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ABSTRACT 

3D OBJECT RECOGNITION FROM RANGE IMAGES 

 

İzciler, Fatih 

M.Sc., Department of Electrical and Electronics Engineering 

Supervisor :Prof. Dr. Uğur Halıcı 

 

September 2012, 188 pages 

Recognizing generic objects by single or multi view range images is a 

contemporary popularproblem in 3D object recognition area with developing 

technology of scanning devices such as laser range scanners. This problem is vital 

to current and future visionsystems performing shape based matching and 

classification of the objects in an arbitrary scene. Despite improvements on 

scanners, there are still imperfections on range scans such as holes or unconnected 

parts on images. This studyobjects at proposing and comparing algorithms that 

match a range image to complete 3D models in a target database.The study started 

with a baseline algorithm which usesstatistical representation of 3D shapesbased on 

4D geometricfeatures, namely SURFLET-Pair relations.The featuredescribes the 

geometrical relationof a surface-point pair and reflects local and the global 

characteristics of the object. With the desire of generating solution to the 

problem,another algorithmthat interpretsSURFLET-Pairslike in the baseline 

algorithm, in which histograms of the features are used,isconsidered. Moreover, two 

other methodsareproposed by applying 2D space filing curves on range images and 

applying 4D space filling curves on histograms of SURFLET-Pairs. Wavelet 

transforms are used for filtering purposes in these algorithms. These methods are 
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tried to be compact, robust, independent on a global coordinate frame and 

descriptive enough to be distinguish queries’ categories.Baseline and proposed 

algorithms are implemented on a database in which range scans of real objects with 

imperfections are queries while generic 3D objects from various different categories 

are target dataset. 

Keywords: 3D object recognition, range images, SURFLET-Pairs, space filling 

curves 
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ÖZ 

DERİNLİK GÖRÜNTÜLERİNDE 3 BOYURLU NESNE TANIMLAMA 

İzciler, Fatih 

Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü 

Tez Yöneticisi : Prof. Dr. Uğur Halıcı 

 

 

Eylül 2012,188 sayfa 

Lazer mesafe ölçerlerin gelişen teknolojisi ile birlikte genel nesnelerin tek veya 

çoklu bakış açılarından tanınması günümüzün populer bir sorunu haline gelmiştir. 

Bu sorun; gelişigüzel seçilmiş sahnelerdeki nesnelerin şekil tabanlı eşleştirme ve 

sınıflandırmasını gerçekleştiren günümüzdeki ve gelecekteki görüntüleme sistemleri 

için hayati bir öneme sahiptir. Bu çalışma,3B şekillerin SURFLET-Çifti ilişkileri 

diye adlandırılan 4B geometrik özellikerinin istatistiksel gösterimini kullanan bir 

algoritmayı temel alarak; bir derinlik görüntüsünü hedef veritabanındaki 3B tam bir 

modelle eşleştirmeye yarayan algoritmaları öne sürüp bunları karşılaştırmayı 

amaçlamaktadır. Bu özellik, yüzey nokta çiftinin birbirlerine gore geometrik 

ilişkilerini tanımlar ve nesnenin yerel ve genel karakterini yansıtır. Probleme çözüm 

bulma istğiyle, temel alınan algoritmadaki gibi SURFLET çiftlerinin yorumlandığı 

bir adet algoritma uygulanmaktadır. Bununla birlikte, derinlik görüntülerine 2B 

uzay doldurma eğrileri uygulanarak ve SURFLET çifleri histogramlarına 4B uzay 

doldurma eğrileri uygulanarak başka iki metod daha öne sürülmektedir. Bu 

metodlarda dalgacık çevrimleri filtreleme amaçlı olarak kullanılmıştır. Bu metodlar, 

kompakt, güçlü, genel koordinat çerçevesinden bağımsız ve istek resimlerinin 
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kategorilerini ayırt etmeye yetecek bir şekilde yapılmaya çalışılmıştır. 

Tabanalgoritması ve türetilen algoritmalar,gerçek nesnelerin kusurlu derinlik 

resimlerinin istek resmi olduğu ve çeşitli farklı kategoriden 3B nesnelerin hedef 

olduğu veritabanı üzerinde uygulanmıştır. 

Anahtar Kelimeler: 3B nesne tanımlama, derinlik resimleri, SURFLET-Çiftleri, 

uzay doldurma eğrileri 
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CHAPTER 1  

  INTRODUCTION 

1.1 Literature Survey 

In this section, some approaches to 3D object recognition techniques in the 

literature are reviewed. 

Object recognition has a very important role in robotic vision system. Recognition 

process is one of the hardest problems in computer vision area. An algorithmic 

description of object recognition task for implementation on machine has been very 

difficult especially in case of 3-D objects even if human can perform thiseasily and 

instantaneously.Efficient recognition and classification of previously known three-

dimensional (3D) shapes in arbitrary scenes is part of this problem.Descriptions of 

general free-form shapes such as surface meshes are fundamentals of recognition 

process and an overview of present approaches with respect to those shapes are 

given in [1]. 

Modeling 3D objects and comparing a search object to these models is one of 

popular approaches to 3D object identification. The advantage of this method is 

giving ability to recognize objects from a single view image of a target [2, 3]. 

However, a single view data may not be sufficient to extract features to be used in 

recognizing the object. In addition, this makes recognition process time consuming 

because of the complex feature sets [4]. To get rid of this problem, modeling 3D 

object recognition using multiple 2D views was proposed as an alternative. 
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Edelman and Bulthoff [5] suggest a strong and stable correlation between 

recognition performance and viewpoint variation.They also proposed a method to 

represent objects by multiple viewpoint 2D representations. Murase and Nayar [6] 

and Nene [7] developed methodto recognize 3D objects directly from their 

appearanceusing a parametric eigenspace. Howeverthis technique is not robust to 

occlusion.It also does not provide indication on how to optimize the size of the 

database with respect to the types of objects recognized and their respective 

eigenspace dimensionality. 

Ebrahim, Abdelsalam, Ahmed and Chau[8, 9, 10] suggests a method by usingspace 

filling curve scans [11, 12, 13] and wavelet transforms [14, 15] on object images for 

recognition of models. This method uses from multi view 2D data of the objects. 

Hillenbrand and Hirzinger [16, 17, 18] develops SURFLET-Pair based approach for 

single view data approach. Hillenbrand and Hirzinger have characterized singular 

surface shape by four-point-relation densities namely SURFLET-Pair relations that 

are directly constructed from a 3D-point set. They do some clustering operations for 

extracted features. They also propose another method using the histograms of 

SURFLET-Pair relations of the models by extracting from 3D objects model itself. 

The classification is done by matching measured features against distributions in a 

reference database of target objects. It can also be considered as searching for 

characteristic patterns in a distribution. For example, Osada [19] samples the 

surface of 3D target objectsand record statistics about point pair distances. They 

demonstrate similarity search based on the distance distribution. However, this one-

dimensional feature discards a lot of information on shape. Vandeborre [20] use 

three distributions of one-dimensional geometric features, based on surface 

curvature, distance, and volume. Recognition performance is average in all three 

works and only suitable for a preliminary selection.  
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Hameiri and Shimshoni [21] search primitives, such as cylinders, cones, etc., in 

depth images. They use the two main basic features, surface curvatures which are 

accumulated in a two-dimensional histogram. The surface-curvature histogram is 

characteristic of each ideal form primitive and known a-priori from geometrical 

considerations. However in data from real world, curvatures on the histogram is 

very sensitive to noise and artifacts so reliability is very low in these cases. Hetzel 

[22, 23] employs multiple view-based histograms by adapting a probabilistic 

approach from Schiele and Crowley [24] to depth images. The best match is 

calculated as the one with the highest a-posterior probability given a set of random 

feature samples according to Bayes’ rule. A collection of local surface measures, 

namely, pixel depth, surface normal, and curvature are used as features. However, 

histogram with higher number of binsaffects processing timedramatically. 

Describing single, possibly characteristic points on an object is considered as an 

alternative line of research. This includes the spin images of Johnson and Hebert 

[25] and the surface signatures of Yamany and Farag [26]. Surface points are picked 

and a plane is rotated about local surface normal for forming histograms. The 

surrounding points are accumulated in that plane. Drawback of these methods is 

necessity of dense surface mesh data. 

Akagunduz [27] proposes method to extract 3D features from range images using 

scale-space of 3D surface curvatures. Features are generic, scale invariant and 

resolution invariant. This method is different from previous scale-space approaches. 

It utilizes the connected components within the classified curvature scale-space 

while extractingfeatures which are independent from metric size or the sampling of 

the range images. 

3D semantic analyses of range data is conducted by Bayramoglu [28] in which 

segmentation of range scenes, correspondence matching of range images and 

similarity retrieval of range models are studied. Novel approaches of segment 3D 

point clouds into objects and retrieving similar models from target and query 



 

4 

databases are presented. Moreover, heat diffusion process on range data is also 

analyzed in this study. 

Two approaches about3Dface recognition are studied by Inan [29]. In the first one,a 

generic face model is fitted to human face andlocal shape descriptorsare located on 

the nodes of generic model mesh. In the second one, uniformly distributed local 

shape descriptors across the face are computedand used. 

1.2 Motivation 

Many researchhave been studied on 3D object recognition and retrieval based on 

3D models and object retrieval from 2D sketches. In recent years, accuracy and 

speed of the 3D scanning devices such as laser range-scanners is improved even 

their sizes are getting smaller and smaller. Moreover speed of the computer 

technology increased too. These improvements gave ability to reach range scans 

more easily.Descriptions of general free-form shapes become fundamental to visual 

object recognition. Therefore requirement of algorithms which enable recognizing 

generic objects by single or multi view range images is turned to be a very 

frequently encountered problem. 

There are many application that range images are being used. Face recognition, 

automated inspection and target detection are some of them. In many cases, target 

objects are limited such as 3D human faces or specific military targets. Nevertheless 

retrieving 3D objects from various different categories is very important for real 

time scene navigation. For example a robot exploring and interpreting its arbitrary 

environment needs algorithm which is compact, robust, independent on a global 

coordinate frame and descriptive to distinguish arbitrary shapes. 

With the desire of generating solution to this problem, approaches that interpret 

local features which are extracted from 3D space model of the query are 
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developed.The starting point is the method proposed by U. Hillenbrand (2010). 

Developed methods performances are compared with the baseline algorithm.  These 

methods are applied on a database whose scans have imperfections such as holes 

and unconnected parts due to range scanners’ disabilities in order to compare 

generated algorithms with the baseline algorithm. Finally, the best approach for 3D 

object recognition from range images is proposed. 

1.3 Scope of the Thesis 

The scope of this thesis is to investigate 3D object recognition from range images 

which are scanned by different methods. In this manner, a previous algorithm based 

upon SURFLET-Pairs is used first and two more algorithms are derived from. 

Together with these three algorithms, a fourth algorithm based on space filling 

curves is proposed.  

1.4 Contribution of Thesis 

In this thesis study, starting from a baseline algorithm in which SURFLET-Pair 

relations are used, three more 3D object recognition algorithms using range scans 

are studied. In the second algorithm, histograms of SURFLET-Pair histograms 

extracted from range images are utilized. Third and the fourth algorithms propose 

novel approaches using space filling curves. Space filling curves were used 

previously for 2D object recognition from binary or gray scale intensity images of 

target models. However it is the first time that, they are used for 3D object 

recognition. In the third algorithm, range images are used for detecting objects 

classes by scanning them with space filling curves. The fourth algorithm proposes a 

4D space filling curve scanning a histogram which is extracted from range images. 

