IJCST Vol. 7, Issue 2, April - June 2016

ISSN : 0976-8491 (Online) | ISSN : 2229-4333 (Print)

Information Retrieval from OPS Images
1
1,2,3

D Aparna, 2R Srinivas, 3K Prasada Rao

Dept of CSE, Aditya Institute of Technology and Management, Tekkali, AP, India

Abstract
Image recognition has turned into a vital and imperative part
in today’s specialized world. The different application world
situations offer ascent to a key system of day by day life visual
item acknowledgment. On-Premise Signs (OPSs), a prevalent type
of business promoting for the most part as enlightening signage
are broadly utilized as a part of our living. Content has been
a viable apparatus for broadcasting data and trading thoughts.
The acknowledgment of content from OPS helps a considerable
measure for separating the required points of interest right then
and there in regards to the OPS. For tending to the issue of genuine
OPS learning and acknowledgment a productive methodology
has been suggested that give the complete insights with respect
to the classification to which business sort OPS have a place
and geo-location subtle elements of the OPS image that has
been caught by the brilliant cell phone in any point and under
different conditions. This probabilistic structure will remove
the key elements descriptors utilized for the acknowledgment
and extraction of content. The content from OPS is obtained by
utilizing content scene text recognition and extraction methods.
This removed content is further handled for the characterization
of the class of OPS by performing reasonable correlations with
the OPS datasets. Alongside characterization it additionally gives
the geo location of the image with full precision. It exploits the
distributional data of each visual component as a dependable
determination rule for building discriminative OPS models.
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I. Introduction
The cozy nearness of mobile phones in our day by day life
has drastically changed the way we interface with our general
surroundings. Clients depend on mobile phones to keep up a
dependably on connection to data and individual systems and
in this manner can access in-situ data identified with close-by
ordinary protests or stores by utilizing image based versatile
communications through their gadgets. For instance, as clients
stroll in the city, they may basically indicate the portable camera
a store in the city to rapidly get to its related data, ask unique
offers, and reserve a spot through their mobile phones without
physically entering the store. To fabricate a conspicuous image
for a business to pull in clients, every store has its own particular
on-Premise Sign (characterized as OPS from now on), which is
an outwardly reliable image for a brand and contains a blend of
content (e.g. the business’ name) and illustrations (e.g. corporate
trademarks/logos). For instance, demonstrates the OPSs appended
to building or properties worked by Starbucks. Perceiving these
OPSs as a way to distinguish diverse stores can recover closeby store data for empowering another class of interactive media
applications, for example, social shopping, keen route, versatile
visual pursuit, and portable expanded reality. Accordingly, this
study proposes a probabilistic system for learning and perceiving
OPSs in genuine scene images. In the writing, past specialists have
created acknowledgment procedures to distinguish business brands
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OPS (characterized as classifications from this point forward) by
perceiving logo or trademark images or messages, contained in
OPSs. Nonetheless, the visual substance of a business’ OPSs are
not required to be constrained with logo/trademark images or
messages. Likewise, despite the fact that organizations tend to keeps
the visual outline of their OPSs reliable while being discernable
from those of different brands, they may adaptably adjust the
OPS configuration to fit the pragmatic conditions while sending
the OPSs. Consequently, notwithstanding for those OPSs of the
same business, they may even now display awesome differences of
visual appearance, for example, the varieties in shading, text style,
and OPS size. Further, the spatial geometry of the visual segments
likewise shifts, e.g. a portion of the OPS writings are kept in one
line however others are isolated into various lines. Certifiable
qualities of raised OPSs, for example, subjective size, position,
seeing points, viewpoint mutilation, impediments, fluctuating
lighting conditions, closer view and foundation mess, and so forth.,
make logos, trademarks, or messages in OPSs possess a generally
littler zone or be blocked by different articles in genuine scene
images. These attributes make the current arrangements neglect
to recognize logos, trademarks, or messages in OPSs. Despite
what might be expected, our methodology abuses a probabilistic
system to remove discriminative visual expressions of every OPS
class, and in this way can perceive and restrict every OPS inside
images by utilizing the learnt OPS model. Specifically, road view
scenes are ordinarily caught by clients’ gadgets and they have
all the more certifiable qualities ailing in most existing image
datasets e.g. point of view contortion, closer view and foundation
mess and so forth.
II. Related Work
For tending to the issue of genuine On-Premise signs(OPS)
learning and acknowledgment, Tsung-Hung Tsai et. al have built
up a probabilistic system in light of the distributional bunching,
in which to misuse the distributional data of each visual element
(the dispersion of its related OPS names) as a solid choice basis for
building discriminative OPS models is proposed [1]. Zhaofeng Li
and Xiaoyan Feng focuses on planning an article acknowledgment
calculation utilizing image division [2]. The image division issue
is changed over into a chart cut issue. At that point the diagram
cut results can be acquired by figuring the likelihood of force for
a given pixel. The pixel is had a place with the article and the
foundation power.Lianget al.used texture flow analysis to perform
geometric rectification of the planar and curved documents [3].
HyejeongRyu and Wan Kyun Chung have built up a consolidated
strategy including worldwide and nearby descriptors to perceive
