ISSN No. 0976-5697

Volume 8, No. 5, May-June 2017

International Journal of Advanced Research in Computer Science

Avadilable Online at www.ijarcs.info

An Effective Stone Image Classification using Surface Patterns based on Reduced
Dimension and Gray Level Range Model

Dr. V Srinivasa Rao
Prof & HOD, Dept of CSE,
V.R. Siddhartha Engineering College, Vijayawada, India

G.S.N Murthy
Research Scholar, Rayalaseema University,
Kurnool, India

K. Vanitha
Assistant Professor, GITAM institute of science
GITAM University, Visakhapatnam, India

Abstract: This Texture classification plays an important role in many areas such as remote sensing, construction filed, medical imaging. The
present paper proposes an innovative technique that classifies stone texture into four categories i.e. Brick, Marble, Granite and Mosaic based on
the Surface Patterns (SP). Surface Pattern of the stone image is represented using Decreased Dimension and Reduced Gray level Range Matrix
(DDRGRM) model. The DDRGRM model reduces the dimension of the image from 5x5 into 2x2 and also reduces the gray level range by
preserving the significant feature information. The proposed technique focuses on the Surface Pattern (SP) which appears on DDRGRM image
i.e. the patterns formed by Bezier curve (BC), U, V and T patterns. Hence, this model is termed as Surface Patterns on DDRGRM (SP-
DDRGRM). The SPs on DDRGRM model of the stone texture are measured on a 5x5 sub image, because the surface patterns can be better
viewed and they are difficult to fit in to 3x3 window. Based on the surface patterns count, the present paper develops a user defined algorithm
for efficient classification that classifies stone image into 4 groups i.e. bricks, marble, granite and mosaic. The experimental analysis gives a
clear idea about the features extracted in stone images by using SP-DDRGRM model which is suitable for both categories of classification
algorithms i.e. standard algorithms like k-NNC, ID3 and SVM etc., and user defined algorithms. The experimental results indicate that proposed

technique suits well for both standard and user-defined algorithms.
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1.INTRODUCTION

Texture analysis is one of the most important techniques
when image consists of repetition or quasi repetition of
some fundamental image elements [1]. A texture image is
primarily a function of the following variables: the texture
surface, its albedo, the illumination.  For achieving the
better performance, different types of features are extracted
to characterize the texture images. Majorly texture analysis
and classification are achieved either using statistical or
structural methods. Due to textures capability to distinguish
regions with similar colors and shapes, texture is considered
as an important determinant in identifying region class in
region-based image retrieval (RBIR). Even texture features
are very useful in RBIR, it is difficult to model them.
Ideally, a texture feature of an object should be consistent
with human perceptual intuitions of the object, like
directional/chaotic and smooth/rough [2, 3]. In structural
approach, texture is expected to consist of repetition of some
primitive  patterns. In texture classification and
characterization, these statistical and structural methods
have been adapted by different authors and achieved a
certain degree of success [4]. The study of patterns on
textures is considered to be one of the important steps in
characterization of texture and their recognition. That is the
reason why the present paper evaluates the frequency
occurrences of various surface patterns and how they vary
on stone image.

So many approaches are available in the literature
for texture classification. The first and top most approach is
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Local Binary Pattern (LBP) approach [5, 6]. But LBP
approach has some disadvantages like if the central pixel
value changes by 1, the LBP value drastically changes.
Other approaches include wavelet transform [7, 8]. Texture
images are also described and classified by using various
wavelet transforms techniques: one based on statistical
parameters [9] and another one based on primitive patterns
[10]. Texture classification can be done by statistical
learning from morphological image processing [11].
Recently various pattern based approaches like long linear
patterns [12, 13], pre-processed images [14], edge direction
movements [15], Complex Patterns avoidance [16], and
texture description on Marbles [17] have been implemented
and classified the textures into different groups.

Recently, Juan Wang et al [18] proposed a method
for texture classification Using Scattering Statistical and Co-
occurrence Features. Wang used an approach for texture
features extraction. This approach used scattering transform
for scattering statistical features and scattering co-
occurrence features extraction which are derived from sub-
bands of the scattering decomposition and these features are
used for classification. The proposed approach got
reasonable percentage rate of classification but the time
complexity is somewhat high.

Bhargav et al [19] proposed a method for stone
texture classification based on the edge direction movement.
In this approach edge movements are identified on each 3x3
sub-image and based on the edge direction movements, the
texture images are classified. This approach mainly
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classifies the texture image into two groups only and each
group consists of 4 different types of texture images.

