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Object recognition is one of the main functions homan visual systemThe
recognition of categories of objects in images esome a central topic in compu
vision. However it is a technically challenging and miogportant problem in comput
vision due to various illuminations, size, and cwloin this paper, a robust a
automated objects recognition system is presentsidguUndecimated Wavel
Transform (UWT) and KNearest Neighbour (KNN) classifier. To extract teats from
the given imags, UWT decomposition is taken place at a predefitevel of
decomposition. Then, energy features are computeah fall UWT sul-bands. To
facilitate the recognition process, KNN classifieremployed. In order to assess

performance of the proposed papach, experiments are carried out using C
database images. It provides satisfactory recagniiccuracy of over 80% a™ level
of UWT decomposition.

INTRODUCTION

The recognition of categories of objects in imadwes become a central topic in computer vis
Automatic visual recognition systems are rapidlycdming central to applications such as image se
robotics, vehicle safety systems, and image editk multi-linear supervised neighbourhood embedding
discriminant feature extraction for object recoigmitis described i(Ha, X.H., 2012) A local descriptor tensc
is used to represent an image and used for subjestene recognition. An efficient idel that captures the
contextual information among more than a hundrgdatitategories using a tree struct(Choi, M.J., 2012).
This tree based context model improves object néitiog performance and provides a coherent intéaticn
of a scene, wich enables a reliable image querying system byipheilobject categories. New data sets v
images that contain many instances of differenecijategories are us

An approach to measure the similarity between shape exploit it for object recoition is presented in
(Belongie, S., 2002)The measurement of similarity is preceded by taethods; solving for correspondent
between points on the two shapes and using thesmndences to estimate an aligning transform.lidlataon
and rotation imariant object recognition is described(Kim, K., 2012) By using difference of Gaussian filt
and local adaptive binarization, a binary imageemngsg spotless object boundaries is achieved. Bjead
region from surroundings is extracted with renrated edges that reserves geometry informationbggct
Neural network is used to recognize the ok
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A method for object category recognition by imgraythe popular bag-of-words methods is presented i
(Wang, M., 2010). To obtain the global spatial teas, a fast method is applied to generate the r#i@na
meaningful object parts by exploiting the geomeprisition distribution of the local salient regiohe multi
kernel learning framework is adopted to integrdie ¢xtracted features in an optimal way. Multiplerikel
Learning (MKL) based object recognition is illuged in (Bucak, S., 2013). It selects and combirersidd for
recognition task. To recognize the object, eachgenia represented by multiple sets of featuresMKd is
applied to combine different feature sets.

Discriminative parts based object recognition liespnted in (Liu, Y.H., 2012). It is composed ofeth
stages; retrieval and feature extraction of nundfdocal parts from each model object, modelling tibjects
by feature vectors and similarity measurement. Apreach for moving object detection and tracking is
developed in (Tao, G., 2009). It detects the mowvitjects in the redundant Discrete Wavelet Tramsfor
(DWT) domain. An improved adaptive mean-shift alfon is used to track the moving object in thedallup
frames.

Distinct multicoloured regions are detected usdge maps and clustering. Invariant object recgnit
introduced in (Kyrki, V., 2004) using simple Galfeatures. By exploiting Gabor feature space, ilhation,
rotation, scale, and translation invariant recagnitof objects can be realized within a reasonapf®unt of
computation for object recognition task. Localirsdf frames based approach for object recognition is
implemented in (Obdrzalek, S., J. Matas, 2006). [bhal appearance is expressed in terms of affoveugantly
detected local coordinate systems.

In this paper, an approach for object recognitiased on UWT and KNN is presented. The rest of the
paper is structured as follows: The brief desaimi of the mathematical backgrounds of UWT and KNN
classifier are explained in section 2. The proposéfect recognition system is described in section
Experimental results and conclusions are discuisssection 4 and 5 respectively.

Mathematical Background:
The proposed object recognition system is builngiIstUWT and KNN classifier. The mathematical
background of the above mentioned approaches scassied in this section

UWT Decomposition:

The main drawback of DWT is lack of translationadriant. The translation of an image by DWT leauls t
down-sampled version of low and high frequency kabds. UWT is used to overcome this and more
comprehensive feature of the decomposed image t@ne. The concept behind the undecimated wavelet
transform is no decimation (Starck, J.L., 2007Yg.Ei (a) and (b) show the DWT and UWT decomposition
respectively where LP and HP are low pass and rags filters.
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Fig. 1: (a) Filter bank for DWT (b) Filter bank for UWT.