scenes for circle conclusion recognition in low-textured situations
[4]. As per the shading conveyance, an omni-directional image is
separated into foundation locales and striking locations. To speak
to a scene with components that are suitable to its attributes.
Worldwide elements for foundation locales are ascertained and
scale invariant element change highlights for striking locations
are extricated. Chang Cheng et. al have proposed a novel open air
scene image division calculation taking into account foundation
acknowledgment and perceptual association [5]. The foundation
questions, for example, the sky, the ground are perceived, in light
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of the surface and shading data Most images comprise of closer
view and foundation objects. The forefront articles are organized
items that are frequently made out of various parts, with every part
having discrete surface qualities (e.g., shading, composition, and
so forth.). Lorenzo Seidenari et al. have proposed a methodology
for building nearby element descriptors that catch neighborhood
data at different levels of determination [8]. ZhenyuGuo and Z.
Jane Wang have proposed a novel unsupervised various leveled
highlight learning system to take in a component pyramid from
the earlier information space [9].
III. Key Modeling Decisions for a Visual Recognition System
At the point when constructing a dream framework various vital
displaying choices must be made. These key choices in the outline
procedure of vision frameworks can be separated into three general
classes: (i) the decision of suitable components that catch scene
content in an underlying representation. (ii) The outline of an
item model that speaks to the attributes of the diverse article
classes. (iii) The advancement of a learning calculation that takes
in item models from preparing information, ideally with as meager
client supervision as would be prudent. In spite of the fact that
the human visual framework can serve as a motivation or rule
while handling the distinctive subproblems of the configuration
procedure, it is, regardless of extreme endeavors, in any case
unreasonably perplexing and too inadequately comprehended to be
specifically reimplemented on a machine. In the accompanying, we
will concentrate how essential displaying steps have been drawn
nearer in the writing. As pointed out in the presentation, visual
acknowledgment can be sought after on various levels of semantic
granularity. One great is model discovery (e.g. [Low04]), where
the very same question article is looked for in scenes with various
natural properties, for example, foundation, lighting, impediment,
perspective, and so forth. The other great is classification level
article acknowledgment. Instead of finding a particular model,
this setting goes for remembering all conceivable occurrences of a
classification. To give a solid illustration, the primary undertaking
may be to discover just a particular auto in a image, while the
last could be to discover a wide range of autos. This proposition
concentrates on classification level acknowledgment which shows
testing intra-class varieties. Regularly, current methodologies in
this field can be decreased to a shared factor as takes after. To begin
with, images are spoken to utilizing nearby appearance highlights
that condense sets of pixels. These descriptors are then contained in
a typical model. Given this representation, object acknowledgment
commonly turns into a grouping errand. Likewise, a pretty much
precise division can likewise be required, contingent upon the
many-sided quality of the included restriction assignment. Inside
this coarse basic system related work on (classification level) object
acknowledgment will be described by the way vital displaying
choices are made.
IV. Absolute Color Reduction
A text string is mostly composed of character members in similar
colors. To separate text strings from attachment surfaces and nontext outliers in different colors, We adopt a color reduction method
based on color histogram and mean-shiftclustering.Firstly, image
pixels located within a plane region are extracted to make statistics
of dominant colours which can be achieved by employing Canny
edge detector to obtain the edge map of a scene image.
A. Canny Edge Detection
Before edge curves can be represented by a local descriptor they
have to be detected. We therefore follow John Canny’s approach
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to optimal edge detection which is reviewed in this section. In
[Can86] he derives an edge detector based on several performance
criteria—a necessary correction for the localization criterion is
given in [Td90]. The resulting detector can be said to be optimal
for these goals. The criteria Canny uses to detect step edges can
be summarized as follows:
1. Good detection: The edge detector should be robust to
noise.
2. Good localization: The detected edge points should be as
close as possible to the true edge. low variance.
3. Uniqueness of response: The edge detector should not
produce multiple responses to a single edge. This criterion
can be formalized by requiring the filter which performs edge
detection to have a small spatial width [Td90]. Obviously,
the output signal-to-noise ratio can be increased by low pass
filtering the input signal. This would, however, increase the
spatial width of the overall filter that performs edge detection,
as described in [Td90]. Therefore a trade-off between the
first and third criterion has to be found. By using additional
necessary properties of a filter that performs edge detection
(see [Td90]) Tagare and deFigueiredo come to the conclusion
that the derivative of the Gaussian—a Gaussian smoothing
of the image followed by a first derivative—is the optimal
detector, given the aforementioned criteria.
The Process of Canny edge detection algorithm can be broken
down to 5 different steps:
• Apply Gaussian filter to smooth the image in order to remove
the noise
• Find the intensity gradients of the image
• Apply non-maximum suppression to get rid of spurious
response to edge detection
• Apply double threshold to determine potential edges
• Track edge by hysteresis: Finalize the detection of edges
by suppressing all the other edges that are weak and not
connected to strong edges.