Together with baseline algorithm, proposed algorithms are applied on object 
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database presented by NIST and the performances of these methods are evaluated in 

order to figure out the success rates of novel algorithms. 

Moreover, a method of determining a 3D object’s visible surface from a point and 

scanning range images of those objects synthetically is studied in this thesis. 

Utilized graph based software and the way that tools of these programs are used,are 

explained in detail.  

In addition, range images of model objects which are scanned in computer 

environment by virtual cameras are converted to point clouds in 3D Cartesian 

coordinates in this study. 

Space filling curves are generated for scanning 2D image space and 4D histogram 

space in different sizes.  

Finally, a resulting algorithm with optimizing parameters is proposed at the end of 

this study. 

1.5 Outline of the Thesis 

In this thesis the second chapter is devoted to the background information; concepts 

of SURFLET and range image are given first. Then,space filling curves and wavelet 

transforms are explained. At the end, distance calculations are described. 

In the third chapter, details of comparedalgorithms are explained. Each of four 

method is handled one by one in their own parts namely; “Shape Similarity from 

SURFLET-Pairs”, “SURFLET-Pair Relation Histograms”, “Shape Description 

Using 2D Hilbert Curve” and “SURLET-Pair Relation Histograms Using 4D 

Hilbert Curve”. These methods are divided into three parts as Pre-Processing, 

Feature Extraction and Distance Calculations. Pre-Processing part, first explains the 
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data set testing of the algorithms. Then, this database is processed to generate range 

images.  

In the fourth chapter,results of the experiments for each algorithmare given and 

compared.  

The conclusion of this study and possible future works are presented. 
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CHAPTER 2  

BACKGROUND TOPICS FOR CONCEPTS USED IN THIS STUDY 

In this section, concepts of SURFLET and range image are given first. Then,space 

filling curves and wavelet transforms are explained. At the end, distance 

calculations are described. 

2.1 Concept of SURFLET 

A point belonging to a 3D surface and its normal vector constitute SURFLET 

element. Each SURFLET is described by a pair  where  is the position vector 

and  is the surface normal. Positions and surface normal can be extracted from 

triangular mesh, range images or 3D point cloud. Two SURFLETs are used as a 

pair to extract SURFLET-Pair relations. The geometric relation of two SURFLET 

elements can be described by four parameters. Three of the parameters are angles 

related to the positions and normal vectors of the elements and the last parameter is 

distance between two points. This feature reflects the general shape of the surface 

curvature among different distances. SURFLET-Pair relations are invariant to 

translation and rotation. The concept of SURFLET-Pair is illustrated in Figure 1. 

Three angles  and a distance  are parameterizing a SURFLET-Pair 

relation. In Figure 1, normal and point pairs of SURFLETs are illustrated in part a 

and parameters are shown in part b. Arrows show vectors,circles show points, line 

shows distance between points, blue plane shows u-v plane of SURFLET 1 and 

dashed line show projection of into that plane. 
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(a) SURFLET-Pair Points and Normal 

 

(b) SURFLET-Pair Parameters 

Figure 1: SURFLET-Pair Relations 
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SURFLET-Pair relations can be viewed as a generalization of surface curvature yet 

they are not exactly the same. Curvature describes the local change of surface 

normal while SURFLET pair relations describe the local and the global 

characteristics of the surface across various distances. In other words, curvature is a 

form of the SURFLET-Pair relation where SURFLETs are neighbor to each other. 

For each pair of SURFLETs  and  a coordinate system is defined as 

follows. The origin is chosen to be   , if 

  (2.1) 

and it is  else. Let us now assume that  is the origin. The basis vectors of the 

coordinate system are then defined as 

  (2.2) 

  (2.3) 

  (2.4) 

The relation between the SURFLETs  and  is described by the 

parameters 

 (2.5) 

 (2.6) 
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 (2.7) 

 (2.8) 

which define the feature . The shorthand notation is used as 

 
(2.9) 

The attributes   and  represent  as an azimuthal angle and the cosine of a polar 

angle, respectively;  and  represent the direction and length of the translation 

from  to , respectively. If Condition (2.1) determines to be the origin, the 

parameters are obtained by interchanging the indices 1 and 2 in the equations above. 

Equations (2.5-2.8) map every configuration of a SURFLET-Pair onto a unique set 

of parameters, and every possible set of parameters describes exactly one such 

configuration. Moreover, Condition (2.1) ensures that the basis vectors  are 

defined in the most robust manner: by choosing the more orthogonal angle between 

 and the two surface normals  for defining , the direction of  is 

determined with higher accuracy. 

2.2 Range Image 

Range images are a special kind of digital images. Each pixel of a range image 

describes the distance between a known reference frame and a visible point in the 
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scene. So, it contains 3D information of the scene and the shape of the object can be 

determined easily. Range images are also referred to as depth images, depth maps, 

xyz maps, 2,5D images.  

The range image has pixel values which correspond to the distance, e.g., brighter 

values mean shorter distance, or vice versa. If the sensor which is used to produce 

the range image is properly calibrated, the pixel values can be given directly in 

physical units such as millimeters. 

Range images can be represented by 3D coordinates in a reference frame like point 

clouds or matrix of depth values of points along the directions of the x-y image 

axes.  

Range images can be obtained by active or passive optical range sensors or laser 

range scanners. Passive sensors use intensity images to form range images while 

active sensors measures the energy on the scene. On the other side, laser range 

scanners uses laser beams to measure the distance between the scanner and the 

target point on the scene. 

2.3 Space-Filling Curves 

Space-filling curve is a curve which visits the entire an n-dimensional hypercube 

once and never crosses itself. Since space-filling curves in the 2-dimensional plane 

were discovered by Giuseppe Peano, they are commonly called as Peano curves 

[30]. 

There are several types of Space-filling curves such as Morton curves, Sierpinski 

curves, Peano curves or Hilbert curves. An illustration from all these types is shown 

in Figure 2.  
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(a) Morton Curve (b) Sierpinski Curve (c) Peano Curve (d) Hilbert Curve 

Figure 2 : Types of Space-filling Curves 

Space-filling curves provide a linear order of the points of a grid. By this way, it is 

very beneficial that the local proximity of the points of the n-D grid ispreserved 

reasonably on the 1D representation. The goal is to do so while keeping the points 

that are close in n-dimensional space close together in the linear order. Since 

dimension is reduced from n-D to 1D, locality can not be preserved totally however 

by this approach close points occupy in close places in the curve.Due to its 

localization preserving characteristics, the Hilbert curve is one of the most popular 

space-filling curves.Figure 3 illustrates a Hilbert curve at four different levels of 

detail. The first level 2D Hilbert curve has four vertices at the center of each quarter 

of the unit square. Second level 2D Hilbert curve has 16 vertices each at the center 

of a sixteenth of the unit square. To derive a curve of level i + 1, four copies of i
th

 

level 2D Hilbert curve, each rotated as necessary are connected (Abdelsalam and 

Black, 2003). To derive a 4D Hilbert curve of level i + 1, sixteen copies of i
th

 level 

4D Hilbert curve are connected. 
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Figure 3 : Illustration of 2D Hilbert Curve with Increasing Curve Levels (1
st
, 2

nd
, 3

rd
 

and 4
th

 Levels) 

The original Hilbert curve is proposed in 2-D and the extension of curve to higher 

level dimensions are not present. There are only 2 effective mapping algorithms 

proposed by Bially and Butz. 

Bially algorithm is a table based approach while Butz generates the curve iteratively 

by series of binary operations and transformations. The drawback of Bially 

approach is the processing time and the memory occupation for the table, so it is not 

a good choice for high-dimensional mapping. Butz algorithm avoids these problems 

however only mapping from 1-dimension to n-dimension is proposed by Butz. 

Inverse operation is not a part of his algorithm but there are some methods to do it 

so. In this thesis study, a table based approach is followed by storing all the curves 

in a memory. 

2.4 Wavelet Transform 

In recent years, the WT has a very important role for solving many problems in 

image processing, computer vision, pattern recognition, and shape analysis. 

Discrete wavelet transform represents a function by the sum of the details of smaller 

and smaller scaled wavelets. By this way, global information can be separated from 

local information. This can be used for noise filtering or size reduction of the 

datasets. Wavelet transform decomposes a signal to its approximation and detail 
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coefficients. This is accomplished by using shifted and scaled versions of a mother 

wavelet. This decomposition can be operated at differentapproximation levels. For 

each level approximation and detail coefficients are changing. The approximation 

coefficients give a general behavior of the signal, by highlighting the low frequency 

components which generalize the major properties of signal.  

The wavelet transform is a useful computational tool for a variety of signal and 

image processing applications. For example, the wavelet transform is used for the 

compression of digital image files such as JPEG2K which is a newer version of 

JPEG image file format. It enables smaller files to store images using less memory 

and transmitting images faster. The FBI uses wavelet transforms for compressing 

digitally scanned fingerprint images. NASA's Mars Rovers also used wavelet 

transforms for compressing images. Wavelet transforms are also beneficial for 

filtering signals from noise or undesired details. 

Discrete wavelet transform is a sub sampling of continuous wavelet transform an it 

can be formulized as follows: 

 (2.10) 

where  and  are the scale and shift variables, respectively. The function  is 

the mother wavelet, and  denotes complex conjugate. 

A down sampling operation is performed after each level of decomposition. The 

number of data points in the components at level j approximation or detail is 

reduced by a factor of two, compared to ones at level j-1. Thus, the advantage of 

using a wavelet transform is that it reduces the size of the data, while preserving 

main characteristics of signal. 
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2.5 Distance Calculations 

Distances between extracted features are calculated via six different measurements 

namely ‘Euclidean’, ‘Intersection’, ‘Statistical X1’, ‘Statistical X2’, ‘Kullback-

Liebler’ and ‘Cosine’.  In these equations, means target feature set while does 

for query feature set. The first criterion for comparison with database features is the 

‘Intersection’. 

 (2.11) 

where  is the number of features in the set. It is often used with fuzzy-set 

techniques. It is very fast to compute, because there are no complex arithmetic 

operations. 

Another well-known measure is the squared Euclidian distance which is formulized 

as follows: 

 (2.12) 

This measure is sensitive to noise and does not generalize very well. 

Next, the Statistical X test is examined in its two forms. First one is Statistical X1 

and the second one is Statistical X2 formulated as follows respectively: 
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 (2.13) 

 

(2.14) 

Next measure is symmetric form of the Kullback-Liebler divergence: 

 

(2.15) 

Because of the logarithmic operation, it is the computationally most expensive of all 

six criteria. Final measurement is the cosine distance: 

 

(2.16) 
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CHAPTER 3  

DETAILS OF THE FOUR IMPLEMENTEDALGORITHMS 

In this part, details of the four algorithms are presented one by one. First of all, 

“Shape Similarity from SURFLET-Pair Relations” method, in which 4 dimensional 

geometric surface features are used, is going to be discussed. After first method, 

“SURFLET-Pair Relation Histograms“ is explained. Then, “Shape Description 

Using 2D Hilbert Curve” method is presented. Finally, the analogy behind 

“SURFLET-Pair Relation Histograms using 4D Hilbert Curves” is going to be 

given. All these methods are divided into 3 main parts namely; Pre-Processing, 

Feature Extraction and Distance Calculations as seen from Figure 4. Details of the 

Feature Extraction blocksof four methods are explained in the sections of each 

method after other steps are explained in this section. 
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Figure 4 : Main Steps of the Four Methods  
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3.1 Pre-Processing 

The main aim of this step is to prepare requested data for next steps. Input of Pre-

Processing part is target database and query set which are constructed by NIST in 

ASCII Object File Format (*.off). 

