OPEN aﬁlCCESS

International Journal of Recent Technology and Engineering (IJRTE)

| SSN: 2277-3878 (Online), Volume-8 I ssue-2, July 2019

Recognition and Location Estimation for

Multiple Indoor Static Objects

Chack far
updatas

R. Balamurugan, R. Arunkumar, G. Prabakaran

Abstract: Locating objectsin an image is a very useful task for
robotic navigation and visually impaired persons. The ultimate
goal of my work isto position the recognized objectsin theimage.
Objects are detected using Adaboost techniques and also
recognized from the real-time images. Objects are detected using
AdaBoost classifier. SIFT features are extracted from the objects
found in theimage and classified using Support Vector Machine,
and the position of an objects are estimated. We proposed | OLE
algorithm to estimate the location of object in an image.

Index Terms: Object detection, AdaBoost Classifier, Support
Vector Machine (SVM) classifier, Scale Invariant Feature
Transform (SIFT). Image Object Location Estimation Algorithm
(IOLE)

. INTRODUCTION

Numbers of different approaches have been proposed to
detect and recognize the object [1,2]. Object detection and
recognition plays an imperative task in robotic applications.
The appearance of an object in an image can have a large
range of variation due to changes in viewpoint and shape
(e.g., non-rigid objects), scene clutter and photometric
effects. Different views of the same object can give rise to
widely different images.

A. Outline of Work

Locating the Objects in an image consists of;
Pre-processing is elaborated in session I1. Object detection is
described in session I11. Proposed Object recognition model
is illustrated in session 1V and the Object Positioning is
explained in session V. Experimental results are described in
section V1. Performance measure is depicted in section VI
with the conclusion in section VIII.

1. PRE PROCESSING

A. Fuzzy Filter
Fuzzy filter [12], enhance image by filtering both impul se
noise and additive noise.
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B. Gray Scale Conversions

Gray Scale Conversion converts the input colour image
into gray level scale images and it is assisted to build the
object detection and recognition task easy and convenient.
C. Image Resize

Input images are resized into 2048 by 1586 dimensional,
in order to decrease the time complexity and the memory size.

1. OBJECT DETECTION

Finding instances of real-world objects in an image or
video is known as object detection [9]. Object Detection
Approaches [6] are, Feature-based object, Template-based
object, Classifier Based Object, Motion- based Object
Detection. Image objects are detected by, extracting features
from input image by Haar-Like Features Extraction
Technique and then Adaboost classifier are used to depict
bounding box around the image objects.

A. Haar - likefeature
Haar — like [3], [7], [10] feature can be represented as
weighted sum of intensities of rectangular regionsin afeature
as
HF=ZZ, sign (i) w. p
Where,
R - No. of rectangular regions

Sign (i) - sign assigned to the i rectangular region

w; - weight (inversely proportional to the rectangular region
area

i — Rectangular region average intensity

B. Ada-boost classifier

AdaBoost is an iterative learning algorithm that only
utilizes atraining set to construct a"strong” classifier andisa
"weak" learning algorithm. It converting the weak classifiers
into a strong classifier. With the minimum classification
mistake, the learning algorithm chooses a "soft" classifier in
each iteration. AdaBoost is adaptive in the sense that
subsequent classifiers are misclassified by prior classifiersin
favor of those sub-windows.
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Fig. 2.1 Adaboost classifier

Ada-boost classifier [2,3] (Adaptive Boosting) combines
wesak classifier agorithm to form strong classifier.
A)=sign(Z7=1 @h(X))
where,
hy(x) - Weak classifier output t for input x
oy - Weight assigned to classifier
oy =0.5* In(1- &)/ &) where g — error rate
Input sequence of n samples
1. Initialize weight of each samples
Ol =1/n
2. For x=1tondo (loop step 3to 7)
3. Call wesak learner h, with weight oy
4. Calculate the error g of h

e=di =g © lhy(x)-yil®
5. If error rate £>1/2, then set T=t-1 goto step
Set a; =0.5* In(1- &)/ &)
6. Update the weights