Vijay Kumar et al [20] proposed a method to
classify the stone textures into four categories based on
occurrence of T-patterns count which are overlapped 5 bit
T-patterns on each 5x5 sub-image. The classification rate of
this approach is about 96.16%.

The main objective of our proposed technique is to
extract features on stone textures. This technique is well
suited for both standard classification algorithms and user
defined algorithms. Majority of the existing approaches in
which, extracted features are suited for either standard
classification algorithms or user defined algorithm but not
for both. Generally, the standard classification system for
classifying the stone textures takes time for extraction of the
features from stone image and also time for classifying
them. The main objective of the proposed method is to fit
for both the approaches i.e. for user defined algorithm and
also for standard classification algorithms. If correct features
are extracted then it is fit for both standard classification and
also for user defined algorithm. So, the present paper
concentrates on this point and develops a method called
Surface Patterns on DDRGRM (SP-DDRGRM) for
classifying the stone textures into four groups.

All the methods described in the literature, the features are
extracted on entire image which leads to lot of complexity in
evaluating feature parameters. The DDRGRM method
reduces the image dimensionality from NXM to
(2N/5x2M/5) and applies fuzzy concept for reducing the
gray level range without any loss of significant texture
feature information. Further the proposed method reduces
the dimensionality of the image using wavelet concept on
stone texture image and derives DDRGRM matrix and find
the surface features on it. This enables an effective and
efficient approach towards stone texture classification.

The rest of the paper is organized as follows. In section 2,
the proposed method is explained and results and user
defined algorithm are explained in section 3. Finally in
section 4 conclusions are given.

2. PROPOSED METHOD FOR STONE TEXTURE
CLASSIFICATION BASED ON SURFACE
PATTERNS ON DDRGRM MODEL

The present paper assumed that stone image as a texture.
After understanding various texture properties and
definitions, the present research used textural surface
properties in classification of stone images. Various
approaches are available which investigate the textural and
spatial structural characteristics of image data, including
measures of Fourier analysis, texture, fractal dimension.
Still the study of patterns is treated to be a significant area of
research in characterization of textures and classifying the
same. That’s why the present paper investigates how the
histograms of various surface patterns can vary on
DDRGRM model of the stone image.

The proposed method attempted for stone texture
classification based on reduction in the overall
dimensionality and range of gray level using SP. In
addressing the same and towards developing a user defined
classification approach the present method reduced a 5x5
neighborhood into a 2x2 and also the overall gray level
range is reduced from 0-255 to 0-4 using fuzzy approach
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and measured the frequency of occurrences of SP’s on all
fuzzy grey levels.

The proposed method i.e. SP- DDRGRM model
mainly consists of 7 steps. In step 1, convert the RGB stone
texture image into Grey level image using HSV color model
method. Formation of nine overlapped sub 3%3 sub images
from a 5x5 sub image will be performed in step 2. In step 3,
Derivation of “Local Difference Matrix (LDM)” on the nine
overlapped 3x3 sub images and generate reduced matrix.
Further reduce the 3x3 sub image into 2x2 sub image
without losing the texture image information in step 4. In
step 5, Reduces the grey level range in each 2x2 sub image
using fuzzy concept and generate the Fuzzy reduced co-
occurrence matrix. In step 6, identify the surface patterns i.e.
Bezier curve (BC), U, V and T patterns classification. In
step 7, based on the trends of the surface patterns the
proposed method derives a user defined algorithm for
classification of stone texture into four categories i.e. bricks,
marble, granite and mosaic. The block diagram of the SP-
DDRGRM model is shown in Figure 1.

Input Stone Convert RGE to Form ation of 9
image > Graylevel image | 3x3 sub images
Reduces the Decrease the
rey level 3x3 sub image Generst
grey < into2x2sub € o DM
range image
Count Surface Derive the User Estim ate Stone
pattemns count defined Algorithm | 7| texture Group

Figure 1: Block diagram for stone texture classification
system.

Wherever Times is specified, Times Roman or Times
New Roman may be used. If neither is available on your
word processor, please use the font closest in appearance to
Times. Avoid using bit-mapped fonts if possible. True-Type
1 or Open Type fonts are preferred. Please embed symbol
fonts, as well, for math, etc.

2.1 RGB to HSV color model conversion:

In processing color image, various color models are in
use. So as to extract gray level features, SP-DDRGRM
model utilized the HSV colour model. In RGB model, each
pixel in the image is represented by three components i.e.,
red, green and blue. HSV color space is formed by hue (H),
saturation (S) and value (V). In HSV model H is a color
attribute which represents the dominant color, S represents
relative purity or the degree to which a pure color is diluted
by white light and V denotes brightness perception of a
specific color. HSV color space is a non-linear transform
from RGB color space which accurately describes
perceptual color relationship. In this method, color variation
can be individually discriminated. The transformation
equations for RGB to HSV color model conversion is given
below.