The procedure for decomposing an image by UWBiisesas DWT. However, the main difference of UWT
is it omits both down-sampling in the forward amlsampling in the inverse wavelet transform. Hetloe size
of all sub-bands does not reduce from level tolleve

KNN Classifier:

K-Nearest neighbor classifier is one of the sirapiestance based learning algorithm. Based oudigiance
function, KNN classifier assigns the class of tiknown object into one of the known training objedass. It
requires training samples with class label. It glales the distances between the unknown objectraidng
samples. Then, it assigns the class label of #ieitig samples which is nearest to the unknownabbje
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In this study KNN classifier is adopted with Edean distance measure. The Euclidean distance measu
eqn. 1 is used in the proposed method. Let us @engi- (x,, y,) and p=(x,,y,) are two points. Then, the

Euclidean distance between these two points isdiye
D(a,b)= \/ (q =% f +(v1-v2f 1)(

Proposed Methodol ogy:

The aim of the proposed system is to design aonzated and reliable object recognition approachinaga
various illumination, rotations and size. The desifjthe proposed object recognition system is aisag of two
modules; feature extraction and recognition. Figh@ws the schematic model of the proposed olgecignition
system.

Traming RGB II
images
Gray scale
conversion

Unknown
image’s feature
vector

Feature Extraction

UWT decomposition

KNN
classifier

Fig. 1: Schematic model of the proposed object recogngimtem.

Feature Extraction:

Feature extraction is an important preprocessieg m any type of machine learning and computsioni
algorithms. It reduces the amount of redundant gatsented in a given image sample despite thetliatt
retaining discriminative image information. On agobof feature extraction in this study, UWT is ptial at
various decomposition levels. Initially, the givenage undergoes into UWT decomposition. It providesti
resolution representations of the input image basethe level of decomposition. This representationtains
one approximation sub-band ankl @etailed sub-bands fdrlevel decomposition. Since UWT is achieved by
removing the up samplers and down samplers in W&l'Dthe output of UWT contains the same number of
coefficients which is equal to the number of pixilghe input image at each step. This may consooee
memory and will take more computation time. To aviis problem, the high dimensionality UWT coeffiats
space is reduced by computing energy features feach and every sub bands. The process of energy
computation is repeated for all training images aodresponding features are stored in databasdafer
recognition process.

Recognition:

The second stage of the proposed system is rd@myar classification. The unknown image undergoés
the feature extraction steps as same as the feaxtn&ction of training images. Then, the computedrgy
features and stored feature database are fedniat§NIN classifier, whereas minimum distance betwieeture
spaces is computed and the corresponding clabg ofitknown object is classified.

RESULTS AND DISCUSSIONS

In order to assess the performance of the propobgett recognition system, Columbia Object Image
Library Dataset (COIL-100) (Nene, S.A., 1996) imagee used for experimental evaluations. The acgura
obtained by the proposed approach is shown in Tabl®n account of training and testing process, LCOI
database images are divided based on the anghéeat rotation.

It is observed form the Table 1 that the proposgstem achieves maximum classification accuracy of
82.94% at B level of decomposition. It is also noted from table 1 that the accuracy of the proposed system
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increases with respect to level of UWT decompasitithile using objects that are captured at evefyrd@tion.
The detailed information produces in the higheelelecomposition increases the performance ofytsies.

Table 1: Results for object recognition.

Level Recognition accuracy (%)
10° 20° 30° 45° 60° a0°
2 64.31 56.02 51.68 46.27 40.47 38.41
3 70.06 61.80 57.07 51.77 45,94 42.82
4 75.44 68.37 63.78 57.33 52.27 48.07
5 79.97 73.46 68.05 62.86 56.76 52.31
6 82.94 77.44 72.17 66.45 60.30 55.25
Conclusion:

In this study, an automated object recognitiortesysis presented based on UWT and KNN classifiés. |
designed by constructing two stages. In the fimges the given images are decomposed by UWT wikiech
frequency domain analysis. While using UWT coeffits directly, it may complicate the system perfomoe.
Hence, to train the classifier in ease manner,ggnisrcomputed from the decomposed UWT coefficiehten,
KNN classifier is adopted for object classificatibg using Euclidean distance measure. Experimeatallts
show that the proposed object recognition systdrieaes better classification accuracy over 82%.
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