The image after a 5×5 Gaussian mask has been passed across
each pixel.
Since all edge detection results are easily affected by image noise,
it is essential to filter out the noise to prevent false detection
caused by noise. To smooth the image, a Gaussian filter is applied
to convolve with the image. This step will slightly smooth the
image to reduce the effects of obvious noise on the edge detector.
The equation for a Gaussian filter kernel of size (2k+1)×(2k+1)
is given by:

Finding the intensity gradient of the image
An edge in an image may point in a variety of directions, so the
canny algorithm uses four filters to detect horizontal, vertical
w w w. i j c s t. c o m
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and diagonal edges in the blurred image. The edge detection
operator returns a value for the first derivative in the horizontal
direction (Gx) and the vertical direction (Gy). From this the edge
gradient and direction can be determined:

,

V. Bigram Color Reduction
Camera-based scene images usually have complex background
filled with non-text objects in multiple shapes and colors. Colour
difference is more suitable for the analysis of object shape and
texture because it models local texture more accurately and robustly.
We define the colour uniformity of both text and attachment
surface as bigram colour uniformity, modelled by a colour-pair
composed of their colours. Here, we design a method of grouping
object boundaries with similar colour–pairs into respective maps,
which are called boundary layers.Consider the English text ”hai
all”. The graphs break down the text into series of bigrams as
preceding-bigrams and following-bigrams
Preceding bigram
		
Following bigram
		
ha			
i_
ai			
_a
		
i_			
al			

originalimagecanny edge detection applied
B. Mean-shift Clustering
Mean shift is a procedure for locating the maxima of a density
function given discrete data sampled from that function. It is
useful for detecting the modes of this density. This is an iterative
method, and we start with an initial estimate . Let a kernel
function
be given. This function determines the
weight of nearby points for re-estimation of the mean. Typically
a Gaussian kernel on the distance to the current estimate is used,
. The weighted mean of the density in the
window determined by

is the neighborhood of , a set of points for which
.
The difference
is called mean shift in Fukunaga and
Hostetler.The mean-shift algorithm now sets
, and
repeats the estimation until
converges.
Although the mean shift algorithm has been widely used in many
applications, a rigid proof for the convergence of the algorithm
using a general kernel in a high dimensional space is still missing.