V=max(R,G,B) Q)
S= V-min(R,G,B)/V (2
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1 G—B _
H=g+— if v=R (3
1 B-R _
H=_+—¢ if v=G6 (4)
1 R-G _
H=_+——if V=B )

Where the color component Hue (H) range is [0, 255],
the saturation (S) range is [0, 1] and the range of Value (V)
is [0, 255]. In this present study, the color component Hue
(H) is considered in classification of stone images. The
resultant image generated using the HSV colour model and
original images are shown in Figure 2.

(@) (b)

Figure 2: Marble stone image
(a) Color image (b) Resultant Gray level image

2.2 Formation of 9 overlapped sub 3x3 sub images from
a 5x5 sub image:

The sub image 5x5 consists of 25 pixels and they are
denoted by elements: G={Gy,...., G13, ...G25}, where G; is
the intensity of the pixel and Gy; is the central pixel as
shown in Figure 3. The Figure 4 represents the formation of
nine overlapped 3x3 sub windows represented as {wy, Wy,
W3,.ennnes , Wy} from the Figure 3.

Gl G2 Gs G4 GS

Figure 3: Representation of a 5x5 sub image

G, |G, [G; G, [G; [G, G; [Gs [ Gs

Figure 4: Representation of overlapped 3x3
neighborhoods {wy, w,, ... , wg} from Figure 3
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2.3 Derivation of LDM on each 3x3 overlapped window
of 5x5 sub image:

The LDM gives an efficient representation of texture
images. In this step, LDM is computed for all nine 3x3
overlapped windows {wy, W,, Ws,..., Wg} of each 5x5 sub
image. LDM is the absolute difference between the gray
value of the each neighboring pixel and of the central pixel.
The LDM mechanism is described by the Equation 6 and the
resultant is shown in figure 5. This forms nine new 3x3
LDMs and represented as {LDM,, LDM,, LDM; , . .
LDMy}.

LDM;: abs (P;-P¢) fori=12,.9 (6)
Where p. and p; are the central pixel and neighboring pixel
values of the overlapped 3x3 neighborhood in
{wl,w2,...w9}. The Equation 6 demonstrates that the
resultant value of each LDM in which the centre pixel value
is always zero.

|Gi-G7| | |G2G7| | |Gs-Gr|

|Ge-G7| | |G-G7| | |Ge-Gr|
|G11' |G13'
G, | | G12-G; | G, |

Figure 5: Generation of LDM; from w;.

2.4 Generation of Decrease Dimension Matrix (DDM) of
5%5 into 3x3 window:

In this each value of DDM is evaluated from each of the
nine LDM’s generated in the previous step in two stages:
generation of Mean LDM in the first step and then generate
DDM. In stage one, find the mean of the 9 windows which
are generated in previous step by using the equation 7. The
generated values forms a matrix is called Mean LDM
(MLDM). The MLDM is a 3x3 window with nine elements
(MLDP1 to MLDP9). The MLDM retains the properties of
local neighborhood including edge information.

MLDP; = mean of (LDM;) fori=1,2,...9 @)
Further, generate the DDM by calculating the local
difference between the neighboring pixel values and central
pixel value of the MLDP matrix and is represented by
equation 8. The Equation 8 demonstrates that central pixel
value of the 3x3 DDM is always zero.

DDP; = abs (MLDP; - MLDP, for MLDP; =1,2,...9 (8)

2.5 Generation of Reduced Dimension Matrix (RDM)
2x2 window from DDM:

The DDM window consists of nine values which is
generated in previous step is shown in figure 6(a). In this
step, the DDM of a 3x3 neighborhood is reduced into a 2x2
RDM using Triangular Shape Primitives (TSP). The
proposed TSP is based on neighborhood of three pixels on a
3x3 DDM, without considering central pixel (as its gray
level value is always zero). The average of these TSP’s
generates pixel values of Reduced Dimension Matrix
(RDM) of size 2x2 as shown in figure 6 and based on
equations from 9 to 12. Based on this approach the original
image of size of NxM is reduced to (2N/5) x (2M/5).
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DDMP, + DDMP, + DDMP,
RDMP, = 3 (9)
DDMP, + DDMP, + DDMP,
MP, = 3 (10)
DDMP, + DDMP, + DDMP,
RDMP, = - (11)
DDMP, + DDMP, + DDMP
P4 — & - 8 9 (12)

DDMP, | DDMP, | DDMP

3
DDMP, | DDMP, | DDMP

6
DDMP, | DDMP, | DDMP
9

(@)

