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Abstract: In the current generation mobile play huge role in every ones life. Total smart phone using population is people who can
see, we also make it useful for blind peoples by using features provided by Android Operating System. In today’s world 75platform for
our application. In Application we are trying to increase the usability of mobile phones by making application for blind Object
detection is a wide area of development. Detecting object using image processing can be used in multiple industrial as well as social
applications. This project is proposing to use object detection for blind people and give them audio/ vocal information about it. We are
detecting an object using the mobile camera and giving voice instructions about an object. We need to train the system first about
object information. We are then doing feature extraction to search for objects in the camera view. And voice command is the best way
of giving output to blind person. The reliability and accuracy of application is very high so that no misjudgment occurs in the
application. So the quality of output in the prototype should not affected. Feature matching is at the base of many computer vision
problems, such as object recognition or structure from motion. Current methods rely on costly descriptors for detection and matching.
In this paper, we propose a very fast binary descriptor based on BRIEF, called ORB, which is rotation invariant and resistant to noise.
We demonstrate through experiments how ORB is at two orders of magnitude faster than SIFT, while performing as well in many
situations. The efficiency is tested on several real-world applications, including object detection and patch-tracking on a smart phone
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L. INTRODUCTION

God gifted sense of vision to the human being is an important aspect of our life. But there are some unfortunate people who lack the
ability of visualizing things. The visually impaired have to face many challenges in their daily life. The problem gets worse when they
travel to an unfamiliar location. There are number of blind people in the society, who are suffering while exercising the basic things of
daily life and that could put lives at risk while travelling. There is a necessity these days to provide security and safety to blind people.
There have been few devices designed so far to help the blind. Navigating blind person is a great challenge as blind person has to rely on
other. The simplest and most widely used travelling aid used by all blinds is the white cane. It has provided those people with way to

reach destination and detect obstacles on ground, but it cannot give them a high guarantee to protect themselves from all level of
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obstacles. Sometimes it happens that blind people are lost and their gaurdians are in tension about them. There has been many efforts but
now, it is not easy for the blind to move independently from one place to another. The world Health Organization estimate that there are
285 million visually impaired people worldwide, mainly in developing countries. Visually impaired persons are defined as those with
reduced visual capacity. They can be blind or partially sighted people. These conditions often limit peopels capabilities to perform
common task and affect their quality of life. In this system we are detecting an object using the mobile camera and giving voice
instructions about the direction of an object. We need to train the system first about the object information. Then we are doing feature
extraction to search objects in the camera view. We are taking help of angle where object is placed to give direction about the object.
Smart eye will work as object recognition tool to inform objects in front of end user which are within 2 meters range. It belongs to

working area, as we are working on particular environment so far now the scope remains restricted to department.

Fig.1. Typical matching result using ORB on real-world images with viewpoint change. Green lines are valid matches; red circles indicate unmatched points.

FAST and Rotated BRIEF). Both these techniques are attractive because of their good performance and low cost. In this paper, we
address several limitations of these techniques vis-a-vis SIFT, most notably the lack of rotational invariance in BRIEF. Our main
contributions are:

* The addition of a fast and accurate orientation component to FAST.

* The efficient computation of oriented BRIEF features.

* Analysis of variance and correlation of oriented BRIEF features.

* A learning method for de-correlating BRIEF features under rotational invariance, leading to better performance in nearest neighbor
applications.

11 RELATED WORK

FAST and its variants [23, 24] are the method of choice for finding keypoints in real-time systems that match visual features, for
example, Parallel Tracking and Mapping [13]. It is efficient and finds reasonable corner keypoints, although it must be augmented with
pyramid 1 schemes for scale [14], and in our case, a Harris corner filter [11] to reject edges and provide a reasonable score. Many
keypoint detectors include an orientation operator (SIFT and SURF are two prominent examples), but FAST does not. There are various
ways to describe the orientation of a keypoint; many of these involve histograms of gradient computations, for example in SIFT [17] and
the approximation by block patterns in SURF [2]. These methods are either computationally demanding, or in the case of SURF, yield
poor approximations. The reference paper by Rosin [22] gives an analysis of various ways of measuring orientation of corners, and we
borrow from his centroid technique. Unlike the orientation operator in SIFT, which can have multiple value on a single keypoint, the
centroid operator gives a single dominant result.

Descriptors BRIEF [6] is a recent feature descriptor that uses simple binary tests between pixels in a smoothed image patch. Its
performance is similar to SIFT in many respects, including robustness to lighting, blur, and perspective distortion. However, it is very
sensitive to in-plane rotation. BRIEF grew out of research that uses binary tests to train a set of classification trees [4]. Once trained on a
set of 500 or so typical keypoints, the trees can be used to return a signature for any arbitrary keypoint [5]. In a similar

manner, we look for the tests least sensitive to orientation. The classic approach for finding uncorrelated tests is Principal Component
Analysis; for example, it has been shown that PCA for SIFT can help remove a large amount of redundant information [12]. However, the

space of possible binary tests is too large to perform PCA and an exhaustive search is used instead. Visual vocabulary methods [21, 27]
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use offline clustering to find exemplars that are uncorrelated and can be used in matching. These techniques might also be useful in
finding uncorrelated binary tests. The closest system to ORB is [3], which proposes a multi scale Harris key point and oriented patch

descriptor. This descriptor is used for image stitching, and shows good rotational and scale invariance. It is not as efficient to compute.

