9444 907407  76.6667  90.9722  90.6944
CLBP.S M/C 945313  98.0208  98.3333 81.875 90.995 82.7546 825231  91.0880  92.4074
CLBP_SM 946615  97.8906  99.3229 82.7546 90.555 93588  83.1481 811111  93.3565
CLBP_ SM/C 965625  98.7240  99.9323 90.3009 935417 953241  92.6917  93.9120  94.5370
HCLBP_S 865104 931771  93.6198 66.3657  88.0324 864213  61.3472 875046  83.75
HCLBP_M 89.6875  94.2448  97.0708 69.2130  78.2639  80.7250  68.9120  82.2500  82.4537
HCLBP_M/C 949219  97.6823 98.750 87.3241 905370  91.8333  86.9907  92.8287  93.7315

HCLBP_S M/C 96.3802 98.4372 99.0163 88.7356 94.1715 95.4213 87.5231 94.3565 95.7454
HCLBP_S/M 96.4844 98.7760 99.6010 88.9437 94.4537 95.6765 88.2313 94.7769 95.2130
HCLBP_S/M/C  97.9688 98.9583 99.7573 93.6389 97.0417 98.8981 94.6574 97.8056 98.6898

5.

CONCLUSION

Analysis using Homomorphic based completed local binary pattern HCL BP asthe feature extraction showed
better immunity to noise and invariance to illumination and rotation angle changes when compared with
LBP and CLBP for the test suites TC_00010, TC_00012(tl84) and TC_00012(horizon). Therefore it is
clear that pre-processing of the images are done using box and homomorphic filters, yield a higher
performance result .The proposed method can be analyzed by replacing the Gaussian filter used in the
Homomorhic filtering with adaptive filters. The maximum accuracy for the proposed method is obtained
for radius 3 with 24 neighbors at the cost of increased computation time. New algorithms can be developed
to reduce the computation time without reduction in the classification accuracy. In future thetexture analysis
can be done on texture images from Brodatz and Vistex database.
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