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ABSTRACT 
 
This paper derives a new local descriptor gradient ternary 
transition based cross diagonal texture matrix (GTCDTM) for 
texture classification. This paper initially divides the image 
into a 3x3 window in an overlapped manner. On each 3x3 
window, this paper computes the gradient between center 
pixel and each sampling point of the window. This paper 
divides the gradient window into cross and diagonal matrices 
and computes gradient transition (GT) cross unit (GTCU) and 
GT diagonal unit (GTDU). The GT’s are derived by 
computing relationship between adjacent gradient pixels of 
cross and diagonal matrices in a clock wise manner. This 
research derived GTCDTM by computing the occurrence 
frequencies of GTCU vs. GTDU. The gray level 
co-occurrence matrix (GLCM) features derived on the 
proposed GTCDTM descriptor derive the feature vector. The 
proposed descriptor is tested on the popular databases using 
machine learning classifiers and equated with state of art local 
based methods. The results indicate the efficacy of the 
proposed method.  
 
Key words : gradient, 3x3 window, machine learning 
classifiers, ternary transitions.  
 
1. INTRODUCTION 

One of the crucial and major part in the texture analysis is 
the extraction of texture feature and it is one of the long 
standing problems. The extraction of texture features attained 
lot of significance due to its extensive range of applications in 
many applications like face detection and recognition [1-3], 
object recognition [4], sky extraction from fishy images [5], 
computer assisted diagnosis [6], pedestrian detection [7], 
classification of images [8-10], motion and activity analysis 
[11], surveillance systems [12], content based image retrieval 
(CBIR)[13-15] and many more. To characterize texture, 
which is the surface property of an object, many texture 
feature extraction methods have been proposed over the last 
decades and the significant ones are based on fractal, 
co-occurrence matrix, wavelet and Gabor filter approaches. 
Lot of literature is available on these models. In recent years 
 

 

local based methods have become popular tools to extract 
texture features. The texton based methods are also popular 
local based approaches [16]. The pattern based methods on 
local grid have become popular and widely used from the 
invention of local binary pattern (LBP) [17]. 

The LBP based approaches have become more popular and 
used in many research domains like medical image analysis 
[18], face recognition [19], CBIR[13, 14, 20]. The problem 
with texture feature extraction is the texture in real world 
presents arbitrary variations in illuminations, position, 
viewpoint, noise levels etc… Therefore the texture extraction 
methods should concentrate in deriving features that are 
invariant to illumination or shadows, rotation, scaling, noise 
etc. The texture classification can be grouped into local, 
region and global based methods based on the neighborhood 
or window size on which features are extracted. The local 
based methods mostly derive features on the local micro grid 
of size 2x2, 3x3 or 5x5. The region based methods derive 
features on region wise, where the image is divided into 
regions. The histogram methods are best examples of global 
based methods since histograms are derived on the entire 
image. Further the texture feature extraction methods are 
divided into probability, statistical and structure models. The 
statistical feature extraction methods extracts the texture 
features based on first, second and higher order statistics. 
These methods are very popular in the research and attained 
good results. The notable examples of this category are gray 
level co-occurrence matrix [21]. The best examples for 
probability models are Markov random fields [22], auto 
regressive model [23], sparse representation [24] etc.  
The section two gives the proposed frame work in a detailed 
manner. The section 3 represents the results and discussion 
with a brief notes on the description of the databases. The 
section four describes the conclusions. 
 2. PROPOSED METHOD 

In the literature local based methods are popular in 
extracting texture features than global and region based 
methods. Among the local based approaches LBP and its 
extensions are very popular and they have contributed 
significantly for various applications of image processing. 
The LBP is basically derived on a circular neighborhood of 
size 3x3. The LBP initially extracts the binary relationship or 
binary pattern by comparing the gray level value of center 
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pixel with each sampling point. Each sampling point Si is 
assigned a binary value as given in equation 1. LBP derives a 
unique code by using equation 2. The LBP replaces the center 
pixel value with the unique LBPc.  

