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Abstract - In this paper, we address the problem of segmenting CBIR using Wavelet Transforms with a Dynamic Texture 
(DT) into disjoint regions. A DT might be different from its spatial mode (i.e., appearance - color variation) and/or temporal 
mode (i.e., motion field - movement of objects). For the appearance mode, we use a new local spatial texture descriptor to 
describe the spatial mode of the DT; for the motion mode, we use the optical flow and the local temporal texture descriptor 
to represent the temporal variations of the DT. In addition, for the optical flow, we use the histogram of oriented optical flow 
(HOOF) to organize them. To compute the distance between two HOOFs, we develop a simple effective and efficient 
distance measure based on Weber’s law. Furthermore, we also address the problem of threshold selection by proposing a 
method for determining thresholds for the segmentation method by an offline supervised statistical learning. 
 
Keywords - 1. Content Based Image Retrieval, 2. Dynamic Texture (DT).  
 
I. INTRODUCTION 
 
CBIR is a technique which uses chromatic features of 
an image such as color, texture, shape to search 
images from an enormous database similar to user’s 
query. The CBIR system have been used in variety 
applications such as Fashion, Engineering design and 
Interior design, Journalism and Web Advertising, 
Medical diagnosis, Architectural, and Crime 
prevention etc.  
A Dynamic Texture (DT) is an extension of the 
texture to the temporal domain. How to segment a DT 
is a challenging problem. (Texture - Image or a 
Picture, DT-visual processes, which consist of a 
group of particles with random motion). In this paper, 
we address the problem of segmenting a DT into 
disjoint regions (different regions). DT segmentation 
is to separate the different groups of particles 
showing different random motion. Monitoring or 
Detecting Changes in the environment based on the 
variation in appearance(colour variation) and also 
motion (Change of position of the Object, i.e. 
movement of colour). 
 
II. LITRATURE SURVEY 
 
Inspired by Weber's Law, this paper proposes a 
simple, yet very powerful and robust local descriptor, 
called the Weber Local Descriptor (WLD). It is based 
on the fact that human perception of a pattern 
depends not only on the change of a stimulus (such as 
sound, lighting) but also on the original intensity of 
the stimulus. Specifically, WLD consists of two 
components: differential excitation and orientation. 
The differential excitation component is a function of 
the ratio between two terms: one is the relative 
intensity differences of a current pixel against its 
neighbors; the other is the intensity of the current 
pixel. 

III. EXISTING  SYSTEM 
 
Two types of statistical models can be applied to DT 
segmentation: generative models and discriminative 
models. A generative model is a model for randomly 
generating observable data, typically given some 
hidden parameters after that, they proposed the 
layered dynamic texture (LDT) to represent a video 
as a collection of stochastic layers of different 
appearance and dynamics and then proposed a 
variation approximation for the LDT that enables 
efficient learning of the model. 
 
IV. PROPOSED SYSTEM 
 
A new method is proposed based on both appearance 
and motion information for the segmentation of 
dynamic textures. For appearance – we use local 
spatial texture descriptors to describe the spatial 
mode of DT. For motion - we use the optical flow and 
local temporal texture descriptors to represent the 
movement of objects, and employ the Histogram of 
Oriented Optical Flow (HOOF) approach to organize 
the optical flow of a region. 
 
V. DYNAMIC TEXTURE CLUSTERING 
ALGORITHM 
 
Segmentation is the process of finding a connected 
region within the image with a specific property such 
as color or intensity, or a relationship between pixels, 
that is, a pattern. Classification of a drum as 
``suspect'' is done if the number of pixels denoting 
rusty regions or paint blisters exceeds a specific 
threshold. The threshold is tunable depending site-
specific requirements. Since drum failure modes and 
human inspector assessments appear to be highly site-
specific, it was deemed necessary that the algorithms 
should be adaptable to the site requirements. A 
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learning algorithm is provided which, given inputs 
from a human ``tutor'', adjusts the algorithm 
parameters. It is straightforward to add additional 
feature extraction approaches to the present system, 
once suitable decompositions into hardware-
implementable computations are designed. 

 
Fig.1. Schematic for Feature Vector Generation 

 
VI. IMAGE SEARCH AND CBIR SYSTEMS 
 
To find similar images, edge-based and color-layout 
features are used. It also enables region-based queries 
by detecting salient regions and extracting their 
features. They utilized image segmentation 
techniques to image and filtering processes prior to 
image analysis, while we use EXIT data, which gives 
a better way to find approximate position within 
image. But, their work flow of matching core logic is 
running on the server, and client-side module is only 
working as interface for the user. 
 
VII. WAVELET TRANSFORMS 
 
The “frequency” domain is the color variation 
between adjacent pixels. For an N x M image, the 
first transformation step decomposes the signal into 
four sub-images of size N/2 x M/2, representing the 
sub-bands in the frequency domain. The obtained 
sub-images are labeled as LL;  LH ; H L; H H, where 
L and H represent low- and high-frequency 
information, respectively, and the first and the second 
position refer to the horizontal and the vertical 
direction, respectively. The second transformation 
level decomposes the LL sub-image, obtaining four 
images of size N/4 x M/4, and so on. In below figure 
shows, the decomposition of the frequency domain at 
different scale levels: 

 
Fig.2: After applying wavelet transformation for 3 iterations 

The multi-wavelets used here have two channels, so 
there will be two sets of scaling coefficients and two 
sets of wavelet coefficients. Since multiple iteration 
over the low pass data is desired, the scaling 
coefficients for the two channels are stored together. 
Likewise, the wavelet coefficients for the two 
channels are also stored together. 
 