RDMP; | RDMP,

RDMP; | RDMP,

(b)

Figure 6: Generation process of a RDM of size 2x2 from
a 3x3 DDM neighborhood
a) The DDM neighborhood b) RDM

2.6 Reduction of gray level range in RDM using fuzzy
logic:

In real world applications like texture characterization,
Fuzzy logic has major advantages so as to deal accurately
with the regions of natural images even in the presence of
noise. In the process of caption and digitization fuzzy logic
is introduced on DDM. The proposed fuzzy approach
converts the DDM gray levels into 5 different levels ranging
from O to 4. The resultant matrix is called Decrease
Dimension Reducing Gray level Range Matrix (DDRGRM).
The proposed DDRGRM model is derived by comparing the
each pixel of the 2x2 DDM with the average pixel values of
the DDM. The DDRGRM representation is shown in figure
7. The following equations 13 and 14 are used in
determining the elements of DDRGRM model.

"H"i Vi

I":--‘: Vo ¥y
- *—>| - -
0 1 o 3 4

Figure 7: Fuzzy representation of DDRGRM model of
the image

0 if RDMP; < V,and RDMP; < x
1if RDMP; < V,and RDMP; > x
DDRGRMP;=< 2 if RDMP; =V, for
3 if RDMP;>Vyand RDMP; >y| i=1,2,34
4 if RDMP;>Vga and RDMP; <y --(13)

Where X, y are the user-specified values.

4 (TSP,
where 1, = M --(14)
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For example, in the process of evaluating DDRGRM model
on a sub RDM image of 2x2 is as shown in figure 8 where x
and y values are chosen as V,/2 and 3V,/2 respectively.

28 | 39 1 2

61 | 9 4 0

(@) (b)
Figure 8: the process of evaluating DDRGRM model
from RDM (a) RDM (b) DDRGRM model.

2.7 Evaluation of the frequency occurrences of Surface
Patterns on DDRGRM in stone images:

The proposed SP-DDRGRM considered an exhaustive
number of Bezier curves as they represent good pattern
changes of stone textures as they are irregular textures. The
present study considered Bezier curves with twelve different
control points on each of the 5x5 sub image of the reduced
image. The Bezier curves w.r.to control points are shown in
Figure 9. Further the present paper considers three alphabet
patterns i.e. U, V and T which have resulted in good
classification results especially in texture classification [21].
The considered SPs i.e. Bezier curve patterns and alphabet
patterns on a 5x5 mask are shown in Figure 9 and 10
respectively.

SPs are evaluated on each of the fuzzy values. That is
the frequency occurrences of Bezier curves with different
fuzzy level values i.e. 0, 1, 2, 3 and 4 are evaluated and
denoted as BO, B1, B2, B3 and B4 respectively. In the same
way U, V, T patterns are evaluated with all 5 fuzzy gray
level values. To have a precise and accurate stone texture
classification, the present study considered sum of the
frequencies of occurrences of all SP’s on Bezier curve, U,
V, and T Patterns.

ti]ofofo] [1[t]efofo] [rfrfofo]o] [1]1]i]o]o
of1]ofofo] [oftfofofo] [of1i[ifofo] [o]o]i]o]@
o|1]1fofo] [ofi]1jofo] [ofo]r]o]o] [ofo]1]o]o
ofofififo] [oJofa]afo] [ofo]r]a]o] [ofo]1]o]o
ofoJofo]n 0 JoJo]1]1 ofJofo]a]r] Jofelr]1]n
CP(L.2).(2.1) CP(1.3).3.1) CP(1L4). (4.1) CP(L5).(5.1)
1JoJoJoJo] [1JoJoJofo] [tfofJefofo] [1]efJo]o]o
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CP(2.1).(1.2) CP(L.I). (LT CP(3.1). (L3 CP(3.2).(2.3)
1[1]ofofe] [1fefoefofo] [1fofofofe] [1]ofo]a]a
of1]1fofo] [ofx]a]ofo] [rfo]o]o]o] [1]1]o]o]0
ofofifafo] [oJofafafo] [xfa]a]a]1] [o]1]1]o]o
ofofofafo] [oJoJofa]o] [ofofofor] [ofo]r]r]x
ojofof1n 0 [ofof1]1 oJoJofo]r] [oJofo]o]n
CP(3.5). (3.3 CP(4.5). 5.4 CR (5.1, (1.3) CP(5.3). (3.3

Figura 9: SP-Bazier curve patterns ona 55 window with 0® orientationusing
variouscontrol peints (CP) withfuzzy valuel.
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Figure 10: SP on a 5x5 sub image with 0° orientations with
fuzzy value 1.
(b) V-Pattern,

(a) U-Pattern, (c) T- Pattern.