푏 = 	 0	푖푓	푆 	≥ 	푆
1	푖푓	푆 < 	 푆                                          (1) 

퐿퐵푃 = 	 ∑ 푏 ∗	2                                    (2) 
 The LBP code ranges from 0 to 255 i.e. 0 to 2P-1 where P 
represents the number of sampling points.  
The LBP framework is shown below in Figure 1 and Figure 2. 

S0 S1 S2 
S7 Sc S3 
S6 S5 S4 

Figure1: A 3x3 neighborhood. 
 

70 80 40  0 0 0  20 21 22   
10 90 50  0  0 * 27  23  48 
25 140 120  0 1 1  26 25 24   

(a)  (b)  (c)  (d) 
Figure 2: The LBP framework (a) 3 x 3 neighborhoods with 
gray values (b) Binary pattern extraction (c) Binary weights 
(d) LBP code.  
 
The Fig. 2(a) represent a sample sub image patch of 3x3 
neighborhood. The binary pattern for each sampling point Si is 
derived using equation 1. The Fig.2(c) represents the 
corresponding binary weights. The summation of the product 
of binary patterns and corresponding binary weights as given 
in equation 2 results the LBP code (LBPc). The sample image 
patch of Fig.2 (a) derives LBPc 48. The center pixel value 90 
is replaced by the LBPc i.e. 48 in this case. The LBP 
framework repeats the same process in an overlapped manner 
and replaces the center pixel values with LBPc and this finally 
transforms the texture image into a LBP coded image. The 
LBPc holds the significant local information derived from the 
local image patch. The LBPc image normalizes the image gray 
level ranges from 0 to 255.  
To derive more significant information on the local 
neighborhood ternary patterns are derived using the 
relationship between center pixel and sampling points of the 
neighborhood. The ternary patterns are multiplied by the 
corresponding ternary weights to derive local ternary code 
(LTC) as given in equation 3 and 4.  

푇 = 	
0	푖푓	푆 < 	 푆
1	푖푓	푆 = 	 푆
2	푖푓	푆 > 	 푆

                                          (3) 

퐿푇 = 	∑ 푆 ∗	3                                          (4) 
The LTC ranges from 0 to 38-1, and it derives a huge code, 
however the ternary patterns derive more information than 
binary patterns. In the literature to overcome the above 
disadvantages of ternary patterns, which generate a huge 
range of codes 0 to 3P-1, local ternary patterns (LTP) [25] 
were proposed.  
2.1 Local ternary pattern  
The LBP was extended to ternary encoding by Tan and 
Trigger [25] in 2010, and this descriptor is named as local 
ternary pattern (LTP). The LTP extended the two 

conventional values of LBP {0 and 1} to three values {-1, 0, 
1} named as ternary patterns codes. The LTP derives ternary 
patterns based on a threshold t. The gray values of sampling 
pixel Si in a zone of width ±t around the center pixel gray 
value Sc are quantized to zero. Those below (Sc-t) are 
quantized to -1 and those above (Sc-t) are quantized to +1 as 
given in the following equation.   

푓(푥) = 	
+1	푆 > 	(푆 + 푡)

0	|푆 −	푆 | ≤ 푡
−1	푆 < 	(푆 − 푡)

                                    (5) 

The LTP derives LTP lower (LTPL) and LTP higher (LTPH) 
based on the ternary codes derived as given in equation 5 and 
derives LTPL and LTPH codes as in the case of LBP. The 
framework of LTP for a image patch of 3x3 window is given 
in Figure 3.  
    0 1 0   
    1  0 LTPH 196 
    1 0 0  LTPH 

code 
         
28 32 24  0 1 0   
42 26 12  1  -1   
62 15 20  1 -1 -1   

3x3 sample patch  Ternary codes by LTP 
 0 0 0   

    0  1 LTPL 56 
    0 1 1  LTPL 

code 
Figure 3: The LTP frame work. 

