
International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-5, Issue-4, Aprl.-2017 
http://iraj.in 

Uniform and Rotation Invariant Texture Model for Material Recognition 
 

34 

UNIFORM AND ROTATION INVARIANT TEXTURE MODEL FOR 
MATERIAL RECOGNITION 

 
1D.ANITHA, 2M.SRIKANTH, 3PONNEKANTI PRASANNA LAKSHMI 

 
1152W1D3806, GVR&S College of Engineering and Technology 

2Asst. Prof., Dept. Of ECE GVR&S College of Engineering and Technology 
3162W1D3805, GVR&S College of Engineering and Technology 

E-mail: 1anithajylas03@gmail.com, 2srikanthmuvva695@gmail.com, 3pprasanalakshmi1995@gmail.com 
 
 
Abstract - Local binary pattern (LBP) and its variants have shown promising results in visual recognition applications. 
However, most existing approaches rely on a pre-defined structure to extract LBP features. We argue that the optimal LBP 
structure should be task-dependent and propose a new method to learn discriminative LBP structures. We formulate it as a 
point selection problem: Given a set of point candidates, the goal is to select an optimal subset to compose the LBP structure. 
In view of the problems of current feature selection algorithms, we propose a novel Maximal Joint Mutual Information 
criterion. Then, the point selection is converted into a binary quadratic programming problem and solved efficiently via the 
branch and bound algorithm. The proposed LBP structures demonstrate superior performance to the state-of-the-art 
approaches on classifying both spatial patterns in scene recognition and spatial-temporal patterns in dynamic texture 
recognition. 
 
Keywords- LBP structure optimization, maximal joint mutual information, binary quadratic programming, scene 
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I. INTRODUCTION 
 
However, covariance descriptors in the original low-
dimensional feature space usually have limited 
capability in encoding richer and more discriminative 
information [1, 2]. Meanwhile, dramatic increase of 
feature dimension brings challenges on the robust 
estimation of covariance representations. Recently, 
the covariance matrices as region image 
representations have attracted increasingly attentions 
in a number of computer vision tasks, such as 
pedestrian detection [4], visual tracking [3], image set 
classification. Rotation invariant texture analysis is a 
widely studied problem [1], [2], [3]. It aims at 
providing with texture features that are invariant to 
rotation angle of the input texture image. Moreover, 
these features should typically be robust also to image 
formation conditions such as illumination changes. 
Describing the appearance locally, e.g., using co-
occurrences of gray values or with filter bank 
responses and then forming a global description by 
computing statistics over the image region is a well 
established technique in texture analysis [4]. This 
approach has been extended by several authors to 
produce rotation invariant features by transforming 
each local descriptor to a canonical representation 
invariant to rotations of the input image [2], [3], [5]. 
The statistics describing the whole region are then 
computed from these transformed local descriptors. 
 
Our contributions are three-fold: a) Here we propose 
a new formulation of LBP structure optimization by 
casting it as a point selection problem. b) To find that 
Max-Dependency criterion is better approximated 
using joint mutual information. The proposed 
approach demonstrates superior performance on 
scene recognition and Material recognition. 

II. SPATIAL RELATIONSHIP OVER 
INVARIANT METRICS OF INPUT IMAGES 
 
 They are stable over any illumination changes;  
 Easy to compute and external parameters are not 

required;  
 Fully depends on local characteristics and 

defines spatial relationship with surrounding 
pixels.  

 They are invariant over any image 
transformations and scaling (since appearance 
and distance of object projection is always being 
the cases in vehicle movements); 

 
III. PROPOSED METHOD 
 
The algorithmic procedure of performing the image 
encryption is then given as follows: 
 Step 1: Load all observations which are 

specifying texture measurements. 
 Step2: To find mean value. 
 Step3: To find variance matrix. 
 Step4: List them in descending order of variance 
 Step5: Assign score values for each 

measurement. 
 Step6: High values of the likelihood features are 

selected (maximal descriptive set of independent 
features). 

 
Fig.1. Pair wise rotational invariant texture model 
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For feature selection, it is desirable to maximize the 
dependency of the target class on the data 
distribution, known as Max-Dependency scheme. It is 
difficult to directly estimate such a dependency. 
Thus, approximated algorithms such as Max 
Relevance and mRMR were often utilized [6]. We 
find that these may not closely approximate Max-
Dependency criterion for LBP structure optimization.   
 
PCA transform: We use binarized pixel differences 
between 24 neighbors and the central pixel as 
potential candidates for spatial LBPand those 
between 26 neighbors and the central pixel of frame t 
as potential candidates for STLBP PCA 
dimensionality reduction for. 
 
The extraction and recovery process:  Direct 
feature selection/extraction from the LBP-histogram 
bins: Adaboost bin selection [8], and PCA 
dimensionality reduction for CENTRIST [8]. 2) 
Other LBP-structure-learning approaches: 
discriminant face descriptor [9]. 
 
IV. IMPLEMENTATION RESULTS 
 
The level of texture description and the quality of the 
Material Recognition in  reconstructed image are 
independent of the values of texture parameters. 
Generally, the lower the texture and the smoother the 
original image, the better the quality of the 
reconstructed image. Compared with the previous 
approaches, here we proved the encryption security 
and reconstruction quality even with high texture 
images. The proposed scheme can significantly 
improve the embedding efficiency with pre-coded 
input data. 
 

 
Fig 2 texture output images 

 
CONCLUSION 
 
In this paper, we propose a new method of deriving 
the discriminative LBP structures by casting the 
structure optimization as a point selection problem. 
Existing algorithms such as Max-Relevance and 
mRMR may not well approximate Max-Dependency 

criterion. Thus, a MJMI scheme is proposed to better 
approximate Max-Dependency criterion. We then 
convert the proposed MJMI scheme into a binary 
quadratic programming problem and achieve a 
globally optimal solution via the branch and bound 
algorithm. The proposed approach is applied on scene 
recognition and DT recognition. For both tasks, it 
significantly outperforms the published best results 
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