		
_a			
ll
ha, as a preceding-bigram, is found in row G.  i_, as a following
bigram,
is found in column 8. So we could look at section G8 to see
the ha-i_
Combination

where

Fig. 1:(a) Cluster Formation

Fig. 2: Bicolor
VI. Low level feature descriptor: BRIEF
Binary Robust Independent Elementary Features is commonlyused in the general visual recognitions, and it work more effectively
in object, texture, and scene recognitions. Three important things
that you need to do are:
Detection:in this step you want to detect points-of-interest or key
points, and what that means is that you want to choose local
points (basically small patches) that you think are interesting in
the image.
Feature description: to describe the points/patch around the
interesting points, we choose two points and compare the intensities
of the two points, if the first point is larger than the second point,
we assign the value ‘1’, else ‘0’, we do that for a number of pairs
and we end up with a string of Boolean values
Matching: we do the exact same thing for the other image, we
detect, then describe using the BRIEF. The Boolean values are
compared with the stored values.

Fig. 1:(b) histogram
w w w. i j c s t. c o m
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The class probabilities and class means can be computed iteratively.
This idea yields an effective algorithm.
Algorithm
Compute histogram and probabilities of each intensity level
Set up initial
and
Step through all possible thresholds
maximum
intensity
Update
and
Compute
Desired threshold corresponds to the maximum

Fig. 3: Reference Images for BRIEF(Binary Robust Independent
Elementary Features
VII. Otsu’s Method
In Otsu’s method we exhaustively search for the threshold that
minimizes the intra-class variance (the variance within the class),
defined as a weighted sum of variances of the two classes:
Weights

Fig 4 a: An example image threshold using Otsu’s algorithm

are the probabilities of the two classes separated by

a threshold and
are variances of these two classes.
The class probability
is computed from the
histograms:

Otsu shows that minimizing the intra-class variance is the same
as maximizing inter-class variance [2]
which is expressed in terms of class probabilities
means .
while the class mean
is:

The following relations can be easily verified:
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and class

Fig 4 b: Original image
A. Feature representations for predicting STC
categories:
The most significant role in scene text recognition is to work out
a multi-class classifier to predict the category of a given STC.
This classifier relies on a feature representation that models
the representative structure of each STC category and the
discriminative structure between STC categories.
B. Niblack Algorithm
Niblack [16] proposed an algorithm that calculates a threshold
value for each pixel by shifting a rectangular window across the
image. The threshold T for the center pixel of the window is
computed using the mean and the variance of the intensity values
within the window 𝑇 = 𝑚+ where k is a constant (value between
0 to 1)set to −0.2 by Niblack, window size may be determined
by the user; for example, the window size is defined as 15 ×15,
m is the mean value and 𝜎 is the standard deviation value of
the pixels inside the window Sezgin and Sankur [4]. The quality
of binarization depends on the parameter k and size of sliding
window. This method produces thick and unclear strokes with a
small k value, and slim and broken strokes with a large k value.
Niblack’s method is one of the most commonly used methods and
w w w. i j c s t. c o m
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it is the basic principle behind several other method proposed in
literature. This method detect the text body effectively in case
of low contrast too. One main limitation ofthis method is that it
produces a large amount of noise in the empty windows. On the
other hand it also requires the window size and values of factors
k to be determined manually.

Fig . 6: Applied Niblack Algorithm
VIII. OPS Modeling
For a category Ci, the distributional representation of a visual
word wj can be defined as

IJCST Vol. 7, Issue 2, April - June 2016

tasks based on drawing separating lines to distinguish between
objects of different class memberships are known as hyperplane
classifiers. Support Vector Machines are particularly suited to
handle such tasks.

The illustration below shows the basic idea behind Support
Vector Machines. Here we see the original objects (left side of the
schematic) mapped, i.e., rearranged, using a set of mathematical
functions, known as kernels. The process of rearranging the
objects is known as mapping (transformation). Note that in this
new setting, the mapped objects (right side of the schematic) is
linearly separable and, thus, instead of constructing the complex
curve (left schematic), all we have to do is to find an optimalline
that can separate the GREEN and the RED objects.

OPS models
Learnt model for OPS i

Learnt model for the background

IX. SVM: Support Vector Machine:
Support Vector Machines are based on the concept of decision
planes that define decision boundaries. A decision plane is one
that separates between a set of objects having different class
memberships. In below example, the objects belong either to class
GREEN or RED. The separating line defines a boundary on the
right side of which all objects are GREEN and to the left of which
all objects are RED. Any new object (white circle) falling to the
right is labeled, i.e., classified, as GREEN (or classified as RED
should it fall to the left of the separating line).