To derive a feature vector of LTP in terms of histogram one 
need to concatenate the histograms of LTPH and LTPL as 
given in equation 6. The LTP generates 2x2P possible 
different pattern where P is the number of neighboring pixels.  

퐻퐿푇푃 = 퐻퐿푇푃 	푈	퐻퐿푇푃                       (6) 
This paper derives ternary patterns to extract more local 
information with a low dimension on a gradient image using 
ternary transitions derived in between gradient neighbors of a 
grid instead of between Si and Sc as in the case of traditional 
approaches. This paper divides the 3x3 window into two sub 
windows of four pixels each. The proposed GTCDTM 
initially derives the gradient by computing absolute difference 
between center pixel Sc and sampling point Si as given in the 
following equation 7. 

퐺 = 푎푏푠(푆 − 푆 )  for i=0,1,2..7                           (7) 
Where i=0 to 7 represents the number of sampling points of 
3x3 window, Si and Sc represents the gray level value of the 
sampling point ‘i’ and center pixel Sc. The Gi represents the 
gradient of sampling point Si with respect to Sc. This paper 
divides the gradient window G into cross and diagonal 
matrices as shown in Figure 4. The LBP and its variants 
derived binary or ternary relation by extracting a relationship 
between center pixel and sampling points. The proposed 
GTCDTM derives the ternary pattern by extracting the 
transitions between gradient sampling points instead of binary 
relation as in the case of LBP and its variants.  
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  Figure 4: Proposed GTCDTM framework.   

   
 

       
  

 

 
 
 



B. Kishore  et al., International Journal of Advanced Trends in Computer Science and Engineering, 8(4), July- August 2019, 1332 - 1339 

1335 
 

 

푐 	표푟	푑 = 	
0	푖푓	퐺 < 	 퐺
1		푖푓	퐺 = 	 퐺
2	푖푓	퐺 > 	 퐺

                              (8) 

퐺푇퐶푈 = 	 ∑ 퐶 ∗	3                                  (9) 
퐺푇퐷푈 = 	∑ 퐷 ∗	3                                  (10) 

This paper initially divides the 3x3 gradient window into two 
units of 4 gradient pixels each and they are named as gradient 
cross (Gc) and gradient diagonal (Gd) units. This research 
extracted a ternary transition between adjacent sampling 
points of gradient cross and diagonal units as given in Eqn.8. 
This paper derived gradient transition cross unit (GTCU) and 
gradient transition diagonal unit (GTDU) using equation 9 
and 10 respectively. Finally this paper derived gradient 
transition based cross diagonal texture matrix (GTCDTM) 
based on the relative frequencies of GTCU and GTDU. The 
size of GTCDTM will be 81x81 (0..80 x 0..80). The 
GTCDTM is a 2-dimensional matrix. The rows of the 
GTCDTM represent the GTCU and the columns represent the 
GTDU. GTCDTM (i,j)= V; where i and j represents the values 
of GTCU and GTDU respectively and V represents the 
number of times for GTCU ‘i’, the GTDU ‘j’ has occurred. 
This paper derived GLCM features on GTCDTM. The 
algorithm for the proposed GTCDTM is given below.  
 
Algorithm 1:  
Begin 
Step 1: If the input image is a color image then convert into 
gray level image.  
Step 2: create a matrix of size 81x81 and name it is GTCDM. 
Step 3: initialize the GTCDM with zero values.  
Step 4: For each 3x3 overlapped neighborhood repeat the 
steps from 5 to 9.  
Step 5: Compute gradient of sampling points by deriving 
absolute difference between each sampling point and center 
pixel of the 3x3 window.  
Step 6: divide the 3x3 gradient window in to cross and 
diagonal window.  
Step 7: Compute GTCU let it be i. 
Step 8: Compute GTDU and let it be j. 
Step 9: assign GTCDTM (i,j) = GTCDTM(i,j)+1 
Step 10: Shift the neighborhood in an overlapped manner 
(shift the column by one position until the end of column and 
then shift the row by one position) 
Step 11: If the entire image is not convolved then go to step 5. 
Step 12: Derive GLCM features on GTCDTM with different d 
values and with different rotations on each d value. 
 Step 13: place the feature vector as input to the machine 
learning classifiers. 
Step 14: Perform the classification and note down for which d 
value the classification rate is high.  
End of the algorithm  
 