<UL hdx) =
O = O *
e (xt, if ht(Xi) 75 Vi

7. Normalize o,
Ot1, = Ot / E:::i Oy
Output,
A() =sign(Zi=; ah(X))

IV. OBJECT RECOGNITION

Identifying any precise object in a video or an image is
the main objective of object recognition [13]. The proposed
method recognizes the objects from the scenes through
Support Vector Machine. The objects are detected by
analyzing the images using Adaboost classifier and segment
the region of objects in the scene. This segmented portion is
considered as an object image which is undergoing for
extraction of SIFT features. SVM moddl is finally recognize
the objects through the extracted features for each object in
that scene.

A.. Scale Invariant Feature Transform

Scale-invariant transform function (SIFT) is an
algorithm for detecting and recitation local image uniqueness.
This algorithm was developed by David Lowe. SIFT can
robustly recognize items even between clutter and partial
occlusion, as the SIFT function descriptor is not variant to
uniform scaling, direction orientation, and aso partialy
in-variant to adjust changes in distortion and lighting. This
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SIFT descriptor consisted of a technique for identifying
points of interest from a gray-level picture where statistics of
local gradient directions of picture intensity were collected to
provide a summary description of local picture constructions
around each point of interest in a local neighborhood. The
four stages to find the custom depiction of a object are 1.
Detection of scale-space extrema, 2. Key point localization, 3.
Orientation assignment and 4. Key point descriptor.
B.. Detection of scale-space extrema

The first step is to build from the input picture a
Gaussian "scale space” feature. Thisis created by converting
the initial picture with different width Gaussian functions.
The scal e space of any image can be defined asafunction L(x,
y) calculated from the convolution of a variable-scale
Gaussian, G(x,y, with an image input, 1(x,y):
L(xy) = Gxy)I(xy) (4.1)
Where is the convolution process of x and y, and

G(x.y.0)= . e—(x2+y2)/20'2
2o
(4.2
To detect stable main sites in the scale space effectively,
Lowe suggested using extreme scale-space in the Gaussian
difference of function converted with the picture, D(x, y, ©)
which can be calculated from the difference between two
neighboring scal es separated by a steady multiplicative factor

k:
DoG (%, y0) = (G(xy ko) —G(x,y,0)) *1(xy)

= L(x, ¥, ko) —L(x y,0)
4.3

)
C. Key point Localization

This phase tries to remove some points from the list
of main points of the candidate by discovering those that have
little contrast and are badly located on an edge. The value of
the key pointsin the DoG pyramid in the extremais set by:

op~1
dx

1
D(Z):D+E Z

(4.49)
If the function value at z is below a threshold value this point
is excluded. A 2x2 Hessian matrix, H, calculated at the
location and scale of the key point is helped to locate the
curvature. Using thisformula, the main curvature ratio can be
effectively verified.

= (4.5)

D. Orientation Assignment

A 16x16 sguare is chosen in this implementation.
The orientation histogram of 36 bins covers the 360 degree
range of orientations. Then gradient magnitude, m(x, y), and
orientation, 8(x, y) is pre-calculated through pixel differences

m(x,y):J(L(x +1,y)—L(x—1, y))z +(Ly+ 1) = Llx,y— 1))Z

(4.6)
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f(x,y) = tan~! (

L(x,y+1) —L(x,y—l))

L(x+1,y)-L(x-1,
(x+1,y)-L(x-1,y) @7)

Each sample is weighted by its magnitude of gradient and a
circular window weighted with Gaussian weight. This
calculates the place, orientation and scale of the SIFT
characteristics observed in the picture.
E. Key point Descriptor

At this stage, a descriptor is calculated for the local
image region as distinctive as possible at each applicant main
stage. A Gaussian weighting function with © connected with
themain point scaleis used to alot aweight to the magnitude.
The image gradients were joined with an orientation
histogram. Each histogram contains 8 arrow instructions and
iscalculated from 4x4 sub-regions. Each arrow's length refers
to the sum of the region's gradient magnitudes close to that
direction.
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Fig. 4.1 Building key points

