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Abstract:  This paper is based on the mining of overhead images from the large database using input image. Local feature 
extractions are particularly well suited for the newer generations of aerial and satellite imagery whose increased spatial 
resolution. Feature extraction have been successfully applied particularly for challenging tasks such as detection and 
classification. We can also perform an extensive evaluation of local invariant features for high resolution image mining of 
land-use/land-cover (LULC) aerial imagery.Scale Invariant Feature Transform (SIFT) is used to matching the image in  the 
large database. Bag-of-visual-words (BOVW) representation like saliency- versus grid-based local feature extraction on the 
basis of a number of design parameters. BOVW representation is used to measurethe size of the visual codebook, the 
clustering algorithm used to create the codebook andcompare the dissimilarity. We perform comparisons with standard 
features such as color and texture. We can also describe interesting findings such as the performance-efficiency tradeoffs that 
are possible through the appropriate pairings of different-sized codebooks and dissimilarity measures in addition to reporting 
on the basis of the core design parameters. While the focus is on image mining, we expect our insights to be informative for 
other applications such as detection and classification. 
 
Keywords: Scale invariant feature transform, Local invariant features, Overhead images, Land use, Land cover, Bag of 
visual words, Feature extraction. 
 
  
I. INTRODUCTION 
 
The field of remote sensed image mining is 
advancing from the opportunities provided by the 
high resolution aerial imagery from the aircrafts and 
the satellites, which understanding the automated 
image particularly with regard to this. The newer 
method of highresolution imagery supports the 
analysis in that, but in before that were not possible. 
This paper describes about the method classes which 
are in local image areas that are characterized by few 
invariant features. The geometric transformations like 
scaling or rotation which does not change or that will 
be invariant in appearance.  
 In the high resolution imagery method, we can 
observe a large area of objects and lands which were 
not in old methods. The local invariant features are 
the successful manner to applya standard range 
problems, and the image areas are detected in 
invariant manner by themselves. This is mainly using 
in the overhead imagery and analysis. 
 
The main investigation of this paper is overhead 
image mining using local invariant features. The 
other applications of local invariant features like 
image detection and classification are also done by 
this concept, while we were focusing on the image 
mining from large database.   
In general, the image files from a database must be 
first preprocessed to improve their quality. Thereafter 
they undergo various transformations and a process 
of features extraction to generate important features 
from the images.  
 

In this extraction process that finds the interesting 
points from the image, then only it will compare the 
input image with the database images. That will 
matching with the interesting (fixed or invariant) 
points for comparing images. Commonly in image 
data, the spatial segmentation can be done at region 
and/or edge level based on the requirements of the 
application. But in this it does not need to be segment 
as regions. It can be automatically extract the features 
from the image. Image content may include both 
visual and semantic content. Visual content can be 
very general or domain specific. General visual 
content include color, texture, shape, spatial 
relationship. 
 
II. BACKGROUND AND RELATED WORKS 
 
An image mining system is a Computer system for 
Searching, browsing and mining images from large 
databases. Chary et al described the mining of images 
within a large image collection based on color 
projections and different mathematical approaches 
which have introduced and applied for retrieval of 
images. Images are sub grouping using threshold 
values; they considered R, G, B color combinations 
for mining of images, which are implemented and 
results are included, and through results it is observed 
that it obtaining efficient results comparatively to the 
previous one and existing. Described the local 
property enables the features to detect the individual 
object instances as opposed to characterizing the 
gestalt or overall essence of an image. The invariance 
property enables the objects to be detected regardless 
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of where or in what orientation they appear in an 
image. 
 
A number of works have investigated different 
features for performing image retrieval in large 
collections of geographic images. Similar to other 
domains, researchers have investigated intensity 
features, spectral (color) features, shape features, 
structural features, texture features, and combinations 
thereof such as multi-spectral texture features .The 
potential for local feature-based analysis of high-
resolution imagery was realize by the remote sensing 
community. A number of methods have been 
developed to perform image matching for registration 
and change detection. Content based tissue image 
mining was proposed by Gholap et al. (2005). 
Biological data management and mining are 
considerable areas of recent biology research. High 
throughput and huge information content are two 
significant features of any Tissue Microarray 
Analysis (TMA) system. Tissue image mining is 
resourceful and faster if the tissue images are 
indexed, stored and mined on content. A four-level 
system to exploit the knowledge of a pathologist with 
image examination, pattern identification, and 
artificial intelligence was proposed in this approach. 
At Image Processing and Information Level, 
information such as disparity or color is utilized. At 
Object Level, pathological objects, comprising cell 
constituents, are recognized. At Semantic Level, 
arrangement and configuration of individual cells into 
sheets in a tissue image are examined. 
 
At the uppermost level, Knowledge Level, 
supposition of the expert is specified. Our work on 
local invariant features differs from that above in 
different ways. We perform a thorough investigation 
into a range of design parameters such as the size of 
the visual dictionary used to quantize the local 
features. The relative performance of nine different 
dissimilarity measures for comparing histograms of 
quantized local features.we consider different LULC 
classes, significantly more than any of the above 
works. We perform our evaluations on high 
resolution aerial imagery that is in the public domain 
etc. 
 