3.  RESULTS AND DISCUSSIONS 
 
To test the efficacy of the proposed descriptor this paper 
tested the existing methods and the proposed descriptor 
GTCDTM on five popular and widely used texture databases 
used in the literature namely ALOT[34], Outex [35], 

Brodtaz[36], UIUC[37] and KTH-TIPS [38]. The sample 
images of these databases are displayed in Figures 5 to 9. The 
brief description about these databases is summarized in table 
1. The table 2 displays the number of classes, number of 
images per class, the size of each image considered in the 
experimental set up from the above affordable databases.  

 
Figure 5: Sample images of ALOT database. 

 

 
Figure 6: sample images of Outex database. 
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Figure 7: Sample images of Brodatz database. 

 
Figure  8: Sample images of UIUC database. 

 

 
Figure 9: Sample images of KTU-TIPS texture database. 

 
 
 

 
 

Table 1: Description about the databases. 
S.No Name of the 

database 
Number 
of 
different 
classes 

Number 
of 
images 
per class 

Size of 
the image 

1 A LOT 250 100 250x100 
2A Outex-TC-10 6 20 128x128 
2B Outex-TC-12 6 20 128x128 
3 Brodtaz 30 - 512x512 
4 UIUC 25 40 640x480 
5 KTH-TIPS 10 81 128x128 
 
 
Table 2: Number of classes and images considered for the 
experimental purpose.  
S.
No 

Name of 
the 
database 

Considered set by the present research 
Num
ber of 
differ
ent 
class
es 

Numb
er of 
non-ov
erlapp
ed 
portio
ns  

Size of 
the each 
image 

No. 
of 
ima
ges 
per 
clas
s 

Total 
imag
es of 
datab
ase 

1 A LOT 250 3 64x64 10 2500 
2A Outex-T

C-10 
6 - 128x128 20 120 

2B Outex-T
C-12 

6 - 128x128 20 120 

3 Brodtaz 30 16 128x128 16 480 
4 UIUC 25 151 128x128 100 2500 
5 KTH-TI

PS 
10 81 128x128 81 810 

 
This paper derived GTCDTM with three distance values d = 
1, 2 and 3 and on each distance value this research considered 
six different rotations = 0o, 45o, 90o, 135o, 180o and 225o. 
This paper derived six GLCM features namely: Contrast, 
correlation, Entropy,    Homogeneity, Inverse Difference 
Moment (IDM) and Prominence feature on each rotation 
angle. This raises the feature vector of six o*f= 6*6=36 
features on each distance value. In the literature most of the 
work on classification used distance functions as a classifiers. 
This research used machine learning classifiers for 
classification purpose. The proposed GTCDTM descriptor 
carried out the classification task by using multiplayer 
perceptron, naivebayes, IBK and J48 classifiers on the above 
databases. The feature vector is given as input to the four 
machine learning classifiers. This paper initially compared the 
performance of the proposed descriptor GTCDTM on these 
four machine learning classifiers on different databases with 
different d values i.e. d=1,2 and 3 and found that for the d 
value =2, all the four classifiers has given more significant 
classification rate. The table 3 gives the classification rate of 
the proposed descriptor for the d value 2. 
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Table 3: The classification rates of GTCDTM with different classifiers on d=2. 
 