3. RESULTS AND DISCUSSIONS

The present paper established a database of 2522 sample
stone texture images, consisting of 612 stone images
collected from Mayang database, 678 stone images collected
from VisTex database, 832 images collected from Paul
Bourke database and 400 stone texture images collected
from Google. Some of the sample images are shown in
Figure 11 from each stone texture group. From the database,
40 percentage of the each data set group is used for training
and reaming 60 percentage images are used for testing
purpose i.e. 1008 images are used for training purpose and
1514 images are used for testing purpose. The proposed SP-
DDRGRM classified the stone images into 4 pre-defined
groups: Marble, Granite, Bricks and Mosaic. The surface
pattern features i.e. Bezier curves with twelve different
control points, U, V and T patterns on each 5x5 sub image
are identified on DDRGRM model of stone images and the
corresponding results are stored in the feature vector.
Feature set represent the surface pattern features of
DDRGRM model on the training images of four groups i.e.
Marble, Granite, Bricks and Mosaic. Some of the feature set
of sample images of four groups are shown in Tables 1, 2, 3,
and 4 respectively. Based on these feature set values, the
present paper derives a user defined algorithm to classify the
stone texture into 4 groups i.e. marble, brick, granite and
mosaic.

4
- t;l\ i 5 L M " * i
Figure 11: Sample stone textures form various
databases.
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Table 1: Frequency occurrences of Surface patterns

using SP-DDRGRM model on Brick images

s == | Bl lm [ |m|m|v|w o v |vi|v2|v]ve|n|n|n|n|e
e 3
1 | Becksoo1 |0 |0 |33 0|6 |0 a7 0o o o m|a]ofofelms|ale
2 |Beicks0o2 [0 |0 125 |o| o |o|o|s|a|o oo we|o|o|a|a|e|o]o
3 |Beicks003 [0 |0 |17 |o|o|o|o|6|a|o oo w|o|o|a|a|w|o]o
4 |Beicks00s [0 |0 |16 |o| o |o|o|o|a oo o a|o|o|a|a|w|o]o
5 |Beicks00s [0 |0 |23 |o| o |o|o|w|a|o oo |z|o|o|a|a|as|o]o
6 |Beicks006 [0 |0 | 333 |0 | o |o|o|15|a|o|o|o|6a|o|o|a|a|ae|o]o
7 | Becks0or |0 |0 |88 |o|o|o|a|3|o)o o o|s|a]ofofa]a|ale
8 |Beicks008 [0 |0 | 306 |0 | o |o|o|n|a o oo e|o|o|a|a|u|o]o
o |Beicks00e [0 |0 |23 |0 o |o|o|4|a|o|o|o|2e|o|o|a|a]an|o]o
10 |Brcs010 [0 |0 | 5 |o|o oo o oo oo |a o o e|a|alo]o
1 |Becson [0 |o |22 |o|o oo o oo oo oo o e|a|1|o]o
1 [mhasoa [o o [ [o]eafafolefola]alafololalals]o]o
13 | moasons [0 | o [26 oo [ofafs|efofa]alufolola]alulo]o
1¢ |mhasons [0 | o [1s oo [afafelafala]alsfololalalalo]o
15 |mhasons [0 | o |25 |o|e ofafi e ola]alafololalals]o]o
16 |maasois [0 | o [1s oo |ofofs|efola]alslolola]alslo]o
17 | Bricks 017 | @ L] 113 | @ L] a L] 3 0 L] a L] il a 0 a0 |47|0 0
18 | Bricks 018 | @ L] 34 L] L] a L] L] 0 L] a L] a L] a 0 L] 3 a 0
19 | Bricks 019 | @ L] 45 L] L] ] L] 2 0 L] ] L] 7 L] 0 0 L] 410 0
20 | Bricks 020 | @ L] 14 L] L] ] L] L] 0 L] ] L] 2 L] 0 0 L] 1 ] 0

Table 2: Frequency occurrences of Surface patterns
using SP-DDRGRM model on Marble images