3.1.1 Target Object Data 

The target database is the generic shape benchmark constructed for “SHREC 2011 – 

Shape Retrieval Contest of Range Scans” at NIST within the context of SHARP 

which focuses on investigating 3D shape retrieval and evaluation strategies for 

localizing Scientific and Research problems related to shape analyses.  Shape 

benchmark for 3D object retrieval is described in [18]. This database is composed 

of 1.000 3D models from 50 classes. The classes are identified with respect to their 

semantic categories. Classes in the database are listed inTable 1. In each class there 

are about 20 models. The file format used to store triangular meshes of 3D models 

in the database is the ASCII Object File Format (*.off). 
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Table 1 : Classes of the Target Database 

1 Bird 18 Fish 35 NonFlyingInsect 

2 FlyingInsect 19 Biped 36 Quadruped 

3 ApartmentHouse 20 Cup 37 SingleHouse 

4 Bottle 21 SubmachineGun 38 Glasses 

5 HandGun 22 FloorLamp 39 Guitar 

6 Mug 23 Cellphone 40 DeskLamp 

7 Sword 24 Bed 41 DeskPhone 

8 Monitor 25 Sofa 42 NonWheelChair 

9 RoundTable 26 Bookshelf 43 RectangleTable 

10 Tree 27 Biplane 44 HomePlant 

11 Monoplane 28 Rocket 45 Helicopter 

12 Motorcycle 29 Car 46 Ship 

13 Bicycle 30 Bus 47 MilitaryVehicle 

14 Drum 31 HumanHead 48 ClassicPiano 

15 TruckNonContainer 32 Train 49 ComputerKeyboard 

16 Truck 33 Violin 50 Spoon 

17 Knife 34 PianoBoard 
  

3.1.2 Query Object Data 

The query constitutes of 150 high quality range images, which are obtained by 

capturing range scans using Minolta Laser Scanner which is able to scan objects 

ranging from very small to very large with high accuracy and precision. Scanning 

setup configuration is illustrated in Figure 5. 
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Figure 5 : Scanning Setup Configuration for Query Range Images 

For 50 query objects, 3 arbitrary direction angles are selected and objects are 

scanned from those directions to acquire 150 range images. These objects 

correspond to the 30 classes in the target database. Class labels and the number of 

models from each class are included in the query database are summarized inTable 

2. 

Query range scans are stored as ASCII Object File Format (*.off) as in target 

database case after the background noise of the captured data is manually removed. 

Examples from the query set and examples from the set of the objects that were 

scanned to obtain queries are shown in Figure 6 and Figure 7 respectively. 

 

Figure 6 : Examples from the Query Set (Range Scans) 
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Table 2 :Class Information of the Query Set 

Class name # of Query 

Models Bed 1 

Bicycle 1 

Biped 5 

Bird 1 

Bookshelf 1 

Bottle 1 

Car 2 

Cellphone 1 

Computer Keyboard 1 

Cup 3 

Desk Phone 1 

Fish 1 

Flying Insect 1 

Glasses 2 

Guitar 1 

Hand Gun 1 

Home Plant 2 

Human Head 2 

Military Vehicle 1 

Monoplane 2 

Motorcycle 1 

Non Flying Insect 2 

Non Wheel Chair 1 

Quadruped 5 

Single House 4 

Sofa 1 

Spoon 1 

Submachine Gun 1 

Tree 1 

Truck 2 
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Figure 7 :Examples from the Set of the Objects That Were Scanned to Obtain 

Targets and Queries 

3.1.3 Scaling and Reformatting 

As seen from Figure 7, sizes of the target and query database objects vary in a wide 

range and this causes some difficulties while range images are being scanned in 

Feature Extraction steps. Therefore, firstly the entire target and the query databases 

are scaled such that longest distances between two points of each object are 

equalized. Scaling operations are performed on MATLAB by using *.off files in 

databases. File format does not change at the output for scaling operation. 

The centers of mass of uniformed database objects are not coinciding with Cartesian 

coordinate’s origin. This inconsistency results with erroneous range image outputs. 
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In other words while range images are obtained, camera to target distance changes 

by the viewing angle since camera rounds with respect to origin. Thereby, intensity 

values for range images cannot be standardized. In order to get rid of this problem, 

centers of all the objects in the databases are moved to the origin point (0,0,0). 

Autodesk Softimage tool is used for this process and output file format is changed 

to Object File Format (*.obj) which is one of the most commonly used file format in 

graphical based tools. 

An example of objects 3D visualizations after and before Pre-Processing step is 

shown in Figure 8. 

 

(a)                                                        (b) 

Figure 8 : 3D Visualizations Before (a) and After (b) Pre-Processing Step 

3.2 Distance Calculations 

After features of the query and target object models are extracted for all databases, 

distances between them are computed one by one with distance measure 



 

26 

methods.Distance measures of features obtained from Method 1 are computed via 

Calculation Type 1 block while other three are computed via Calculation Type 2. 

Graphical base processes were run on Autodesk’s 3DS MAX and Softimage tools 

while mathematical calculations were computed in MATLAB. Details of these 

calculation types are explained below.  

3.2.1 Calculation Type 1 

After query feature samples and target density models are extracted for all items in 

the database, distances between them are computed one by one with four distance 

measure methods. 

Distances between each individual query feature and its target density model’s 

nearest cluster are calculated as a simple statistics of the Euclidean distance (3.1) 

and Squared Euclidean distance (3.2) for 1.000 features for each single view query 

model and 3 view query model  in 4D feature space. As a result, 150x1000 ” 

Target-Query” distance matrixes and 50x1000 “Target-3 View Query “ distance 

matrixes are generated using four different distance measure methods based on 

Euclidean distance (3.1) and Squared Euclidean distance (3.2) of the feature 

vectors: 

 
 

(3.1) 

  (3.2) 
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where  and are 4D features in target object and query model respectively. 

 and are parameters of feature .  

Let; 

  (3.3) 

  (3.4) 

where 

  (3.5) 

  (3.6) 

  (3.7) 

  (3.8) 

Distance calculations measuredby four different methods are formulated below: 
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1. Mean Euclidean distance (method mean) 

 (3.9) 

In this method, the average Euclidean distance between query model features and 

nearest target cluster centers is measured. 

2. Median Euclidean distance (method median) 

 (3.10) 

In this method, instead of average Euclidean distance, median of Euclidean 

distances between query model features and nearest target cluster centers is 

measured. 

3. Mean squared Euclidean distance (method meansqr); 

 (3.11) 

In this method, if the target cluster centers are understood as means of Gaussian 

density modes with equal and isotropic covariance, the resulting shape distance is 

essentially a negative likelihood. 

4. Median squared Euclidean distance (method mediansqr) 

 (3.12) 
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This distance measure will be nearly the same as the square of the median 

Euclidean distances, the rankings produced by the two median measures must hence 

be very similar, if not identical. 

3.2.2 Calculation Type 2 

Whole range of feature space is not necessarily covered by extracted features. 

Therefore, some indexes of feature space may remain zero. Numerical problems 

arise while calculating logarithms and divisions.  In order get rid of this, all zero 

indexes of feature space are set to a common value, lower than the lowest non-zero 

value occurring in all features. This value has the effect of a feature penalty term 

and selected as 0,001 in this study. Features are histograms ( s)for Method 2, shape 

feature vectors obtained by 2D Hilbert curve scan of images ( s) for Method 3 

and histogram shape feature vectors obtained by 4D Hilbert curve scan of 

SURFLET-Pair relation histograms ( s) for Method 4. 

Six different distance criteria, based on features, are evaluated to measure 

similarities between each individual query and target features.   represents the 

feature set of an object from target database while  does for a query model.The 

distance measure methods are; 

1. Intersection  :  

2. Euclidean  :  

3. Statistical1  :  

4. Statistical2  :  

5. Kullback-Liebler :  

6. Cosine   :  
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Each of distance measures have some advantages and disadvantages. Their 

formulation and functionalities were described in Section 2 in detail. 

As a result, 150x1000 ” Target-Query” distance matrixes and 50x1000 “Target-3 

View Query “ distance matrixes are generated for six distance measure methods. 

3.3 Feature Extraction 

In this section, feature extraction algorithms of the four different methods are 

explained. 

3.3.1 Shape Similarity from SURFLET-Pair Relations 

The first algorithm is based upon the method proposed by U. HILLENBRAND 

from Institute of Robotics and Mechatronics, German Aerospace Center (2010) [17] 

in which statistical analysis of a four dimensional geometric feature -SURFLET-

Pair relations- is introduced. 

The method is built upon SURFLET-Pair relation features which parameterize the 

intrinsic geometrical relation of an oriented surface-point pair.  

Calculating four parameters and extracting the features which are invariant to 

translation and rotation are explained deeply in Chapter2. 

After SURFLET-Pair relations are generated for both target and query objects, they 

are made use of to extract features from object data. By the help of these features, 

distances between query objects and target objects are calculated with four different 

distance measures. Finally, calculated distance matrixes are used to measure 

performance criteria of the method.The flow chart of this methodology is illustrated 
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in Figure 9.Together with this extension, detailed explanation of the followed 

algorithm is described below. 

 

 

Figure 9 : Flow Chart of Shape Similarity from SURFLET-Pair Relations 

Moreover, an extension to Hillenbrand’s method has been developed in this study. 

Hillenbrand applies his method to query data obtained from one direction of angle. 
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However, the proposed extension collects the query data taken from three different 

directions of angle, combines them and utilizes to extract feature for the query in 

interest. In Figure 10, query objects range images shot from three directions of 

angle are shown. 

 

Figure 10 : Images from 3 Different Directions of Angle for a Query Object 

Mathematical calculations were computed in MATLAB for these steps. Details of 

the steps of the feature extraction are given out below. 

In this step, SURFLET-Pairs are randomly collected from target database for a 

number of different viewing angles and relations between pairs are calculated. 

SURFLET-Pair relations are sub-sampled and clustered to extract features from 

1.000 target objects for a pose-invariant description of object geometry. Then, 

similar operations are performed for query data. SURFLET-Pairs are gathered from 

orthogonal angle of each query scan and relations are calculated. Relations set are 

sub-sampled too while they are not clustered in this case. 

3.3.1.1.Determining Directions of View 

Since the query data are single-view object data, a number of viewing directions 

were uniformly sampled from the sphere. Thereby, local features of a target object 



 

33 

can be determined using only the surface of the objects which are visible from the 

corresponding direction of view. 

Target database is divided into 2 parts and first half is viewed from 1.002 uniformly 

distributed directions on the sphere while second half is from 162 

directions.Experiments are started with 1.002 directions however since generating 

that much image takes very long time, second half of the database is viewed from 

162 directions of angles. A sphere is located on the origin and 1.002(162) equally 

distributed point positions on the sphere are sampled in MATLAB environment to 

form viewing angle directions. Angle between 2 neighbor view points on the sphere 

corresponds to 7,09° for 1.002 point case and 16,92° for 162 point case. Images of 

viewpoints are shown in Figure 11. 