III. METHODOLOGY 
 
1.1. Local Invariant Features: 
Local: The local property of the features makes their 
use robust to two common challenges in image 
analysis. First, they do not require the challenging 
preprocessing step of segmentation. The descriptors 
are not calculated for image regions corresponding to 
objects or parts of objects but instead for image 
patches at salient locations. Second, since objects are 
not considered as a whole, the features provide 
robustness against occlusion. They have been shown 

to reliably detect objects in cluttered scenes even 
when only portions of the objects are visible. Note 
that occlusion includes the case where part of an 
object is hidden as well as the case where the object 
is cropped by the edge of the image. 
 
Invariance: Local image analysis has a long history 
including corner and edge detection However, the 
success of the more recent approaches to local 
analysis is largely due to the invariance of the 
detection and descriptors to geometric image 
transformations. Note that it makes sense to discuss 
the invariance of both the detector and descriptor. An 
invariant detector will identify the same locations 
independent of a particular transformation. An 
invariant descriptor will remain the same. Often, the  
detection step estimates the transformation 
parameters necessary to normalize the image patch 
(to a canonical orientation and scale for example) so 
that the descriptor itself need not be completely 
invariant. 
 
3.2. SIFT Technique 
The SIFT detector is translation, rotation, and scale 
invariant which is the level of invariance needed for 
our application as described above. An extensive 
comparison with other local descriptors found that the 
SIFT descriptor performed the best in an image 
matching task. We note, however, that the primary 
contribution of this paper is to demonstrate that local 
invariant features are effective for overhead image 
mining and to perform a thorough investigation into 
the BOVW design parameters. 
 
IV. WORKING PROCESS OF IMAGE 

MINING 
 
4.1 Preprocessing: 
In image data, the spatial segmentation can be done at 
region or edge level based on the requirements of the 
application. It can be automatic and shouldbe 
approximate enough to generate features that can 
reasonably extract and reduce noise of the image. 
 
 4.2. Feature Extraction:  
Color, edges, shape, and texture are the common 
image attributes that are used to extract features for 
mining. Feature extraction based on these attributes 
may be performed at the global or the local level. 
There are obvious trade-offs between global and local 
descriptors. Global descriptors are generally easy to 
compute, provide a compact representation, and are 
less prone to segmentation errors; but they tend to 
integrate and, therefore, are often unable to discover 
subtle patterns or changes in shape. Local descriptors, 
on the other hand, tend to generate more elaborate 
representations and can yield useful results even 
when part of the underlying attribute. 
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Figure.1. Working Process of Image Mining. 

 
V. EXPERIMENTS 
 
5.1 Color Histogram 
It is the most commonly used descriptor in image 
retrieval. The color histogram is easy to compute and 
effective in characterizing both the global and the 
local distribution of colors in an image. The color 
histogram extra ction algorithm involves three steps: 
partition of the color space into cells, association of 
each cell to a histogram bin, and counting of the 
number of image pixels of each cell and storing this 
count in the corresponding histogram bin. This 
descriptor is invariant to translation and rotation. The 
similarity between two color histograms can be 
performed by computing the L1, L2, or weighted 
Euclidean distances. 
 
5.2 Texture 
Texture is the property of an image, characterized by 
the existence of basic primitives whose spatial 
distribution creates some visual patterns defined in 
terms of granularity, directionality, and 
repetitiveness. Generally, texture representation 
methods are classified into two maincategories: 
structural and statistical. Structural methods, 
including morphological operator and adjacency 
graph, describe texture by identifying structural 
primaries and their rules. Statistical methods, 
including Tamura feature, shift-invariant principal 
component analysis (SPCA), Fourier power spectra, 
Word decomposition, co-occurrence matrices, 
Markov random field, fractal mode land multi-
resolution filtering techniques such as Gabor and 
wavelet transform, define texture by the statistical 
distribution of the image intensity. 
 
5.3 Shape 
Many content-based image mining systems use shape 
features of object or region. Shape features are 
usually described after images have been segmented 
into regionsor objects as compared with color and 
texture features. The most frequently used methods 
for shape description can be boundary-based 
(rectilinear shapes, polygonal approximation, finite 
element models and Fourier-based shape descriptors) 
or region based (statistical moments). A good shape 
representation feature for an object should be 
invariant to translation, rotation and scaling. 

 
Figure 2.Sample Mining of Different Images. 

 
CONCLUSION 
 
 It would not be overly optimistic to say that image 
mining has a bright and promising future, and that the 
years to come will bring many new developments, 
methods, and technologies in that. In addition, the 
improved integration application of image mining 
techniques can bring about the handling of new kinds 
of retrieving and applications. The process of image 
mining is done by some key technologies like SIFT. 
That type newer technologies will brings this stream 
in the higher position and this has a bright future. 
Success in image mining was previously predicted, 
the field of image mining is still young and 
possibilities are still limitless. By expanding 
applications which it is quite possible that image 
mining will become one of the key technology areas 
of the new millennium. 
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