Sn | Imss= |B| B BB |U]|U T[o[v ][V VivI[T [T T[T
o | Meme o1 | B s a0 [P sa oM slalol ™5
1 [ Mablool |0 o [sss1 oo oo mefoflooofsafololo]o]ss]a]o
2 | Mablai2 [0 0 20630 o oo ns|afolo]o]sselo]o]o|ofaz]a]e
3 [ nebl0oz [0 o [216s[ofofoofaes|ofofolofasfololoolae]a]o
4 [ nabl0od [0 0 [176s[ofo oo asr|alolo oezfoolololann]o]o
5 [ntabt0os [o o [2ses[a[o oo ase[ofoJofo[srrfolola]o[sz]afo
6 |nabl0og [0 0 [s0zfofooofannfololo o]sufololofolss]a]e
7 [ nabi007 [0 o [426s[0fofoofaze|ofofo o]eu]o]oo]olerz]o]o
8 [nabt0os [0 o [43ss[a oo o sasofoJofofeafololaoms]alo
9 | Mablz003 [ 0] 0 412500 |0 |0 |23 0|00 |0]|6&7]|o]0]|0|0|&s]|aa
10 | Macbl010 | 0| 0 [3499|0 [0 |0 |0 |24 |00 |0 o |250|0|o|o]o|24]a]o
10 | Macbl011 |0 0 [4197|0 [0 |0 |0 [258 |00 |a]o|258|o|o|o]o|z23]a]o0
12 | Macbl012 [0 0 |7052|0 [0 |0 |0 [s22|0|0|a]o|s|ofo|o]o]|so|a]o
13 [ Macbl013 [0 [ 0 [z795[o[oJo o edfofo[aol2ssfofola]o]za]a]o
14 | Macbl0l4 [0 [ 0 [1864 [0 [0 [o [o[mezfofoa]olasefofola]o[as]a]o
15 | Macbletls [0 [ 0 (2003 [0 [0 Jo[ofaszfofoa]o]rs|olola]o|sz]a]o
16 | Macbletls [0 [ 0 [1696 o [o oo fsez[o]o[afolssfofola]o]as]a]o
17 [ Macplet17 [0 [ 0 [orss[o[o oo mfofo[o o safofola]o]as|a]o
18 [ Macbletls [0 0 [ss7¢ oo oo awfofofoofassofola]oer[a]o
19 | Macpltts |0 | 0 (1917 |0 oo fofass|ofofofofazfofofa]o|ms|a]o
20 | Macbteozo [0 0 |2006 [0 | o oo ]2s|ofofofo]zes[ao]ofo|a|ss]a]0

Table 3: Frequency occurrences of Surface patterns
using SP-DDRGRM model on Granite images

ol v folo U5 el |m s ol lals e lola|® 5 ]s
1 |Gemizool (00 |63 oo o fo|ssfofo]oe]alss|efolofofss]o]a
2 | Gumuizoo2 [ofo |73 o fo oo |ss|o|o]aofo]sn|o]o|o|o|s|ao]fo
3 |Grmitz003 (0|0 [ssefofo oo |ss|o|oofo]ss[o]o]a|o|n|a]o
4 |Grnit00s (0|0 | &3 |ofo|o|o|2w|o|a]ofo]ss|o]o|a|o|ss|ofa
5 |Gummitz00s [0f o |31 o fo oo |am|o]olalo]s2{o]o]e]o|s|o]o
6 |Gummitzoos [of o [s11fofo oo |2n|o|o]ofo]sa2[o]o]|o]|o|ss|o]o
7 | Guamietor |00 | 6|0 |0 [o [o |z o fo|o|o]4r|efo|ofofas]o]e
% |Gumiteooz (0|0 [azfofo oo |s2|o|ofofo]se|o]o]|o]|o|ss|a]o
9 | Grmitz00? [0f 0 | @6 0o oo |s2|o|o]olo]#|o]o]|o]|o|s|o]fo
10 |Grmit=010 [0 0 | 624 |0 |0 |0 |0 1; s loofols2|o|o|o|o|&|o]fo
11 [Grmioll 0|0 [522 0 |0 [ofofarfo|olo]o]a]|e|a|ofofes]a]e
12 (G012 |0 0 [ 612 [0 |0 [o o fasfofolo]ola]|efo|ofofsa]o]e
13 [Gemie0l3 |0 0 |75 |0 |0 |ofo|sfofolo]olss|efo|ofofes]o]e
14 [Gemie0ls 0|0 [ 726 [0 |0 [ofofssfofolo]olas|efafafalss]a]e
15 [Gramit=015 | 0| 0 624 |0 |0 |0 [ofzefo|o|o]|o|6s|ofa|ofofse]a]|a
16 | Gramit=016 | 0| 0 1;" aflofofo|ss|o|o|o]aoles|o|a|o|o 1; [E K]
17 [ Gomi017 |00 |63 |0 |0 [o o f2efofo|o]o]a|efa|afafra]o]a
18 |Grmitz0lz |0 0 | 628 |0 |0 |0 o[ fofo|o]o|se|efa|ofofa]o]|e
19 [Gemiz0l2 |00 [ 572 |0 |0 [ofof42fofo]o]o]e]|efo|ofofas]o]a
20 | Granit=020 | 0| 0 1;2 eflofofo|enfofo|o]o|m]|efo|ofofes]|a]e
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Table 4: Frequency occurrences of Surface patterns
using SP-DDRGRM model on Mosaic

memory under MATLAB 10.1a platform. The classification
results of each of the standard approaches along with user
defined approach on each of the databases and texture types
are show in Figure 5 and the same was represented

