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Abstract— Classification between the objects is easy task for
humans but it has proved to be a complex problem for
machines. The raise of high-capacity computers, the
availability of high quality and low-priced video cameras,
and the increasing need for automatic video analysis has
generated an interest in object classification algorithms. A
simple classification system consists of a camera fixed high
above the interested zone, where images are captured and
consequently processed. Classification includes image
sensors, image pre- processing, object detection, object
segmentation, feature extraction and object classification.
Classification system consists of database that contains
predefined patterns that compares with detected object to
classify in to proper category. Image classification is an
important and challenging task in various application
domains, including biomedical imaging, biometry, video-
surveillance, vehicle navigation, industrial visual inspection,
robot navigation, and remote sensing.

Key words: Image Classification, Support Vector Machine,
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I INTRODUCTION

A. What is Image Classification?

The intent of the classification process is to categorize all
pixels in a digital image into one of several land cover
classes, or "themes". This categorized data may then be used
to produce thematic maps of the land cover present in an
image. Normally, multispectral data are used to perform the
classification and, indeed, the spectral pattern present within
the data for each pixel is used as the numerical basis for
categorization. The objective of image classification is to
identify and portray, as a unique gray level (or color), the
features occurring in an image in terms of the object or type
of land cover these features actually represent on the
ground. Image classification is perhaps the most important
part of digital image analysis. It is very nice to have
a "pretty picture” or an image, showing a magnitude of
colors illustrating various features of the underlying terrain,
but it is quite useless unless to know what the colors mean.

B. Strategies of Image Classification:

1) Supervised Classification:

With supervised classification, we identify examples of the
Information classes (i.e., land cover type) of interest in the
image. These are called "training sites”. The image
processing software system is then used to develop a
statistical characterization of the reflectance for each
information class. This stage is often called "signature
analysis" and may involve developing a characterization as
simple as the mean or the rage of reflectance on each bands,
or as complex as detailed analyses of the mean, variances
and covariance over all bands. Once a statistical
characterization has been achieved for each information
class, the image is then classified by examining the

reflectance for each pixel and making a decision about
which of the signatures it resembles.
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Fig. 1: Supervised Classification
2) Maximum Likelihood Classification:
Maximum likelihood Classification is a statistical decision
criterion to assist in the classification of overlapping
signatures; pixels are assigned to the class of highest
probability. The maximum likelihood classifier is
considered to give more accurate results than parallelepiped
classification however it is much slower due to extra
computations. We put the word “accurate' in quotes because
this assumes that classes in the input data have a Gaussian
distribution and that signatures were well selected; this is
not always a safe assumption.
3) Minimum Distance Classification:
Minimum distance classifies image data on a database file
using a set of 256 possible class signature segments as
specified by signature parameter. Each segment specified in
signature, for example, stores signature data pertaining to a
particular class. Only the mean vector in each class
signature segment is used. Other data, such as standard
deviations and covariance matrices, are ignored (though the
maximum likelihood classifier uses this).The result of the
classification is a theme map directed to a specified database
image channel. A theme map encodes each class with a
unique gray level. The gray-level value used to encode a
class is specified when the class signature is created. If the
theme map is later transferred to the display, then a pseudo-
color table should be loaded so that each class is represented
by a different color.
4) Parallelepiped Classification:
The parallelepiped classifier uses the class limits and stored
in each class signature to determine if a given pixel falls
within the class or not. The class limits specify the
dimensions (in standard deviation units) of each side of a
parallelepiped surrounding the mean of the class in feature
space. If the pixel falls inside the parallelepiped, it is
assigned to the class. However, if the pixel falls within more
than one class, it is put in the overlap class (code 255). If the
pixel does not fall inside any class, it is assigned to the null
class (code 0). The parallelepiped classifier is typically used
when speed is required. The drawback is (in many cases)
poor accuracy and a large number of pixels classified as ties
(or overlap, class 255).

All rights reserved by www.ijsrd.com 126



Image Scrutinization Based on Visual Appearance Model
(IISRD/Vol. 3/Issue 01/2015/034)

5) Unsupervised Classification:

Unsupervised classification is a method which examines a
large number of unknown pixels and divides into a number
of classed based on natural groupings present in the image
values. Unlike supervised classification, unsupervised
classification does not require analyst-specified training
data.

C. Applications:

— Remote Sensing
— Agriculture
— Image database management,

D. Our Solution:

VISUAL FEATURE DETECTION

BAG OF WORDS MODEL

SPATIAL HISTOGRAMS

KERNAL MAPPING

SVM CLASSIFICATION

Fig. 2: Solution

E. The Overall System at a Glance:

1) Visual Feature Detection:
This module implements a fast algorithm for the calculation
of a large number of SIFT descriptors of densely sampled
features of the same scale and orientation.
2) Visual Words (Bow):
An image is represented as
words
Bag of features:

1) Extract features

2) Learn “visual vocabulary”

3) object recognition
3) Spatial Histograms:
Which is divided into graph it is important technique for
image retrieval
4) Kernel Mapping:
it is used to labeling of visual image
5) SVM Classification:
In support vector machines are analyze data and recognize
patterns, used for classification and regression analysis

For implementing SVM on image classification, we

are given a certain number p of training data, each data has
two parts: the n-dimensional vector of image features and
the corresponding labels of data (either 1 or - 1).

unordered collection of visual

Il. RESULTS & DISCUSSIONS

A. Positive Instance:
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Fig. 3: Positive Instance

I11.  CONCLUSION

To design and implement classification system which
classifies the image based on visual features. The system we
supposed to be the simplest as compared to all existing ones
and hence hopefully will be best suited for classification of
small and medium scale database.
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