S.No Database Ibk Naivebayes J48 Multilayer perceptron 
1 A LOT 92.36 82.36 82.68 93.26 
2 Outex-TC-10 94.65 83.62 84.32 97.29 
2A Outex-TC-12 92.36 84.26 85.63 99.29 
3 Brodtaz 93.62 83.85 84.69 96.45 
4 UIUC 94.99 84.89 85.63 97.21 
5 KTH-TIPS 96.32 85.21 86.36 98.29 
 Average classification rate 94.05 84.03 84.89 96.97 
 
The last row of the table 3 gives the average classification rate 
of the proposed GTCDTM and it shows that the multilayer 
perceptron exhibited high classification rate when compared 

to the rest of the classifiers. This paper used multilayer 
perceptron classification rates of GTCDTM when compared 
to other existing methods.  

 
Table 4: Classification rate (%) of proposed method and existing classifiers. 

 
 

 
 

 
Figure 11: Comparison of proposed method and state-of-art methods. 

The proposed descriptor compared the classification 
accuracies with the existing and popular classification frame 
works: LBP[17], LTP[25], CLBP-SMC [31], CS-LBP [32], 
MCM[33], MMCM [13], LMP-CM[14] and CDCETM [34]. 
The classification accuracies are listed in Table 4. 
 
Major contribution of this work: 

1. Derivation of gradient based cross and diagonal units 
by partitioning the 3x3 neighborhood. 

2. Derivation of transition functions in between 
adjacent sampling points of cross and diagonal 
matrices, instead of center pixel and sampling points. 

3. Derivation of GTCDTM based on occurrence 
frequency of GTCU vs GTDU  

4. Derivation of GLCM features on proposed 
GTCDTM for efficient texture classification.  

 
Form the experimental results it is evident that among LBP, 
LTP and CS-LBP: the CS-LBP attained high classification 
rate mainly due to the extraction of center symmetric relations 
among the 3x3 neighborhood. Among LBP and LTP, the LTP 
attained good classification rate due to the derivation of 
ternary patterns. This paper also considered three motif 
methods namely MCM, MMCM, LMP-CM and these 
methods are derived on a 2 x 2 grid in contrast with above 
LBP based methods which are derived on 3 x 3 neighborhood. 
In the literature the motif based methods are mainly derived 
for CBIR, however due to their extraction of texture features 

40
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Brodatz Outex-Tc-10 Outex-Tc-12 UIUC KTH-TIPS ALOT

C
la

ss
ifi

ca
tio

n 
ra

te
(%

) 

Different databases

LBP [17]

LTP[25]

CLBP-SMC[31]

CS-LBP[32]

MCM[33]

MMCM[13]

LMP-CM[14]

CDCETM[34]

GTCDTM

Database LBP[17] LTP[25] CLBP-S
MC 
[31] 

CS-LBP 
[32] 

MCM 
[33] 

MMCM 
[13] 

LMP-C
M 

[14] 

CDCETM 
[34] 

Proposed 
GTCDTM 

Brodatz 54.28 67.50 85.23 74.56 86.32 87.68 88.56 95.81 96.23 
Outex-Tc-10 56.11 74.56 89.88 74.11 89.92 90.21 91.25 91.42 92.32 
Outex-Tc-12 56.19 75.88 90.30 74.64 91.25 92.35 93.36 97.52 98.21 
UIUC 62.86 67.16 87.64 74.24 88.63 89.88 90.24 96.92 96.52 
KTH-TIPS 64.16 66.18 89.14 72.14 90.21 91.23 92.31 96.72 97.21 
ALOT 52.26 56.24 80.46 70.14 81.52 82.68 83.54 98.02 98.11 



B. Kishore  et al., International Journal of Advanced Trends in Computer Science and Engineering, 8(4), July- August 2019, 1332 - 1339 

1338 
 

 

on a micro grid of size 2x2, they are also experimented in this 
paper for texture classification. And these methods attained 
high classification rate than LBP based methods considered in 
this paper. The three motif based methods almost achieved the 
similar classification rate however a slight high classification 
rate is achieved for LMP-CM due to derivation of  rich local 
information. The dimension of LMP-CM is 36x36 and it does 
not depend on the gray level or intensity level range of the raw 
texture image.  The MMCM results are slightly better than 
MCM due to its high tendency in capturing more 
discriminative texture information, than MCM, by deriving 
Peano scan motifs in two different directions. Finally the 
proposed GTCDTM attained high classification rate when 
compared to the rest of the methods.  