F.SVM

Support Vector Machine [7] classifies various types of
objects by means of a hyper plane [2]. SVM is a type of
supervised learning algorithm, in which classification
involves two phases namely Training and Testing. Training
phase impart knowledge, about different types of object by
means of SIFT features extracted from an image, to the
classifier. During the Testing phase, SVM classifier applies
knowledge gained from training stage to classify different
types object in an image. SVM provides robust classification
performance against noise.

g(x)=w'x+b

V. LOCATING THE OBJECT

Finding the position of the object will be more usable for
the number of applications, especially for robotic applications
and visually impaired persons, to move around the object.
Location of the object in an image, directs the robot.

A. IOLE
In our proposed work, image objects bounding box

dimensions are used to find the location of the objects. Input
image area is partitioned into nine sub image areas shown in
fig.5.1.
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Fig. 5.1 Example of image partition
Midpoint of the bounding box isestimated and compared with
image partition coordinates as described in the following
algorithm, to estimate the location of object in an image. In
this example the object is in the Upper Right corner of an
image

B. IOLE Process

1. Input image space is portioned into nine segments, namely
1.Upper left, 2. Upper middle, 3. Upper right, 4. Center left,
5. Center middle, 6. Center right, 7. Lower left, 8. Lower
middle and 9. Lower right.
1.1. Find the width and height of an image
1.2. Initialize m and n, i.e. the number of horizontal and

vertical partition

1.3. Segment the image areainto m * n segments.

2. Estimate the center of the bounding box of a recognized
object

3.Compare the value of the i"™ bounding box center to the
input image segments coordinate values to find the exact
location of the recognized object bounding box center in
the image.

3.1. If the bounding box center v; is lesser then than or
equal to image first segment height, then do the
following,

i. If the bounding box center x; is lesser than or equal
to image first segment width, then Object is in
Upper left Coordinate.

ii. Otherwise, if the bounding box center x; is greater
than or equal to image Second segment width, then
Object isin Upper Right Coordinate.

iii. Otherwise, if the bounding box center x; is lesser
than or equal to image Third segment width, then
Object isin Upper Middle Coordinate.

3.2. Otherwise If the bounding box center y; is greater than
or equal to image first segment height and lesser than
the third segment height then do the following
i. If the bounding box center x; islesser than or equal

to image first segment width, then Object is in
Center left Coordinate.
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ii. Otherwise, if the bounding box center x; is greater
than or equal to image Second segment width, then
Object isin Center Right Coordinate.

iii. Otherwise, if the bounding box center x; is lesser
than or equal to image Third segment width, then
Object isin Center Middle Coordinate.

3.3. Otherwise, if the bounding box center y; is greater
than or equal to image Second segment height then
do the following

i. If the bounding box center x; is lesser than or equal
to image first segment width, then Object is in
Lower left Coordinate.

ii. Otherwise, if the bounding box center x; is greater
than or equal to image Second segment width, then
Object isin Lower Right Coordinate.

iii. Otherwise, if the bounding box center x; is lesser
than or egqual to image Third segment width, then
Object isin Lower Middle Coordinate.

VI. EXPERIMENTAL RESULTS

Real time images with different objects are taken for
object detection, object recognition and locating objectsin
an image.

6.1 Original image
Fig. 6.2 shows nine partitioned exampleimage of original
imagein fig. 6.1, indicated by green line.
Fig. 6.3 shows a recognized object cylinder and its
location in an image is displayed as (Object is in lower
middle coordinate).

6.2 Examplefor partitioned mage -object (cylinder) isin
lower -middle coordinate of an image.
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The performance of this proposed |OLE agorithm is depends
on the object detection performance.
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6.4 Performance of Object detection and location
identification

VIlI. CONCLUSION

Object location estimation performance is highly
depends on the object detection. We can get accurate object
locating performance if we got accurate object detection
performance, thiswill help the visually impaired peoplesto
move around the object after detection and recognition. In
future work, we will focus on, developing very high
performance object detection and recognition techniques to
exactly locate al types of objects and to locate multiple
objectsin asingleimage.
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