The above is a classic example of a linear classifier, i.e., a classifier
that separates a set of objects into their respective groups (GREEN
and RED in this case) with a line. Most classification tasks,
however, are not that simple, and often more complex structures
are needed in order to make an optimal separation, i.e., correctly
classify new objects (test cases) on the basis of the examples
that are available (train cases). This situation is depicted in the
illustration below. Compared to the previous schematic, it is clear
that a full separation of the GREEN and RED objects would
require a curve (which is more complex than a line). Classification
w w w. i j c s t. c o m

X. Proposed Method
An efficient approach had been proposed for extracting the text
from an image taken in any angle and providing the location
details with more accuracy by the text extracted from the OPS
image. We take an image in any angle and give it as input to the
device. We recognize the text by scene text detection and scene
text reorganization methods.Scene text detection is to localize the
image regions containing the text and filter out most background
interferences by feature description techniques. Some detection
methods also segment the text strings in detected text regions into
independent characters for recognition. Scene text recognition is
to transform image-based text strings in detected text regions into
readable codes. Theextracted text is compared with the stored
OPS datasets and retrieve the relevant data of the image and also
classify the domain to which it belongs. The retrieved text is given
as input to the Google maps toshow the location.It retrieve the
data with more accuracy and faster as westoretheoptimized dataset
with preprocessed data.In the proposed method an image can be
represented by a hierarchical graph V with edges E defined by
parent child relationships. The hierarchy corresponds to an image
pyramid. in this hierarchy the top node represents the whole image.
The intermediary nodes represent different sub regions of the
image. The leaf nodes represent local image patches. This is similar
to the quad-tree representation used in image processing. But the
state variables, the learning algorithm, and the application are very
different. Quad-tree representations are known to have boundary
artifacts since pixels nearby in the image may be allocated to
different branches of the tree. But this does not cause significant
problems, because nonlocal feature functions are used for proposed
method. The gray circles are the nodes of the hierarchy. All nodes,
except the top node, have only one parent node. All nodes except
the leaves are connected to four child nodes. The higher levels of
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the image segmentation model represent only the coarse levels
structure of the image. The lower levels to represent the more
finer-scale structure The hierarchical Segmentation-Recognition
(S-R) pairs are important aspect of this approach. They explicitly
represent the segmentation and the labeling of the regions. Most
traditional vision approaches use labeling only. Spontaneously,
the hierarchical S-R pairs provide a coarse to fine representation
which captures the general idea of the image regions at different
levels of resolution. The S-R pairs at the highest level as providing
an executive summary of the image, while the lower S-R pairs
provided more detailed (but still summarized) descriptions of
image subregions.

Fig 7 c: the text extracted from the ops.
XII. GPS Location:
GPS which stands for Global Positioning Systems is a spacebased navigation system provides location and time information
in all weather.
Once the text is been extracted the text is send as an input to the
Google Earth for finding the location of the address using the
input text and is been plotted on the Google map.

Fig. 5: Proposed System Architecture
XI. Experimental Results
The above discussed all the techniques are applied and the output
of these application results are shown below.

Fig. 8: Represents the Location

Fig 7 a:Original image

Fig. 9: Image of Station

Fig 7 b: image conversion original to grey scale.
Fig 10: GPS location.
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Sample Dataset:

Fig 13:the binary matrix of the image.

Screen shots for college image and the applied image for code:

Fig: 11 a: Image of a college.

Fig 11 b: Conversion of image in first pass.

Fig 11 c: Conversion of image in second pass and the text
extracted.

Fig 12:GPS location details of the image.
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XIII. Conclusion
In this paper, we proposed a feasibility technique for learning
and identifying accurate OPSs from miserably marked street
view images, in which the strategy of distributional grouping
is abused to beneﬁt the choice of discriminative visual words
and the development of viable OPS models, as roused by the
correspondence hypothesis. Then, we proposed the OPS-62
image dataset which contains more real world attributes as
another benchmark for visual article acknowledgment. In future
we can relate the retrieval of completeinformation(products,
prizes, discounts, availability of stock) about domain from the
extracted text from OPS. Be that as it may, in perspective of the
low normal review values generally, the OPS acknowledgment
in demonstrable sights is still a testing issue.
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