 
Fig 2( i) Image Decomposition after A Single Level-Scaling for 

Multi-Wavelets 
 

VIII. COLOR HISTOGRAM AND TEXTURE 
FEATURE 
 
A color histogram represents the distribution of 
colors in an image, through a set of bins, where each 
histogram bin corresponds to a color in the quantized 
color space. A color histogram for a given image is 
represented by a vector in Equation (1): 
 
H={H[0],H[1], H[2], H[3],…H[i].. H[n]}…(1) 
 
In order to compare images of different sizes, color 
histograms should be normalized. The normalized 
color histogram H’ is given as in Equation (2): 
 
H’={H’[0],H’[1],H’[2],H’[3],…H’[i]..H’[n]}…(2) 
 
IX. TEXTURE IMAGE RETRIEVAL 
PROCEDURE 
 
The multi wavelet is calculated of each image from 
the database. The multi wavelet decomposed in to 16 
sub bands then calculate the energies of 16 sub bands 
and those energy values are arranged in a row vector.  
For example: Energy=[e1 e2 e3……e16] ;  
 
Wheree1, e2, e3 are the energy values of each sub 
band. 
 
Calculate the energy of all decomposed images at the 
same scale. 
 
X. INTEGRATING WAVELET FEATURES 
FOR EXTRACTION OF COLORED 
TEXTURES 
 
This can be explained from the fact that coefficients 
in different frequency band show variation in 
different scales and directions. An input color image 
can be looked as a 3-D energy function E(x, y, λ) 
where (x,y) denotes the spatial coordinates and λ 
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denotes the  wavelength of light energy. The local 
spatial frequency characteristics of    E(u, v, λ) can be 
used to capture texture characteristics. The properties 
can be combined in the wavelet domain by 
convolution with a wavelet filter in the 
 
Spatial domain with the independent color channels. 
 
M^(u, v, λ) = h(u, v) ∗∫E(u, v, λ)dλ 
 
The filter bank h(u, v) is a set of band pass filters with 
frequency selective properties. The original image is 
available in RGB format. The RGB values encode the 
color information. Each of the individual components 
are transformed separately. 
 
XI. MULTI-RESOLUTION FEATURE 
EXTRACTION 
 
The multi-resolution analysis is performed 
considering the spatial similarities across sub-bands. 
In general there are spatial similarities across sub-
bands. The pixels in each sub-band are linked to the 
pixels of the adjacent sub-band at the next lower 
level. Each pixel (x, y) from the former set of sub-
bands acts as the root of pixels (2x , 2y) , (2x +1, 2y),    
(2x , 2y + 1), (2x +1, 2y +1). 
 

 
 

 
Fig.2(a) Original image, (b) Segmented output 

(3 regions) (c) Segmented output (3class, boundaries assigned a 
common black label). 

 

 
Fig.3.a) Original image, (b)Segmented output 

(3 regions) 

XII. RESULTS FOR DISTINCTIVE 
PROPERTIES 
 

 
Fig. 4. Precision curve from results with individual features 

 

 
Fig. 5. Comparative results 

 
XII. APPLICATIONS 
 
 Remote Monitoring (No need for Monitoring 

person to be present at the location). 
 Surveillance in Challenging Environment, for 

e.g. In Military or in Borders. 
 To detect changes in the Environment, for e.g. 

Detecting a Intruder (thief) breaching security in 
banks or home, Monitoring animals in forest, 
Monitoring Fire in forest to avoid major 
disasters. 

 
CONCLUSION 
 
We proposed a new framework for dynamic texture 
segmentation based on spatiotemporal features. In 
this work we have developed an image segmentation 
algorithm using wavelet packet based features and its 
algorithms. For the spatial mode, we employed a new 
texture feature to characterize each region of a frame 
of DT, i.e., the histograms of LBP and WLD features 
in the XY plane of DT. For the use of the optical flow 
the histograms of LBP and WLD features in motion 
field. We also addressed the problem of choosing 
thresholds for the segmentation framework. In 
addition, we developed a weighted Weber distance 
measure, which is computationally simple. 
Experimental results and comparison with existing 
methods show that our method is effective for DT 
segmentation. Furthermore, our method performs 
well on sequences with cluttered background. In the 
Discrete Wavelet transform and multi-wavelet has 
been proposed. It is better accuracy and computation 
complexity is low. The computational steps are 
effectively reduced with the use of Discrete Wavelet 
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transform and multi-wavelet. As a result, there is a 
substation increase in the retrieval speed. The whole 
indexing time for the 1000 image database takes 2 
minute 3 seconds. 

 
Fig.6. a). Dinosaur query image with its retrieved images using wavelet 

color histogram. 

 
Fig 6(b):  Horse query image with its retrieved images 

using wavelet color histogram 
 

 
Fig. 6(c): Horse query image with its retrieved images using 

wavelet-based texture feature extraction. 
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