 

       (a) 162 Viewing Angle     (b) 1.002 Viewing Angle 

Figure 11 :  Viewing Direction Points Distributed on Unit Sphere 

Filtering invisible portions of a target object which is viewed from a point on the 

sphere does not have a straight forward solution. In order to overcome this problem, 

range images are scanned and recorded from each viewing point on a sphere whose 
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radius is about 20 times larger than objects longest dimension.z-Dept Rendering 

tool of Autodesk 3DS Max’s is used for scanning purposes. Target object data 

which has been produced in Pre-Processing step is imported to 3DS Max.  It is 

automatically placed in the origin of the scene by default. A target camera, whose 

target is always the origin point, is located on viewing point of sphere whose center 

is origin point too. Snapshots from scene which are illustrating the configuration 

environment are shown in Figure 12 and Figure 13. For each object and for each 

viewing point, range images are scanned and recorded in *.png file format with 

1000x1000 pixel resolution. 

 

Figure 12 : Configuration Environment (Camera and Target Object in 3DS MAX) 

 

Figure 13 : Range Image Scanned from the Angle in Figure 12 
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Since 1.002 viewing angles are used for first half of the target database and 162 

viewing directions are used for second half of the target database, 582.000 range 

images are collected in total in order to be used in SURFLET-Pair relation 

calculations. 

All the query data are subjected to same procedure from the viewpoint where 

original laser range scanner is located. 150 range images are generated for 150 

query scans. 

3.3.1.2. Selecting SURFLET-Pairs and Calculating Relations 

In this step, SURFLET-Pair relations from the target models and the query set are 

sampled. For 1.000 times, randomly selected 2 SURFLETs are paired and their 

relations are calculated for each target objects’ viewing angle and each query 

model. 

For this purpose, range images are firstly eroded, because the circumference of the 

object in the image has erroneous information about the objects. Then, range images 

are read and converted back to 3D Cartesian coordinates such that each pixel in the 

image corresponds to a point in 3D world. From this point cloud, 2 elements are 

randomly selected and their normal vectors are determined for 1.000 times.  These 

two parameters, constituting SURFLET-Pair, are used to extract 4D SURFLET-Pair 

relations as explained detailed in Chapter 2. This operation is performed for 

1.002(162) range images in 1.000 target objects. For the query models, SURFLET-

Pair selection and relation calculations are repeated for 1.000 times per each model. 

As a result, 1.000.000 SURFLET-Pair relation for each query model and 

1.002.000(162.000) SURFLET-Pair relation for each target object are extracted and 

stored in this part of the algorithm. Illustrations from the process flow in “Selecting 

SURFLET-Pairs and Calculating Relations” are shown in Figure 14 and Figure 15. 
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(a)                                           (b) 

Figure 14 :  (a) Range Image of Piano Object(b) Eroded version of Range Image 

 

(a) 

 

(b) 

Figure 15 : (a) Point Cloud of a Target Object (blue circles) and SURFLET-Pairs 

(red circles) (b) Point Cloud of a Target Object (blue circles) and Normal of the 

SURFLET-Pairs (red arrows) 
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After features of target and query models are generated,the distances between each 

model are calculated with different distance measures to compare them and to find 

the closest match.As a result150x1000” Target-Query” distance matrixes and 

50x1000 “Target-3 View Query“ distance matrixes are generated. 

3.3.1.3. Sub-Sampling and Clustering of Target Data 

Sampled target SURFLET-Pair relations are needed to be formed in a compact 

description since all 1.002.000(162.000) relations are very expensive be used for 

distance measure calculations. 

For computing query to target distances, a subset of target relations reflecting the 

whole set density is needed.  A convenient way to build a compact description of 

target relation samples is sub-sampling and clustering them. For this purpose, 

100.000 features were sampled randomly from the total sample of 

1.002.000(162.000) target SURFLET-Pair relations for each object.Sampled 

features are applied k-means clustering with . This operation is repeated 

for 10 times so that 1.000 cluster centers for each target object is extracted. Features 

are selected from whole feature set at each selection operation. In other words,a 

feature have chance to be chosen in every 10 selections. These target density 

models are reflecting the characteristics of belonging target object. Target density 

models aregoing to be used in distance measures. 

For query models, clustering is not needed while 1.000 relations are sampled from 

total sample of 1.000.000 for each query model. 

For the extension version of the algorithm which uses features from three different 

directions of angle, features from three range images of the same query model are 
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combined together with equal weights by sampling one third of each three feature 

sets. 

3.3.2 SURFLET-Pair Relation Histograms 

The second algorithm is based upon SURFLET-Pair Relation Histograms method 

developed by E. Wahl et al. [16]. This algorithm proposes histograms of the 

geometric relation between two oriented surface points (SURFLET-Pairs) which 

has been introduced in the former method. 

This second method is very similar with the first one except for using histograms of 

the SURFLET-Pair relations instead of relations themselves or their cluster centers. 

In this approach, statistical occurrences of SURFLET-Pair relations are analyzed 

and their distributions are represented as discrete histograms with various sizes. 

Finally, generated histograms are compared by means of six different distance 

measures. Moreover the extension introduces in the first algorithm is applied for 

this method too by using query models data from 3 directions of angle. Flowchart of 

the second methodology is given in Figure 16. 
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Figure 16 : Flow Chart of SURFLET-Pair Relation Histograms 

As seen from Figure 9 and Figure 16, this algorithm is very close to “Shape 

Similarity from SURFLET-Pair Relations” method. The algorithm steps up to 

Extracting SURFLET-Pair Relations are common for both methods; therefore these 

steps are skipped in this part. 
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3.3.2.1 Histogram Generation 

It is assumed that, SURFLET-Pair relations are extracted for target and query 

models up to this point. However in this time, 1.000.000 SURFLET-Pair relations 

are extracted from query models. In the rest of this part, those relations are 

transformed to discrete histograms. 

The distribution of sampled SURFLET-Pair relations which are four dimensional 

geometric features is represented by histogram. Each feature  is located on one 

bin  of the histogram  by a function; 

 (3.13) 

 is the number of bins in the histogram where  is the feature set. Each of the four 

feature dimensions are quantized in 5 sets of equal intervals. In the origin of the 

method proposed by E. Wahl, quantization operation is performed on five equal 

intervals because it is claimed to be sufficient for classification and easy to be 

computed. However in this study, 2, 4, 5, 8 and 16 interval quantization of the 

feature set histogram is examined. The resulting numbers of bins in the histograms 

are as follows: 

 

 

 

and 

. 
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Histograms describe the normalized frequency of feature set . That is; 

 (3.14) 

where  means cardinality which describes the number of elements in a set. 

Feature sets are consist of 1.002.000, 162.000 and 1.000.000 elements for first half 

of the target models, second half of the target models and query models, 

respectively. After histogram extraction is operated for all sets, they are scaled such 

that sum of values in all bins of histograms are equal to each other. In the original 

method the numbers of extracted features are between 30.616.250 and 75.611.250 

and %0,005 of them are represented in the histogram. 

Same operations are processed for the extension part to this method which examines 

3 view data of query models. After features from different views of the query model 

are combined in a set, their histograms are generated. 

The histogram  constitutes a compact description of the object or query model.  

After histograms of target and query models are generated. The distances between 

each other are calculated with different distance measures to compare them and to 

find the closest match.As a result, in total 120 150x1000 ” Target-Query” distance 

matrixes and 50x1000 “Target-3 View Query “ distance matrixes are generated for 

six distance measure methods. 

3.3.3 Shape Description Using 2D Hilbert Curve 

The third algorithm is an extension to 3D shapes of the method proposed by Y. 

Ebrahimet al. from Department of Computing and Information Science, University 
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of Guelp [8, 9, 10] in which Hilbert space filling curve and Wavelet analyses is 

combined to match 2D shapes. 

This method is based on using space filling curves to produce a compact 1D 

representation of each target object and query model. Noise and fine details are 

smoothed out while the main features are kept intact by Wavelet approximation. 

According to the original algorithm published by Y. Ebrahim [8, 9, 10], a number of 

objects images are taken from different viewpoints in order to extract shape 

information. Then, the minimum bounding rectangle of the image in interest is 

found and this rectangle is cropped to ensure translation invariance. The cropped 

image is scanned by different level Hilbert space filling curve which is a continuous 

path, visiting every point in an n-dimensional grid exactly once and never crosses 

itself. The scanned image is stored in a vector  and wavelet transform is applied to 

this vector producing the vector  in order to remove noise and unnecessary 

details. Then  vector is subsampled and  is obtained.  is normalized 

and the resulting vector is named as Shape Features Vector .  These features 

from different views of the objects represent the object model. At query time, same 

procedure is operated for query model yet from only one view query image is used. 

The resulting features of the query objects are compared with the target objects 

feature database. 

While implementing the method, some changes are made to extend this study to 3D 

objects. Also, studied databases are different. Data used for previous methods is 

used in this algorithm while Y. Ebrahim [8, 9, 10] uses MPEG-7, Kimia-99, Kimia-

216 and ETH-80 datasets. Secondly, Gray-scale and binary images are used in the 

original algorithm. As well as using binary images, a novel approach is presented 

by utilizing range images from different directions of angle instead of gray-scale 

intensity images as input in their study. Moreover, another improvement is 

presented for calculating distances at query time. Instead of using single view data 
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of query models one view and three view data are used to measure distances 

between target and query models. Together with those changes, modified 

algorithms flow chart is illustrated in Figure 17. 

 

Figure 17 : Flow Chart of Shape Description Using 2D Hilbert Curve 
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Determining Directions of View step is very similar to the previous methods yet 

less number of viewing directions is selected in this algorithm. 

3.3.3.1 Determining Directions of Angle 

As in previous two methods, a number of viewing directions were uniformly 

sampled from the sphere. Thereby, local features of a target object can be 

determined using only the surface of the objects which are visible from the 

corresponding direction of view. 

In this case target database is viewed from 42 uniformly distributed directions on 

the sphere instead of 1.002 or 162 directions. Choosing 42 directions data avoids 

excessive computation time during scanning range images and measuring distances. 

In addition, it is quite enough for recognizing query models because; the angle 

between two neighbor view points on the sphere corresponds to 31,4°. This means, 

maximum angle between randomly selected viewing direction of target object and 

its closest viewing direction from 42 generated directions is 15,7°. According to the 

study of Y. Ebrahim [8, 9, 10], for 2D objects rotation angle affects the average 

precision performance negatively about %9 if the rotation is 15° as seen from 

Figure 18. Therefore 42 viewing directions selection seems to be a good decision. 

After directions of angle are determined, range images are scanned and recorded 

from each viewing direction using  z-Dept Rendering tool of 3DS Max as in the 

previous method and stored in *.png file format with 1000x1000 pixel resolution. 

As a result, 42.000 range images are generated for 1.000 target objects. 

150 range images are generated for 150 query models by scanning from one angle 

by the same operations. Binary versions of images are also generated from range 

images. 
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Figure 18 : Average Precision vs. Rotation Angle Graph 

3.3.3.2 Rotation and Cropping 

Images are needed to be oriented to satisfy rotation invariance because range 

images are scanned from arbitrary rotational angle. In other words, camera does not 

have a fixed angle among its viewing direction. Therefore, even if query and the 

target objects are the same and viewing directions are the same, scanned images 

could still be rotated versions of each other. In order to satisfy rotation invariance, 

all the images are rotated by a general approach before other operations. Firstly 

range images are converted to binary images. Then, angles between the x-axis and 

the major axis of the ellipse that has the same second-moments as the image region 

are determined. Illustrations of ellipse and orientation angle are shown on Figure 

19. 