4. CONCLUSION 
 
This paper derived a new descriptor called GTCDTM that is 
based on gradient and ternary transitions concept. The 
gradient approach derives the significant information between 
center pixel and sampling points. The divisions of 3x3 
windows into cross and a diagonal matrix reduces the overall 
dimensionality. The ternary transitions between sampling 
points resembles the scanning pattern of a motif. The scanning 
pattern is in clockwise direction i.e. fixed direction this 
overcomes the ambiguity issues. The proposed descriptor 
derives relationship between center pixel and sampling points 
in the form of a gradient and ternary relationship between 
adjacent gradient pixels using a transition function and thus it 
derives more significant information than other descriptors. 
The GLCM features derived on the GTCDTM makes the 
present descriptor to integrate with statistical features also. 
The proposed descriptor is tested on popular databases, the 
experimental results indicates high classification rate and also 
a better classification rate than the existing state art of 
methods. The main reasons for this is due to the gradient 
approach derivation of ternary transition in a fixed scan 
direction and integration of GLCM features on GTCDTM.  
. 

REFERENCES 
[1] B. Vamsee Mohan, V. Vijaya Kumar, A Method for 

Face Recognition Based on Rotational Invariant 
Structural Texture Primitives (RISTP), Derived on 
Local Directional Pattern (LDP), Journal of 
Computational and Theoretical Nanoscience, Vol. 16, 
1–10, 2019 
https://doi.org/10.1166/jctn.2019.7933 

[2] B. Vamsee Mohan, V. Vijaya Kumar, Face 
Recognition Based on Robust Third Order 
Symmetric Texture Matrix, International Journal of 
New Innovations in Engineering and Technology, 
Volume 9 Issue 3– December 2018 

[3] Ranjana Dahake, M. U. Kharat , Priti Lahane, 
Challenges and Advances in Human Face 
Recognition from Real Time Video, International 
Journal of Advanced Trends in Computer Science and 
Engineering, Volume 5, No.6, November - December 
2016. 

 
[4] Torralba, A., Fergus, R., Freeman, W.T., 2008. 80 

Million tiny images: a large data set for 
nonparametric object and scene recognition. IEEE 
Trans. Pattern Anal. Mach. Intell.30 (11), 1958–1970. 
https://doi.org/10.1109/TPAMI.2008.128 

[5] Merabet, Y.E., Ruichek, Y., Ghaffarian, S., Samir, Z., 
Boujiha, T., Messoussi, R., Touahni, R., Sbihi, A., 
2017. Maximal similarity based region 
classification method through local image region 
descriptors and bhattacharyya coefficient-based 
distance: application to horizon line detection 
using wide-angle camera. Neurocomputing 265, 
28–41. 
https://doi.org/10.1016/j.neucom.2017.03.084 

[6] Remeseiro, B., Mosquera, A., Penedo, M.G., 2016. 
Casdes: a computer-aided system to support dry 
eye diagnosis based on tear film maps. IEEE J 
Biomed Health Inform 20 (3), 936–943. 
https://doi.org/10.1109/JBHI.2015.2419316 

[7] Zheng, C.-H., Pei, W.-J., Yan, Q., Chong, Y.-W., 
2017. Pedestrian detection based on gradient and 
texture feature integration. Neurocomputing 228, 
71–78. 
https://doi.org/10.1016/j.neucom.2016.09.085 