I11. LITERATURE SURVEY
Blind and visually impaired people are at a disadvantage when they travel because they do not receive enough information about their
location and orientation with respect to traffic and obstacles on the way and things that can easily be seen by people without visual

disabilities. In this survey we mentioned main problem of blind people.
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Fig. 2. Literature Survey
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Each table in the restaurant will be accompanied with an android tablet or a Smartphone. The device will be loaded with an android
supporting application containing food menu details at that restaurant. All the above mentioned digital components such as
Smartphone/tablet (containing menu app), an another android phone (we used it for enabling hot-spot to tether the wireless network) and
Wi-Fi module are connected wirelessly to create a Wi-Fi network. Some steps are mentioned here to understand the working of the
system easily:

¢ Flowchart for understanding the system operation.
e Login: Credential details of the customer will be given to the system
e Selection of menu: Menu will be selected from the order list
e Wi module: Data transmission will be done by wi_ module
e SOAP protocol: Simple Object Access Protocol is a messaging protocol that allows programs that run on disparate
operating systems.
e Generate bill: Automated paperless bill of given order will be generated.

This project will reduce all the issues which makes difficulties for blind people when they are traveling from one place to another place.
Main aim of this project is to detect obstacles which are blind people can't recognize. Normally blind people use stick to detect obstacles
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which are coming in their path. So they can get obstacles are coming in their path but they can't get information about which obstacles are
coming in their paths. To solve this problem we are building an application which can give obstacles information in voice or in speech to
blind peoples. In our project we are using mobile camera, mobile memory i.e. phone memory. When blind people tap on start button this
application start mobile camera for obstacles detection in live mode. In this project there are two processes:

1. Normal user process: We are calling this process as normal user process because it is used by Normal user

2. Blind User: We are calling this process as blind user process because it is used by Blind user process.

. Capturing Images and Database

. — [ ng to database

Normal User

Fig. 4: Normal user Process
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Fig. 5: Blind user Process
In this process live camera images and stored images are comparing and if match found it will alert to blind user in voice format.

V. EXPERIMENTAL RESULTS

We evaluate the combination of oFAST and rBRIEF, which we call, ORB, using two datasets: images with synthetic in-plane rotation
and added Gaussian noise, and a real-world dataset of textured planar images captured from different viewpoints. For each reference
image, we compute the oFAST keypoints and rBRIEF features, targeting 500 keypoints per image. For each test image (synthetic rotation

or real-world viewpoint change), we do the same, then perform correspondence brute-force matching to find the best.
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Fig. 5. (a)A subset of the binary tests generated by considering high-variance under orientation and (b) by running the learning algorithm to reduce correlation (right).

Note the distribution of the tests around the axis of the key point orientation, which is pointing up. The color coding shows the maximum
pairwise correlation of each test, with black and purple being the lowest. The learned tests clearly have a better distribution and lower

correlation.
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Fig 6. Matching Performance

Figure 6. Matching performance of SIFT, SURF, BRIEF with FAST, and ORB (oFAST +rBRIEF) under synthetic rotations with Gaussian noise of 10.
The results are given in terms of the percentage of correct matches, against the angle of rotation. Figure 6. shows the results for the
synthetic test set with added Gaussian noise of 10. Note that the standard BRIEF operator falls off dramatically after about 10 degrees.
SIFT outperforms SURF, which shows quantization effects at 45- degree angles due to its Haar-wavelet composition. ORB has the best
performance, with over 70% inliers. ORB is relatively immune to Gaussian image noise, unlike SIFT. If we plot the inlier performance
vs. noise, SIFT exhibits a steady drop of 10% with each additional noise increment of 5. ORB also drops, but at a much lower rate (Figure
6). To test ORB on real-world images, we took two sets of images, one our own indoor set of highly-textured magazines on a table

(Figure 7), the other an outdoor scene. The datasets have scale, viewpoint, and lighting changes.
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Fig. 7. Matching behavior under noise

Fig. 7. Matching behavior under noise for SIFT and rBRIEF. The noise levels are 0, 5, 10, 15, 20, and 25. SIFT performance degrades rapidly, while
rBRIEF is relatively unaffected.

CONCLUSION AND FUTURE WORK

Descriptor, ORB, and demonstrated its performance and efficiency relative to other popular features. The investigation of variance under
orientation was critical in constructing ORB and decorrelating its components, in order to get good performance in nearest-neighbor
applications. We have also contributed a BSD licensed implementation of ORB to the community, via OpenCV 2.3. One of the issues that
we have not adequately addressed here is scale invariance. Although we use a pyramid scheme for scale, we have not explored per
keypoint scale from depth cues, tuning the number of octaves, etc.Future work also includes GPU/SSE optimization, which could

improve LSH by another order of magnitude.
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