Figure 19 shows an image region, its corresponding ellipse and the major axis of 

ellipse. 
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Figure 19 : Ellipse that has the Same Second-Moments as the Image Region and the 

Orientation Angle 

Secondly, the original range images are rotated by reverse of these angles and 

recorded. However this angle ranges from -90° to 90°. This means even if the image 

is rotated by 180°, the angle of orientation is going to be the same with the non-

rotated one. Therefore, 180° rotated versions of the recorded images are also saved 

to be used in cropping. Figure 20 shows original and rotated versions of a range 

image from object database. 

 

(a) Original                 (b) Rotated 1                        (c) Rotated 2 

Figure 20:Original and Rotated Versions of a Range Image from Target Object 

Database 
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After images are rotated and oriented, minimum bounding box of objects are found 

and images are cropped accordingly. By using only this part rather than the full 

image which might have blank spaces around the object, translation invariance is 

ensured. In Figure 21, an object range image before and after cropping can be seen. 

 

Figure 21 : Range Image Before and After Cropping 

After rotation and cropping processes, range images are copied as binary images 

and stored to be scanned by space filling curve. 

3.3.3.3 2D Hilbert Curve Scan 

In this part, images are scanned by various levels of 2D Hilbert Curves and they are 

converted to one dimensional vector . 

As explained in detail Chapter 2, 2D Hilbert Curve is some kind of space filling 

curve which is a continuous path to every other point in the space by a path of finite 

length. 2D Hilbert Curve is represented by two vectors,  and . Vector  has all 

the x-coordinates for the HC vertices, whereas  has all the y-coordinates and  and 
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 are always of size 4 , where  is the HC level. Hilbert Curve is explained in 

Chapter 2 in detail. 

The higher level  of 2D Hilbert curve images scanned by, the higher sensitivity to 

image details are achieved. However, in some situations, a more general 

representation might be more useful. 

The use of a 2D Hilbert Curve of the highest level possible guarantees a maximal 

sensitivity to details. However, in some situations, a more general representation 

might be desired. By using a lower level 2D Hilbert Curve, a general description of 

the image shape can be achieved. 

In this study 3rd, 4th, 5th and 6th level 2D Hilbert Curves are examined to scan 

target and query images. Generated 2D Hilbert Curves located on a query target 

image can be seen in Figure 22. 

2D range and binary images of models are scanned by those levels of space filling 

curves, and the corresponding pixel values are stored in 1D vector in the order of 

the curves path. It should be emphasized that, to the best of our knowledge, this is 

the first study that range images are used for this kind of application. Examples of 

scanned vectors for different  are shown in Figure 23. 

Same operations are also performed of the binary versions of the range images. 

As seen from Figure 21 and Figure 22; this algorithm is scale invariant because 2D 

Hilbert Curves are stretched on the image after images are cropped. 

After Hilbert Curve scanning step, wavelet transformations are applied to vectors 

generated from binary and range images. 
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                                   (a)                                           (b) 

 

(c)                                (d) 

Figure 22 : Hilbert Curves Located on Cropped and Rotated Target Image Database 

Image (a) HC level 3 (b) HC level 4 (c) HC level 5 (d) HC level 6 
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(a) V of Image for HC level 3 (b) V of Image for HC levels 4 

 

(c) V of Image for HC level 5             (d) V of Image for HC level 6 

Figure 23 : Examples of Scanned Vectors for Different HC Levels  

3.3.3.4 Wavelet Transformations for Method 3 

In this part, global features of a shape which is represented in the approximation 

vector are focused on.  The 1D wavelet transform is selected as a means of 

smoothing the vectors scanned by 2D Hilbert Curve such that only the most 

dominant features of the shape are retained. Therefore, it should be possible to 

separate local information from global information. Higher levels of approximation, 
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however, can result in losing too much information. The wavelet level can be used 

to determine the resolution of the representation as the 2D Hilbert Curve level does. 

In this manner, in addition to originals, first and second level approximations are 

used to smooth out the original shape vectors. Moreover, down sampling with 2 is 

applied on first level approximated vector to figure out the effect of the shape vector 

size. Together with these 4 methods, Sample Wavelet Vectors ( s) are 

developed. Figure 24 illustrates a target image’s s conducted by using those 

approximations for four different 2D Hilbert Curve scan levels. 

Note how the curve is smoothed as the wavelet approximation level increases and 

Hilbert Curve level decreases. By comparing the results in Figure 24 and Figure 25, 

it is evident that reducing the HC level results in a quick and drastic loss of 

details,including some main features, but increasing the wavelet approximation 

level preserves the principal features and smooth out only the fine details. Those 

effects can be seen more clearly in Figure 25 in which smoothing procedures are 

performed and reverse operations are done to regenerate the approximated original 

image. 
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2D Hilbert Curve Level  = 3 

 

2D Hilbert Curve Level  = 4 

 

2D Hilbert Curve Level  = 5 

 

2D Hilbert Curve Level  = 6 

Figure 24 : A Target Image’s s Conducted by Using Four Approximation 

Types and Four Different 2D Hilbert Curve Scan Level (First Column: Original, 

Second Column: 1
st
 Level Appr. Third Column: 1

st
 Level Appr. with down 

sampling, Fourth Column: 2
nd

 Level Appr.) 
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Hilbert Curve Level  = 3 

 

Hilbert Curve Level  = 4 

 

Hilbert Curve Level  = 5 

 

Hilbert Curve Level  = 6 

Figure 25 : Regenerated Images from Approximation Vectors for Four 2D HC 

Levels (First Column: Original, Second Column: 1
st
 Level Appr. Third Column: 1

st
 

Level Appr. with down sampling, Fourth Column: 2
nd

 Level Appr.) 
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Range and binary images belonging to target and query database converted to 

Sample Wavelet Vectors ( s) with four methods and normalized with respect to 

their own maxima to form target and query Shape Feature Vectors (SFVs). SFVs 

are the output of Feature Extraction segment and to be used in distance calculations. 

Figure 26 shows non-normalized  and normalized  for a target object 

range image. 

 

Figure 26 : Non-normalized (left side) and Normalized  (right side) for Target 

Object Range Image 

150x1000 ” Target-Query” distances are calculated for four Hilbert Curve level, 

four Wavelet Transform and six distance measures for range and binary images. 

This means 192 distance maps are generated. Using these maps, an extended map 

set is formed by collecting the Target-Query distances for the same query objects 

three different views and averaging these three entries of each distance map. As a 

result, a new 50x1000 “Target-3 View Query” distance maps are developed. 
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3.3.4 SURFLET-Pair Relation Histograms Using 4D Hilbert Curve 

Fourth algorithm is a novel approach based upon histograms of SURFLET-Pair 

relations and their description using 4D Hilbert Curves. It could be said that, this 

method is some kind of union of the second and the third algorithms in this study. 

This method is based on using space filling curves to produce a compact 1D 

representation of each target and query models histograms. Noise and fine details 

are smoothed out while the main features are kept intact by Wavelet approximation. 

The fourth method is very similar to the second one except for using wavelet 

transforms of histograms built from the SURFLET-Pairs instead of histograms 

themselves. Likely in second method, statistical occurrences of SURFLET-Pair 

relations are analyzed and their distributions are represented as discrete histograms 

with various sizes. Histograms of the SURFLET-Pair relations are extracted from 

range images of target and query databases for five different quantization 

parameters and those histograms are scanned by different level 4D Hilbert space 

filling curve which is a continuous path, visiting every point in a 4-dimensional grid 

exactly once and never crosses itself. The scanned histogram is stored in a vector  

and wavelet transform is applied to this vector producing the vector  in order to 

remove noise and unnecessary details. Then WV vector is subsampled and  is 

obtained.  is normalized and the resulting vector is named as Histogram Shape 

Features Vector .  These features represent the object model. At query time, 

same procedure is operated for query models. Two different versions of histograms 

are generated and scanned with Hilbert Curves for query objects. First one is 

histogram from one direction of angle data while the second one is 3 view query 

histogram. The resulting features of the query objects are compared with the target 

objects feature database. Generated s are compared by means of six different 

distance measures. Flowchart of the fourth methodology is given in Figure 27. 



 

56 

As seen from Figure 16, Figure 17, and Figure 27, this algorithm is combination of 

“SURFLET-Pair Relation Histograms” and “Shape Description Using the Hilbert 

Curve” methods. The target and the query object databases and the algorithm steps 

up to “4D HC Scan with Four Different Levels” are common for the fourth and the 

second methods, therefore these steps are skipped in this part. Steps after “4D HC 

Scan with Four Different Levels” are similar to the third algorithm however there 

are some differences to be explained in the preceding parts. 

3.3.4.1 4D HC Scan with Four Different Levels 

In this part, four dimensional histograms are scanned by four levels of 4D Hilbert 

Curves in contradistinction to third algorithm in which two dimensional range 

images are scanned by 2D Hilbert Curves and they are converted to one 

dimensional histogram vector . 

As explained in detail in Chapter 2, 4D Hilbert Curve is a space filling curve which 

is a continuous path to every other point in four dimensional space by a path of 

finite length. 4D Hilbert Curve is represented by four vectors , , , and . 

Vectors , , , and  has all the coordinates corresponding to their axis’s and , 

, , and  are always of size 16 , where  is the Hilbert curve level. 

The higher level  of 4D Hilbert curve histogram scanned by, the higher sensitivity 

to histogram details are achieved. However, in some situations, a more general 

representation might be more useful. 

The use of a 4D Hilbert Curve of the highest level possible guarantees a maximal 

sensitivity to details of object histograms. However, in some situations, a more 

general representation might be desired. By using a lower level 4D Hilbert Curve, a 

general description of the object histogram can be achieved. 
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Figure 27 : Flowchart of SURFLET-Pair Relation Histograms Using 4D Hilbert 

Curve 
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In this study 3rd, 4th, 5th and 6th level 4D Hilbert Curves are examined to scan 1 

view, 3 view query and target model histograms. 4D histograms of models are 

scanned by those levels of space filling curves, and stored in 1D Histogram Vector 

in the order of the curves path. Visualization of the generated 4D Hilbert Curves is 

not feasible however examples of Histogram Vectors which are scanned from 

histograms with different levels  can be seen in Figure 28. 

 

(a) HV of Image for HC level 1     (b) HV of Image for HC level 2 

 

(c) HV of Image for HC level 3 (d) HV of Image for HC levels 4 

Figure 28 : Histogram Vectors Scanned with Different 4D HC Levels  

After 4D Hilbert Curve scanning step, wavelet transformations are applied to 

vectors generated from object and query histograms. 
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3.3.4.2 Wavelet Transformations for Method 4 

In this part, global features of a target or query object which are represented in the 

approximation vector are focused on. As it is done in Method 3, 1D wavelet 

transform is selected as means of smoothing the vectors scanned by 4D Hilbert 

Curve such that only the most dominant features of the histogram are retained. 

Therefore, it should be possible to separate local information from global 

information. Higher levels of approximation, however, can result in losing too much 

information. The wavelet level can be used to determine the resolution of the 

representation as the 4D Hilbert Curve level does. 