From the tables 1 to 4, it can be observed that only fuzzy
values of B2, U2, V2, and T2 patterns only formed in stone
textures because of all the gray level values in each 5X5
neighborhood nearly equal to central pixel. So, for
classification purpose the present SP-DDRGRM approach
considered only fuzzy gray level 2 w.r.to Bezier curve and
U, V and T Patterns in feature vector, and derived a stone
texture classification approach to classify stone texture into
four groups which is presented in Algorithm1.

Algorithm 1: Stone texture classification based on sum of
frequency occurrences of only fuzzy gray level 2 w.r.to
Bezier curve and U,V and T Patterns on SP-DDRGRM
model.

BEGIN

Let the sum of frequencies of Bezier curve patterns with 12
control points on fuzzy value 2 is denoted as BSP2 and the
sum of frequencies of U,V and T patterns count on fuzzy
value 2 is denoted as UVTSP2

If (BSP2 > 1545 && UVTSP2 < 758)

Print (Stone image is Treated as Mosaic Class)
Else if (BSP2 > 1545 && UVTSP2 >= 758)

Print (Stone image is Treated as Marble class)
Else if (BSP2 <= 1545 && UVTSP2 <= 75)

Print (Stone image is Treated as Bricks class)
Else if (BSP2 <= 1545 && UVTSP2 > 75)

Print (Stone image is Treated as Granite class)
Else

Print (Unknown class)
End.
3.1 Result Analysis: To evaluate the performance and
significance of the proposed SP-DDRGRM model, the
present study evaluates the classification accuracies using
standard classification algorithms and also user defined
algorithm. In this paper, for testing the efficiency of the
proposed method the classification of stone texture is
implemented k-Nearest Neighbor Classifier (KNNC), ID3
algorithm and Support Vector Machines algorithm. All the
experiments are carried out on a PC machine with i5 (5th
generation) processor 2.4 GHz CPU and 4 GB RAM

© 2015-19, JARCS All Rights Reserved

= = BB 5 (BB 0 0 [ m [B10 7 [V [ VIV 12T o 7] T
o | Wame |01 3le o] HEREEE sle o]t 3|4 . . .
1 | Mosaicoo1 [o |0 (16130 o [o o ws|afo]o o w]e]o]olo]um|o]o graphlca”y in Flgure 12.
2 | Masaicoo2 [0 [0 |1623 |0 |0 [0 [0 (90 oo o [o|ms oo |o]|e|1m|e)e
3| Mosdlel3 100 25100 |0 )0 |H10 110 [0 T 00 j0 om0l Table 5: Classification results of the Standard
- Classification and user defined algorithms on feature set.
6 | Moszicons |0 | o |265¢ |0 [0 | o |o |18 oo e [o [ws|ofo[o]e]2][a]0 Database Algorlthm Bricks | Marble | Mosaic | Granite
7 | Moszicoo7 0|0 |19s7 |0 (o [0 [o |13 |o|o|o |o |202|0 |0 [o]|o |22 0|0 Vistex K-NNC 95.99 96.16 96.08 96.26
8 | Mosaicoog |0 |0 (16700 o [o o wsfofofo o usfe]o o o ume]o]o
@ | Moszic002 0|0 |3174|afo |o|o (228 00 |0 o |245 0o |o]|o|2m|o]a SVM 96.25 96.4 96.25 96.16
10 | Mossizo1o |0 | o [2083 o |0 [0 {o {ze|o|o e {o [an]a]o oo ]as{o]0 ID3 96.46 96.44 96.38 96.39
11 | Mossico11 [o |0 [2153 o [o [o {0 [mefafo e {o oo oo re]o]e User 96.37 06.58 06.19 96.49
12 | Mosaico12 [0 |0 (1574 oo [o o e [afo]o {o mofo]oolo]u|o]o Defined
13 | Mosaico13 |0 |0 [1596 |0 |0 |o |0 |90 [o|o |0 {0 (96|00 |0 |0 |ws|o]0 e Ir_]e
14 | Mosaico14 |00 (1635|000 o ws|ofoo o mslo]oolo]m]o]o Algorlthm
15 | Mosaic01s |0 | 0 [1z13fo|o |o o 203 |ofe o [0 |1ss|ofo [ofo|mr]o]e Mayang K-NNC 96.99 96.67 06.51 96.5
16 | Mossico1s |0 | o 2108 |0 [0 [o [0 |12 oo e [o [we]o]o oo [wm]|o]o
17 | Masaic017 [o [0 (2258 |0 |0 |0 [o |21 |ofo o [o |m2fo]o o |o]|e|o]o SVM 96.94 96.36 96.7 96.77
T e e e T e e T ID3__ | 96.66 | 96.47 | 96.1 | 96.71
19 | Mossico1s [0 |0 2158 [0 [ o [0 {0 {ws|o|o e {o [as]a]o oo o]0 User 96.92 96.48 96.73 96.68
20 | Moszico20 |0 |0 [2263 0 [o [0 o {183 {o]o|o o |2m3|a]a|o]o|m|a]o Defined