[8] B. Kishore , V. Vijaya Kumar, Local Texton Center 
Symmetric Pattern Matrix (LTCSPM) On 
Wavelet Domain for Texture Classification, 
International Journal of Innovative Technology and 
Exploring Engineering (IJITEE), ISSN: 2278-3075, 
Volume-8 Issue-2S December, 2018 

[9] Ahmed Alkinani, Ghasan Ali Hussain, Automatic 
Liver Segmentation Method using non-contrast 
Enhanced ct images for liver fat evaluation by 
matlab, International Journal of Advanced Trends in 
Computer Science and Engineering, Volume 6, No.3, 
May - June 2017 

[10] Y.Sowjanya Kumari, V. Vijaya Kumar, Ch. 
Satyanarayana, Texture Classification Using 
Complete Texton Matrix, I.J. Image, Graphics and 
Signal Processing ,2017, 10, 60-68 
https://doi.org/10.5815/ijigsp.2017.10.07 

[11] Elharrouss, O., Moujahid, D., Tairi, H., 2015. Motion 
detection based on the combining of the 
background subtraction and the structure-texture 
decomposition. Optik-Int. J. Light Electron Opt. 126 
(24), 5992–5997 
https://doi.org/10.1016/j.ijleo.2015.08.084 

[12] Xue, K., Liu, Y., Ogunmakin, G., Chen, J., Zhang, J., 
2013. Panoramic gaussian mixture model and 
large-scale range background substraction 
method for ptz camera-based surveillance 
systems. Mach. Vis. Appl. 1–16. 

[13] A.Obulesu,  V. Vijay Kumar,  L. Sumalatha, Content 
based Image Retrieval Using Multi Motif 
Co-Occurrence Matrix, I.J. Image, Graphics and 
Signal Processing, 2018, 2018, 4, 59-72. 
https://doi.org/10.5815/ijigsp.2018.04.07 

[14] A.Obulesu,  V. Vijay Kumar,  L. Sumalatha, Image 
Retrieval based Local Motif Patterns Code,  I.J. 



B. Kishore  et al., International Journal of Advanced Trends in Computer Science and Engineering, 8(4), July- August 2019, 1332 - 1339 

1339 
 

 

Image, Graphics and Signal Processing, 2018, 6, 
68-78. ,2018, 6, 68-78. 
https://doi.org/10.5815/ijigsp.2018.06.07 

[15] A.Obulesu,V. Vijay Kumar,L. Sumalatha, Cross 
Diagonal Derivation Direction Matrix for 
Efficient Image Retrieval , Jour of Adv Research in 
Dynamical & Control Systems Vol. 10, No. 4, 
pg.284-295, 2018 
https://doi.org/10.5815/ijigsp.2018.04.07 

[16] Y.Sowjanya Kumari, V. Vijaya Kumar, Ch. 
Satyanarayana, Classification of Textures Based 
On Multi Block Local Texton Feature Model , 
Journal of Adv Research in Dynamical & Control 
Systems, Vol. 10;  Issue-01, 2018 
https://doi.org/10.5815/ijigsp.2018.02.05 

[17] Ojala, T., Pietikäinen, M., Harwood, D., 1996a. A 
comparative study of texture measures with 
classification based on featured distributions. 
Pattern Recognit. 29 (1), 51–59 
https://doi.org/10.1016/0031-3203(95)00067-4 

[18] Nanni, L., Lumini, A., Brahnam, S., 2010. Local 
binary patterns variants as texture descriptors for 
medical image analysis. Artif. Intell. Med. 49 (2), 
117–125. 
https://doi.org/10.1016/j.artmed.2010.02.006 

[19] Li, S.Z., Chu, R., Ao, M., Zhang, L., He, R., 2006. 
Highly accurate and fast face recognition using 
near infrared images. International Conference on 
Biometrics. Springer, pp. 151–158. 
https://doi.org/10.1007/11608288_21 