In this manner, while originals are kept, first, second and third level approximations 

are used to smooth out the shape vectors originated in the previous parts. Moreover, 

down sampling with 2 is applied on four vectors to figure out the effect of the shape 

vector size. Together with these 8 methods, Sample Histogram Wavelet Vectors 

( s) are developed. Figure 29 illustrates a target histogram’s s 

conducted by using those approximations for four different 4D Hilbert Curve scan 

levels without down sampling. 

Note how the curve is smoothed as the wavelet level increases and 4D Hilbert 

Curve level decreases. By comparing the results in Figure 29, it is evident that 

reducing the HC results in a quick and drastic loss of details, including some main 

features, but increasing the wavelet approximation level preserves the principal 

features and smooth out only the fine details as in Method 3. 
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4D Hilbert Curve Level  = 1 

 

4D Hilbert Curve Level  = 2 

 

4D Hilbert Curve Level  = 3 

 

4D Hilbert Curve Level  = 4 

Figure 29 : A Target Histogram’s s Conducted by Using Four 

Approximation Types and Four Different 4D Hilbert Curve Scan Levels (First 

Column: Original, Second Column: 1
st
 Level Appr. Third Column: 2

nd
 Level Appr., 

Fourth Column: 3
rd

 Level Appr.) 

Histograms belonging to target and query database converted to Sample Wavelet 

Vectors ( s) with four methods and normalized to form target and query 

feature vectors  and . s are the output of Feature Extraction step 
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and to be used in distance calculations. Figure 30 shows non-normalized  

and normalized  for a target object. 

 

Figure 30 : Non-normalized (left side) and Normalized  (right side) for 

Target Object 

150x1000 ” Target-Query” distances are calculated for four Hilbert Curve level, 

four Wavelet Transform with down sampled versions and six distance measures. 

This means 192 distance maps are generated. Using these maps, an extended map 

set is formed by collecting the Target-Query distances for the same query objects 

three different views and averaging these three entries of each distance map. As a 

result, a new 50x1000 “Target-3 View Query” distance maps are developed. 
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CHAPTER 4  

EXPERIMENTS AND RESULS OF THE FOUR METHODS 

In this chapter, experiments which are conducted according to methods presented in 

Chapter 3 are explained and the results of those experiments are analyzed. In these 

methods, generic shape benchmark constructed for “SHREC 2011 – Shape 

Retrieval Contest of Range Scans” at NIST (National Institute of Standards and 

Technology) within the context of SHARP (Shape Analyses Research Project) are 

used as inputs and 838 distance maps are extracted by changing the parameters in 

four methods. 

In section 4.1, criteria for measuring the performance of the proposed algorithms 

are explained. In preceding sections from 4.2 to 4.5, experiments and analyses of 

methods are handled one by one. In the first method, results for 1 view and 3 view 

feature experiments are handled together while in the rest of the methods; results 

are divided into two main parts as 1 View and 3 View results because of huge 

amount of experimental results. Comparison of 1 View and 3 View results are 

analyzed at the end of each method section. Inside each method, results are tried to 

be separated as much as possible to illustrate the effect of changing parameters on 

overall performance of that method. Performances of theresults of the algorithms 

are measured by performance criteria which are described in the next section. 
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4.1 The Performance Criteria 

In the object recognition and retrieval area, various performance criteria have been 

derived. Different evaluation metrics measure different aspects of shape retrieval 

behavior.  Some of them use accuracy evaluations while others focus on timing 

issues. In this study, both measures are considered separately. These methods are 

explained in this section. 

4.1.1 Accuracy Measures 

Outputs of four methods which are applied in this study are 150x1000 and 50x1000 

distance maps between target and query models. Performance measures are 

determining the accuracy of those maps.  Since this thesis is inspired by SHREC 

2010 - Shape Retrieval Contest of Range Scans, accuracy performance measures are 

based on the competition’s evaluation methods. These methods are explained in this 

section with their details. 

Nearest Neighbor (NN): This evaluation measure based on the idea, that is, to 

check the success rate of an algorithm if closest target object to a query model 

according to this algorithm is belong to same class as query or not. The final score 

is an average success rate over all the query objects in database. In other words, 

class of each query model is determined due to the nearest target object in the 

distance map and the average success rate of the query model classes is used as the 

performance criterion for NN method. 

This criterion is easy to be calculated and gives a general idea about the accuracy of 

the generated distance map. Since there are a huge amount of distance maps for four 

algorithms, NN method is used to evaluate every distance map one by one. After 
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most successful parameters for each of the four algorithms are determined, other 

performance measures are used to analyze more precise results about the maps. 

Precision – Recall Curves: Precision - Recall Curve is the most popular measure 

to evaluate performances of the methods in pattern recognition area.  

Precision is the ratio of relevant objects retrieved to all retrieved objects in the 

ranked list while Recall is the fraction of relevant instances that are retrieved. 

If the set of all relevant objects is denoted by A and the set of all retrieved object is 

denoted by B then, 

  (4.1) 

In other words, the precision is the number of target objects which are labeled as the 

same class with query model (true positive) divided by total number of target 

objects labeled as belonging to the query model’s class (i.e. the sum of true 

positives and false positives, which are target objects incorrectly labeled as 

belonging to the query’s class). Recall is the number of true positives divided by the 

total number of target objects that actually belong to the positive class (i.e. the sum 

of true positives and false negatives, which are target objects which were not 

labeled as belonging to the query’s class but should have been). Then, 

  (4.2) 

where  is the number of True Positive,  is the number of False Positive 

and  is the number of False Negative. ,  and  are calculated by 
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denoting target modelswhose distance to query model is below a treshold  as 

positives. 

In pattern recognition, a perfect precision score is 1. This means, every retrieved 

result is relevant (however it does not say anything about if all relevant objects are 

retrieved or not). A perfect recall score is 1.0 and it means all relevant objects were 

retrieved (however does not say anything about how many irrelevant objects are 

also retrieved). 

According to these definitions, Precision – Recall Curves are plotted by controlling 

the threshold which determines whether the distance in the distance maps is enough 

to label a target object as the class of the query model. Average of all the query 

models Precision – Recalls is used to plot the curves. 

Since the heavy calculations are needed for plotting curves, only the most 

successful versions of the methods are evaluated via this measure. Besides, 

precision and recall values of the distance maps thresholded by first 32 closest 

target objects are shown in the experimental results evaluation where they are 

beneficial to be displayed. 

E/F-Measures: These measures are a combination of precision and recall into a 

single number evaluating the whole system performance. E-Measure and F-measure 

which is the harmonic mean of precision and recall can be formulized as follows: 

 

 

 

(4.3) 
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Note that the maximum value is 1.0, and higher values of  indicate better results 

while lower values of  indicate better results. Since  and  are similar 

measures, only  is used to evaluate the performance.  

Because the closer target objectsin the distance maps are more important than the 

other parts, only the first 32 retrieved objects are considered in the contests 

rankings. Therefore same approach is adopted in this study too and F-Measure is 

calculated over those 32 results. 

F-Measure calculations are easier than Precision – Recall Curve plotting since F-

Measure can be considered as a point on this curve and gives a general idea about 

the curve’s characteristics. Therefore while Precision – Recall curves are used for 

evaluating most successful results, F-Measure is used for every single result. 

4.1.2 Timing Analyses 

Object recognition and retrieval is a long lasting problem for computer vision and 

robotics area. Powerful and fast algorithms are necessary for a navigating a robot 

for exploring its environment and classifying the objects in the scene. In real time 

systems such as robotics, timing performance is vital in order to response to 

incoming actions in adequate delays. Therefore, timing measures are very important 

for object retrieval algorithms. 

Considering this concern, all the applied methods with their changing parameters 

are evaluated by their timing performances. The only parameter of timing analyze is 

the duration between the arrival of a new range scan and the generation of the 

distance map for this image. This parameter can be discussed as the response time 

of the system. 
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Each method’s results are obtained on a laptop computer with Intel i7 Q740 1.74 

GHz processor and 8 GBs of RAM. Mathematical operations are performed on 

MATLAB software version of 7.6.0. Operating system of thee computer is 

Windows 7 Home Premium. Timing performances of the methods are also 

evaluated on this computer. 

4.2 Experiments of Method 1 

In this part, firstly experimental results for 1 View and 3 View features together are 

examined according to NN and F-measure accuracy criteria for Method 1 in which 

SURFLET-Pair relations are used. Secondly Precision – Recall curves are evaluated 

for 1 View data and 3 View features results one by one. Then, best results for 1 

View and 3 View features are compared in means of Precision – Recall curves. 

After accuracy performances are evaluated, timing analyses of two types of features 

results are investigated. 

Finally, results are summarized for 1 View – 3 View parameter and distance 

measure type. Results obtained from 1 View data are going to be compared with 

ones obtained by Hillenbrand who is one of the competitors in the contest of 

previous year. 

4.2.1 NN and F-Measure Results of Method 1 using 1 View and 3 View Data 

In this section, experimental results for both 1 View and 3 View data are analyzed 

via NN and F-Measure criteria for four different types of distance measure methods 

namely ‘mean’, ‘means’, ‘median’ and ‘mediansqr’.  

Figure 31 illustrates NN performance of both 1 View and 3 View data results for 

four distance measure methods. 
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Figure 31 : NN Performance of 1 View and 3 View Data Methods for Different 

Distance Measure Types for Method 1 

Figure 32  illustrates F-Measure performance of both 1 View and 3 View data 

results for four distance measurements. 

 

Figure 32: F-Measure Performance of 1 View and 3 View Data Methods for 

Different Distance Measure Typesfor Method 1 
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According to NN and F-Measure performances of the methods illustrated in Figure 

31 and Figure 32, ‘mean’ and ‘meansqr’ distance measurements seem to be give 

better results than ‘meadian’ and ‘mediansqr’ for both 1 View and 3 View data 

results. Moreover if 1 View and 3 View data methods are compared, 3 View is 

more successful for four distance measures too.  

Table 3 summarizes the NN and F-Measure performance obtained by Hillenbrand.  

Table 3 : NN and F-Measure Results of Hillenbrand 

  NN F-Measure 

mean  0,325 0,244 

meansqr 0,231 0,197 

median 0,282 0,226 

mediansqr 0,282 0,226 

According to Table 3 and Figure 31, results obtained in this study are better than 

Hillenbrand’s for each alternative distance calculation. In addition, F-Measure 

performance of 1 View data results are better than Hillenbrand’s results in ‘mean’ 

and ‘meansqr’ distance measurements however for ‘median’ and ‘mediansqr’ 

measurements, Hillenbrand has better grades. 

4.2.2 Precision – Recall Curve Resultsof Method 1 

Precision – Recall curves for 1 View and 3 View methods are investigated on their 

own first. Then these two are going to be compared. Results of 1 View data are also 

going to be compared with Hillenbrand‘s results. 

4.2.2.1 1 View Data Curvesof Method 1 

In this section, experimental results for 1 View data are analyzed via Precision – 

Recall curves for four different types of distance measure methods.  
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Figure 33illustrates Precision – Recall curves of 1 View data results for four 

distance measure methods andFigure 34illustrates Precision – Recall curves of the 

results obtained by Hillenbrand with the same algorithm. 