Algorithm

Paul K-NNC | 96.06 | 96.75 | 97.07 96.8

Bourke SVM 96.25 | 96.34 | 96.25 | 96.28

ID3 96.39 | 96.3 96.43 | 96.51

User 96.48 | 96.76 | 96.43 | 96.77
Defined
Algorithm

Google K-NNC | 96.66 | 96.54 | 96.48 | 96.72

SVM 96.01 | 96.51 | 96.93 | 96.67

ID3 96.1 | 9642 | 96.91 | 96.81
User 96.73 | 96.88 | 96.78 | 96.76
Defined
Algorithm

From Table 5, it is evident that, all the classification
algorithms used in this study gave good classification results
on the derived feature set. So, the present study is well
suitable for feature extraction and classification using both
standard classification and user defined approaches
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B4 T [ i [T ] W Granite
O |m O |m (S
2 gl |2 |al | =
= e I I Z |
= = <
I

Vistex |Mayang | Paul | Google
Bourke

Figure 12: Classification graph of the proposed and
standard classification approaches

3.2 Comparison with other Methods:

The present method is compared with different stone texture
classification approaches like 5-bit T patterns on 3x3 sub
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image approach [20], Wavelet based Histogram
method(WHTP) [22], Texton feature evolution method [23]
and Syntactic Pattern on 3D method [24]. In each of these
approaches, stone textures are classified into four categories.
Further on the feature set generated using SP on DDRGRM
different standard classification approaches like k-NN, 1D3
and SVM are applied. From the results it is clearly obvious
that, the proposed method show signs of a high
classification rate than the existing methods. The percentage
mean classification rate for the proposed method and other
existing methods are represented in Table 6. The graphical
representation of the percentage mean classification rate for
the proposed method and other existing methods are shown
in Figure 13.

Table 6: % Mean classification rates for proposed SP-
DDRGRM model and other existing methods in the
literature

Wavelet Propos
Syntact based ed SP
ic Texton | Histogra on
5-bit T Pattern | Feature mon DDRG
Image Pattern on3D | Detecti Texton RM
Dataset | Approach | method on Patterns | Method

VisTex 95.95 93.15 | 95.46 92.87 96.30

Texture
Images
Taken

by

Camera 96.35 92.87 95.12 91.7 96.55

Google 96.76 93.32 | 94.86 93.56 96.61

Mayang 95.85 92.83 | 94.39 92.95 96.63

Paul
Bourke 95.93 93.05 | 95.23 93.05 96.49

W 5-bit “T” Pattern
Approach

® Syntactic Pattern
on 3D method

Histogram on
Texton Patterns

%5 g 5 2 2 Texton Feature
e H s 3 B Detection
ot 8 =] = =]
> © s m
2 —
= E
5 &
e
= ® Wavelet based
8
&
8

Figure 13: Results Comparison Graph of the SP-
DDRGRM approach with other Existing Methods
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4. CONCLUSION

The present paper provided a new direction for Stone texture
classification based on frequency occurrences of Surface
Patterns on DDRGRM (SP-DDRGRM). The proposed
method reduced the overall complexity of characterization
and classification as size of the stone texture image is
reduced from NxM to 2N/5 x2M/5 and also reduced the
gray level range from 0-255 to 0-4. The Topological Texture
Features are evaluated on each of the fuzzy level and it is
found that only SP’s are formed on fuzzy value 2. The SPs
used in the present approach are: Bezier curve features, U, V
and T patterns. The proposed study used twelve different
control points of Bezier curves which are estimated on each
5x5 sub image over reduced image. The novelty of the
proposed approach is the feature extraction process which is
suitable for both user defined algorithm and also for
standard classification algorithms like SVM, k-NN classifier
and ID3. The proposed approach SP-DDRGRM has
achieved an average classification accuracy of 96.51%.
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