[20] Murala, S., Maheshwari, R., Balasubramanian, R., 
2012. Local tetra patterns: a new feature 
descriptor for content-based image retrieval. IEEE 
Trans. Image Process. 21 (5), 2874–2886. 
https://doi.org/10.1109/TIP.2012.2188809 

[21] Textural features for image classification , IEEE 
transactions on systems, MAN and cybernetics , Vol. 
SMC-3, No. 6, November-1973, pp: 610-612 
https://doi.org/10.1109/TSMC.1973.4309314 

[22] F.S. Cohen , Z. Fan , M.A. Patel , Classification of 
rotated and scaled textured images using 
Gaussian Markov random field models, IEEE 
Trans. Pattern Anal. Mach. Intell. 13 (1991) 192–202 
https://doi.org/10.1109/34.67648 

[23] J. Mao , A.K. Jain , Texture classification and 
segmentation using multiresolution simultaneous 
autoregressive models, Pattern Recognit. 25 (1992) 
173–188 . 
https://doi.org/10.1016/0031-3203(92)90099-5 

[24] K. Skretting , J. Husøy , Texture classification using 
sparse frame-based representations, EURASIP J. 
Adv. Signal Process. 2006 (2006) 1–11 . 
https://doi.org/10.1155/ASP/2006/52561 

[25] Tan, X., Triggs, B., 2010. “Enhanced local texture 
feature sets for face recognition under difficult 
lighting conditions”, IEEE Trans. Image Process. 19, 
1635–1650 
https://doi.org/10.1109/TIP.2010.2042645 

[26] G. J. Burghouts and J.-M. Geusebroek, 
“Material-specific adaptation of color invariant 

features,” Pattern Recognit. Lett., vol. 30, no. 3,pp. 
306–313, Feb. 2009. 
https://doi.org/10.1016/j.patrec.2008.10.005 

[27] http://www.outex.oulu.fi/index.php?page=image_dat
abaseS. 

[28] Abdelmounaime, S.; Dong-Chen, H. “New 
Brodatz-Based Image Databases for Gray scale 
Color and Multiband Texture Analysis”. ISRN 
Mach. Vis. 2013, 2013, doi:10.1155/2013/876386 

[29] S. Lazebnik, C. Schmid, and J. Ponce, “A sparse 
texture representation using local affine regions,” 
IEEE Trans. Pattern Anal. Mach. Intell.,vol. 27, no. 8, 
pp. 1265–1278, Aug. 2005 
https://doi.org/10.1109/TPAMI.2005.151 

[30] E. Hayman, B. Caputo, M. Fritz, and J. Eklundh, “On 
the significance of real-world conditions for 
material classification,” in European Conference on 
Computer Vision (ECCV), 2004, pp. 253–266. 
https://doi.org/10.1007/978-3-540-24673-2_21 

[31] Z. Guo, L. Zhang, and D. Zhang, “A completed 
modeling of local binary pattern operator for 
texture classification,” IEEE Trans. Image Process., 
vol. 9, no. 16, pp. 1657–1663, Jun. 2010 
https://doi.org/10.1109/TIP.2010.2044957 

[32] Marko Heikkil¨a1, Matti Pietik¨ainen1, and Cordelia 
Schmid2, Description of Interest Regions with 
Center-Symmetric Local Binary Patterns, ICVGIP 
2006, LNCS 4338, pp. 58–69, 2006. 
https://doi.org/10.1007/11949619_6 

[33] Jhanwar N, Chaudhuri S, Seetharaman G, 
Zavidovique B. Content-based image retrieval 
using motif co-occurrence matrix. Image Vision 
Comput 2004; 22:1211–20 
https://doi.org/10.1016/j.imavis.2004.03.026 

[34] K. Subba Reddy, V. Vijaya Kumar, A.P. Siva Kumar, 
Cross Diagonal Circular and Elliptical Texture 
Matrix for Efficient Texture Classification , Jour of 
Adv Research in Dynamical & Control Systems, Vol. 
10, No. 4, 2018 

 