 

Figure 33 : Precision – Recall Curves of 1 View Data for Four Distance Measures 

for Method 1 

 

Figure 34 : Precision – Recall Curves of the Results Obtained by Hillenbrand with 

the Algorithm Same as Method 1 
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According to Precision – Recall curve performances of the methods illustrated in 

Figure 33, each distance measure methods have similar characteristics while 

‘meansqr’ steps forward with very small difference. However, none of the methods 

give good results for this performance measure comparing to NN and F-Measure 

evaluations. On the other side, results of Hillenbrand are better than ones obtained 

in this study besides they are expected to be close to each other. Such a condition is 

observed because Hillenbrand uses database of previous year’s contest in which less 

number of query and target objects models are populated. There are 800 target 

objects from 40 classes and 120 query models from 23 classes in database of 

previous year’s contest while 1.000 target objects from 50 classes and150 query 

images from 30 classes are included in database of this year’s contest. Moreover 

classification of database used in this study is categorized by hand while 

Hillenbrand uses the information of classes of database objects determined by the 

organizers of the competition. This situation results with obtaining better NN 

performance while getting worse Precision – Recall curve performance than 

Hillenbrand’s results in this thesis study. Results of next parts are going to be 

compared with 1 View version of Method 1 and improvements of next methods are 

compared with 1 View version of Method 1. 

4.2.2.2 3 View Data Curvesof Method 1 

In this section, experimental results for 3 View data are analyzed via Precision – 

Recall curves for four different types of distance measure methods.  

Figure 35 illustrates Precision – Recall curves of 3 View data results for four 

distance measure methods for Method 1. 
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Figure 35 : Precision – Recall Curves of 3 View Data for Four Distance Measures 

for Method 1 

According to Precision – Recall curve performances of the methods illustrated in 

Figure 35, each distance measure methods have similar characteristics while 

‘meansqr’ steps forward with very small difference as in 1 View method results.  

4.2.2.3 1 View - 3 View Data Comparison for Method 1 

In this section, Precision – Recall curves for 1 View and 3 View data results are 

analyzed for most successful distance measure method ‘meansqr’. 

Figure 36 illustrates Precision – Recall curves of 1 View and 3 View data results for 

four ‘meansqr’ distance measure method for Method 1. 
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Figure 36 : Precision – Recall Curves of 1 View and 3 View Data for ‘meansqr’ 

Distance Measures for Method1 

According to Precision – Recall curve performance comparisons of the methods 

illustrated inFigure 36, 3 View data result is better than 1 View data as expected 

because it has more information about the scene; however the difference between 

curves is changing very slightly. However the performances for both of the methods 

are poor. 

4.2.3 Timing Analyses of Method 1 

In this section, timing performances of 1 View and 3 View data results for four 

distance measurements are analyzed. 

Table B1 in Appendix B, lists durations of steps in Method 1 for 1 View and 3 

View data results and four different types of distance measurements. Total amount 

of time to accomplish distance map generation duty for a new query data is figured 

out at the last column. 
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According to timing results for Method 1 listed in Table B1, feature extraction 

durations are as three times as 1 View data durations for 3 View data, since at each 

new query arrival, 3 View method has to extract features for three images while 1 

View method needs only one. However, these durations can be neglected 

considering huge distance measuring timing results. Each of 1.000 four dimensional 

features of the query model is tried to be matched with nearest cluster center of 

target object one by one for each target object. This procedure takes so long time. 

Therefore distance measuring time dominates the total duration of retrieval. 

According to Table B1 in Appendix B section, ‘mean’ and ‘median’ methods have 

better results than ‘meansqr’ and ‘mediansqr’ methods. Nevertheless, none of these 

methods seem to be appropriate for real time systems due to long computational 

durations. 

4.2.4 Conclusion of Method 1 

In Method 1, SURFLET-Pair relations are used for 3D object retrieval and 

extracting distance maps for objects. Parameters which are changed in the method 

are number of data view point used to extract features and distance measure 

alternatives. Results in previous sections figured out that, 3 View data always gives 

better results than 1 View data while operation durations are very close to. 

Moreover, among four distance measurement methods, ‘meansqr’ seems to be more 

successful than others while methods are separated from each other with slight 

differences. 

As a result, 3 View data ‘meansqr’ method which takes2.599,57 seconds can be said 

to be the most successful alternative regardless of timing performance. If speed of 

the algorithm is noticed, 3 View ‘mean’ alternative which is completed in 

2.629,57seconds may be considered.Timing result summary of best performances of 

Method 1 can be seen in Table 5. 
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Table 4 : Timing Result Summary of Best Performances of Method 1 

Input Data Distance Measure Timing 

3 View meansqr 2.599,57 

3 View mean 2.629,57 

4.3 Experiments of Method 2 

In this part, firstly experimental results for 1 View and 3 View features together are 

examined according to NN and F-measure accuracy criteria for Method 2 in which 

histograms of SURFLET-Pair relations are used. While evaluating, histogram 

resolution and distance measurement methods are analyzed one by one. Secondly 

Precision – Recall curves are evaluated for 1 View data and 3 View features results 

separately. Again histogram resolution and distance measurement methods are 

examined in this part too. After accuracy performances are evaluated, timing 

analyses of Method 2 are investigated for changing parameters of number of 

viewing directions, histogram size and distance measure. 

Finally, results are summarized for 1 View – 3 View parameter, histogram size and 

distance measure type. 

4.3.1 NN and F-Measure Resultsof Method 2 for 1 View and 3 View Data 

In this section, experimental results for both 1 View and 3 View data are analyzed 

via NN and F-Measure criteria for five different 4D histogram sizes as 2 bins, 4 

bins, 5 bins, 8 bins and 16 bins per axis andsix different types of distance measure 

methods namely ‘Intersection’, ‘Cosine’, ‘Statistical X1’, ‘Statistical X2’, 

‘Euclidean’ and ‘Kullback-Liebler’. 

Figure 37 and Figure 38illustrates NN and F-Measure performances respectively 

forMethod 2 with all parameters.  
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Figure 37 : NN Performance of Method 2 with All Parameters 

More detailed graphical demonstrations divided with respect to histogram 

resolutions for NN Performance of the method can be found in Appendix A(see 

Figure A1 to Figure A10). 

 

Figure 38: F-Measure Performance of Method 2 with All Parameters 
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Effects of parameters are analyzed by means of these two graphs and more specific 

charts to be displayed in the following parts. 

First of all, effect of number of views is described for 1 View and 3 View data 

methods. If Figure 37 and Figure 38 are investigated, 3 View data gives better 

results than 1 View data for almost every comparison. For every distance measures 

in histograms with 4
4
 bins, 4

5
 bins, 4

8
 bins and 4

16
 bins, 3 View features have higher 

scores about %2 to %4. Only for 4
2
 bins histogram experiments, 1 View data is 

more successful however this experiment yet has the worst performance among 

others. In short, data taken from 3 Views of query model has more information 

about the object and gives better results than 1 View version. 

Secondly, effect of distance measure methods in the overall system performance is 

analyzed. Again referring to Figure 37,Figure 38 and figures in Appendix A; 

‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and Kullback-Liebler distance 

measures have similar behavior with small changes for 4
5
 bins,4

8
 bins and 4

16
 bins 

histogram experiments. In addition, ‘Statistical X1’ gives better performance in 4
4
 

bins histogram experiment. This performance races against each other even if others 

have higher number of histogram bins. However, ‘cosine’ and ‘Intersection’ 

distance measures performs poor for all histogram sizes. These two methods lies 

behind simple formulations to be calculated and they are not expected to have very 

powerful experimental results.  To sum up, all of the distance measure alternatives 

except for ‘Cosine’ and ‘Intersection’ have poor performances while ‘Statistical X1’ 

alternative stands out from others because of the better performance even for low 

numbers of histogram size. 

The last but not the least parameter to be examined is histogram size. In order to 

show influence of the number of histogram bins;Figure 39, Figure 40, Figure 41 and 

Figure 42 need to be investigated. 
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Figure 39 : 1 View Data NN Performances of Four Distance Measures among 

Different Histogram Sizes for Method 2 

 

Figure 40 : 1 View Data F-Measure Performances of Four Distance Measures 

among Different Histogram Sizesfor Method 2 
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Figure 41 : 3 View Data NN Performances of Four Distance Measures among 

Different Histogram Sizesfor Method 2 

 

Figure 42 : 3 View Data F-Measure Performances of Four Distance Measures 

among Different Histogram Sizes for Method 2 
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Those graphs indicate that, performances of all four distance measure alternatives 

tend to increase up to histogram size of 4
5
. After this point, ‘Statistical X1’ 

alternative starts to decreasehowever others keep growing up with less velocity up 

to histogram size of 4
8
. Performance of ‘Statistical X1’ starts to decrease from now 

on while other three measurements tend to be stabilized. These results show that, 

higher histogram size improves system performance however after some point 

increase of number of histogram bins are expected to affect the performance in 

negative direction. This effect could be realized for ‘Statistical X1’ alternative 

clearly. It is expected to be seen that, ‘Euclidean’, ‘Statistical X2’ and ‘Kullback-

Liebler’ measures are going to be start decreasing if 4
32

 bin histogram experiments 

are done.This is because so using much histogram bin customizes the histogram for 

a particular shape and histogram loses its representation of generalized object 

models.  

4.3.2 Precision – Recall Curve Results of Method 2 

Precision – Recall curves for 1 View and 3 View methods are investigated on their 

own first. Four most successful distance measures for 4
5
, 4

8
 and 4

16
 bins histogram; 

and different histogram sizes with ‘Statistical X1’ and ‘Statistical X2’ distance 

measuresare explored. Then these two view groups are going to be compared. 

4.3.2.1 1 View Data Curves of Method 2 

In this section, experimental results for 1 View data are analyzed via Precision – 

Recall curves for four most successful types of distance measure methods and five 

histogram sizes.  
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First of all, effect of distance measure techniques on the performance of the 

algorithm is investigated. 4
5
, 4

8
 and 4

16
 bins histogram is selected for these 

experimental results because, every distance measure methods NN and F-Measure 

performances are close to their top points in those experiments. In this manner, 

graphical visualizations of performances are shown in Appendix A section.  

According to Precision – Recall curve performances of the methods illustrated in 

Appendix A (see Figures…), each distance measure methods have similar 

characteristics while ‘Statistical X2’ steps forward with very small difference. For 

small recall rates, precision results are better for ‘Statistical X1’ alternative. 

‘Kullback-Liebler’ and ‘Euclidean’ follows in performance respectively. 

Secondly, effect of histogram size on the performance of the algorithm is 

investigated. Figure 43 and Figure 44 illustrates Precision – Recall curves of 1 View 

data results for ‘Statistical X1’ and ‘Statistical X2’ distance measure methods with 

respect to histogram sizes. 

 

Figure 43 : Precision – Recall Curves of 1 View Data for ‘Statistical X1’ Distance 

Measure Methods w.r.t. Histogram Size for Method 2 
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Figure 44 : Precision – Recall Curves of 1 View Data for ‘Statistical X2’ Distance 

Measure Methods w.r.t. Histogram Sizefor Method 2 

‘Statistical X1’ and ‘Statistical X2’ distance measures among four successful 

alternatives are selected in these experiments because, ‘Statistical X1’ behaves 

different than others with changing histogram sizes and ‘Statistical X2’ is seemed to 

be the one with best performance results. 

According to Figure 43 and Figure 44, ‘Statistical X1’ method takes its most 

successful grades for 4
5
 bins histogram size while ‘Statistical X2’ does for 4

16
 bins 

histogram size.  

Finally, best performances of 2 successful alternatives for Method 2’s 1 View data 

are compared namely 4
5
 bins ‘Statistical X1’ and 4

16
 bins ‘Statistical X2’ in Figure 
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Figure 45 : Precision – Recall Curves of 1 View Data for Most Successful Two 

Alternatives of Method 2 

According to Figure 45, performances of these two alternatives are very close to 

each other. 

4.3.2.2 3 View Data Curvesof Method 2 
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difference. For small recall rates, precision results are better for ‘Statistical X1’ 

alternative. ‘Kullback-Liebler’ and ‘Euclidean’ follows in performance 

respectively. 

As it is done for 1 View feature, effect of histogram size on the performance of the 

algorithm is also investigated. Figure 46 and Figure 47 illustrates Precision – Recall 

curves of 3 View data results for ‘Statistical X1’ and ‘Statistical X2’ distance 

measure methods with respect to histogram sizes for Method 2. 

 

Figure 46 : Precision – Recall Curves of 3 View Data for ‘Statistical X1’ Distance 

Measures w.r.t. Histogram Size for Method 2 
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Figure 47 : Precision – Recall Curves of 3 View Data for ‘Statistical X2’ Distance 

Measures w.r.t. Histogram Size for Method 2 

As it is done for 1 View feature, ‘Statistical X1’ and ‘Statistical X2’ distance 

measures among four successful alternatives are selected in these experiments. 

According to Figure 46 and Figure 47, results are similar as 1 View data 

results.‘Statistical X1’ method takes its most successful grades for 4
5
 bins histogram 

size while ‘Statistical X2’ does for 4
16

 bins histogram size. Precision – Recall curve 

performance of ‘Statistical X2’ method increases forhigher histogram sizes while 

performance of ‘Statistical X1’ method stops rising at histogram size of 4
5
 bins and 

starts to decrease afterwards like 1 View data results does. 

Finally, best performances of 2 successful alternatives for Method 2’s 3 View data 

are compared namely 4
5
 bins ‘Statistical X1’ and 4

16
 bins ‘Statistical X2’ in Figure 

45. 
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Figure 48 : Precision – Recall Curves of 3 View Data for Most Successful Two 

Alternativesfor Method 2 

According to Figure 48, ‘Statistical X1’ method takes its most successful grades for 

4
5
 bins histogram size while ‘Statistical X2’ does for 4

16
 bins histogram size. 

Precision – Recall curve performance of ‘Statistical X2’ method increases for 

higher histogram sizes while performance of ‘Statistical X1’ method stops rising at 

histogram size of 4
5
 bins and starts to decrease afterwards. 
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In this section, Precision – Recall curves for 1 View and 3 View data results are 
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5
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Precision – Recall curves of 1 View and 3 View data results for those selected 
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Figure 49 : Precision – Recall Curves of 1 View and 3 View Data for ‘meansqr’ 

Distance Measure Methodfor Method 2 

According to Precision – Recall curve performance comparisons of the methods 

illustrated in Figure 49, 3 View data result is better than 1 View data as expected 

because it has more information about the scene. This difference can be seen for 

‘Statistical X2’ method clearly. However, performance increases very slightly for 

‘Statistical X1’ case. 
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According to timing results for Method 2 listed in Table B2, feature extraction 

durations are three times as long as 1 View data durations for 3 View data, since at 

each new query arrival, 3 View method has to extract features for three images 

while 1 View method needs only one.  

Nevertheless, most determinative parameter is not the number ofviewing directions 

but the size of histograms. While number of bins in the histogram is increasing, 

feature extraction and histogram generation durations increase too. Feature 

extraction time is directly related to number of bins on one axis of histogram 

because of more data necessity for higher histogram sizes. Therefore experiments of 

lower sized histogram alternatives gives better results than others. 

Finally, durations for distance measurements are very small considering huge 

histogram generation timings. Still, six distance measurement methods can be 

compared in their own group. Among all methods, Intersection and Euclidean 

seems to be the fastest algorithms and ‘Cosine’, ‘Statistical X1’ and ‘Statistical X2’ 

follows them respectively. Most expensive one is ‘Kullback-Liebler’ due to 

logarithmic operations and division calculations behind this algorithm. 

4.3.4 Conclusion of Method 2 

In Method 2, histograms of SURFLET-Pair relations are used for 3D object 

retrieval and extracting distance maps for objects. Parameters which are changed in 

the method are number of data view point used to extract features, histogram sizes 

and distance measure alternatives.  

Results in previous sections figured out that, 3 View data always gives better results 

than 1 View data while operation durations are very close to.  
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Moreover, among six distance measurement methods, ‘Statistical X1’ and 

‘Statistical X2’ seem to be more successful than others while ‘Kullback-Liebler’ 

and ‘Euclidean’ are separated from these two with slight differences. 

Finally, histogram size is the most dominant parameter among all. In general, 

histogram size affects system performance positively however for ‘Statistical X1’ 

measurements, best results are taken under 4
5
 bins histogram conditions. For 

‘Statistical X2’, ‘Kullback-Liebler’ and ‘Euclidean’ distance measures, highest 

performance is recorded for 4
8
 and 4

16
 bins histograms.  

As a result, 3 View data,4
16

 bins histograms ‘Statistical X2’ distance measure 

method which takes 40,88seconds can said to be the most successful alternative 

regardless of timing performance. If speed of the algorithm is noticed; 3 View and 1 

View, 4
5
 bins histograms ‘Statistical X1’ alternatives taking25,50 and 8,66 seconds 

respectively, may be considered.Timing result summary of best performances of 

Method 2 can be seen in Table 5. 

Table 5 : Timing Result Summary of Best Performances of Method 2 

Input Data Histogram Size Distance Measure Timing 

3 View 4
16

 bins Statistical X2 40,88 

3 View 4
5
 bins Statistical X1 25,50 

1 View 4
5
 bins Statistical X1 8,66 

4.4 Experiments of Method 3 

In this part, firstly experimental results for 1 View and 3 View features are 

examined separately according to NN and F-measure accuracy criteria for Method 3 

in which Hilbert curves and wavelet transforms are used to describe shapes of 

objects. While evaluating, Hilbert curve level, type of input image, wavelet filter 

type and distance measurement methods are analyzed one by one. Secondly 

Precision – Recall curves are evaluated for 1 View data and 3 View features results 
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separately. Again histogram resolution and distance measurement methods are 

examined in this part too. After accuracy performances are evaluated, timing 

analyses of Method 3 are investigated for changing parameters of Hilbert curve 

level, image color type, filtering method and distance measure. 

Finally, results are summarized in means ofchanging parameters effects. 

4.4.1 NN and F-Measure Resultsof Method 3 

4.4.1.1 1 View Dataof Method 3 

In this section, experimental results for 1 View data are analyzed via NN and F-

Measure criteria for four different Hilbert curve levels as 3 (HC-3), 4(HC-4), 5(HC-

5) and 6(HC-6),input image types of binary (BW) or gray scale range images (GS), 

wavelet transform filters as 1
st
 level approximation (WT-L1), 2

nd
 level 

approximation (WT-L2) and 1
st
 level approximation with down sampling (WT-L1-

2) and different types of distance measure methods namely ‘Intersection’, ‘Cosine’, 

‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Figure 50 and Figure 51illustrates NN performance of Method 3for 1 View data and 

binary image input and gray scale range image inputrespectively with respect to the 

rest of the parameters namely Hilbert curve level, wavelet transform level and 

distance measurement alternatives.  
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Figure 50 : NN Performance of Method 3 for 1 View Data and BW Image Input 

with Rest of the Parameters 

 

Figure 51 : NN Performance of Method 3 for 1 View Data and Grey Scale Range 

Image Input with Rest of the Parameters 

Figure 52 and Figure 53 illustrates F-Measure performance of Method 3 for 1 View 

data and binary image input and gray scale range image input respectively 
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withrespect to the rest of the parameters namely Hilbert curve level, wavelet 

transform level and distance measurement alternatives. 

 

Figure 52 : F-Measure Performance of Method 3 for 1 View Data and BW Image 

Input with Rest of the Parameters 

 

Figure 53 : F-Measure Performance of Method 3 for 1 View Data and Grey Scale 

Range Image Input with Rest of the Parameters 

0

0.05

0.1

0.15

0.2

0.25
O

ri
g

in
al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

HC-3 HC-4 HC-5 HC-6

F
-M

e
a
su

r
e
 

Cosine

Euclidean

Intersection

Kullback-Leibler

Statistical X1

Statistical X2

0

0.05

0.1

0.15

0.2

0.25

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

O
ri

g
in

al

W
T

-L
1

-2

W
T

-L
1

W
T

-L
2

HC-3 HC-4 HC-5 HC-6

F
-M

e
a
su

r
e
 

Cosine

Euclidean

Intersection

Kullback-Leibler

Statistical X1

Statistical X2



 

93 

More detailed graphical demonstrations divided with respect to Hilbert curve level 

for NN Performance and F-Measure of the method can be found in Appendix A (see 

Figure A17 to Figure A24). 

First of all, performances of six different distance measure are analyzed. Referring 

to Figure 50, Figure 51, Figure 52 and Figure 53, ‘Statistical X2’, ‘Euclidean’ and 

‘Kullback-Liebler’ distance measures have similar behavior with small changes for 

wavelet transforms, image colors and Hilbert curve levels 4, 5 and 6. ‘Statistical 

X1’ follows them with performance half of others. ‘Intersection’ and ‘Cosine’ 

distance measures stayed under satisfactory success limits independent from Hilbert 

curve level and other parameters in these experiments too as in previous two 

methods. To sum up, ‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’ distance 

measures alternatives have close performance grades while ‘Statistical X1’ 

alternative has lower ones. 

Secondly, effect of wavelet transform filters is described for 1 View data methods 

with different Hilbert curve levels and input image types. If Figure 50, Figure 51, 

Figure 52 and Figure 53 are investigated, it is seen that; wavelet transform filters’ 

behaviors are changing with different Hilbert curve levels and image types while 

acting similar for different distance measures. 3 level Hilbert curve gives worst 

results in this method therefore during the analyses, it is neglected. For grey scale 

range image input case, NN and F-Measure performances of method increase with 

wavelet transform approximation level for Hilbert curve levels of 4, 5 and 6. 

However, for binary input images, wavelet transform filter with 1
st
 level 

approximation seems to have better performances for Hilbert curve level 4 and 5. 

For binary image input version of Hilbert curve level 6, F-Measure results are better 

with transform approximation level 2. In short, with higher level Hilbert curve 

levels, performance of Method 3 increases by using wavelet transforms 

approximation level 1 and 2 for both binary and range image input cases. Down 

sampling of 1
st
 level approximation wavelet transform decreases the performance 
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with very small amount butdoes not affect it significantly. However if storage area 

is a concern, this filter can be used. 

Next analysis is about effect of image input type namely binary and range images 

on performance of Method 3. In order to investigate this parameter, there are two 

illustrations Figure 54 and Figure 55in which, average NN and F-Measure 

performances of binary and range images for most successful three distance 

measure methods for Method 3 are shown. 

 

Figure 54 : 1 View Data Average NN Performances of Binary and Range Images 

for Most Successful Three Distance Measurements for Method 3 
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Figure 55 : 1 View Data Average F-Measure Performances of Binary and Range 

Images for Most Successful Three Distance Measurements for Method 3 

According to Figure 54 and Figure 55, NN and F-Measure performances for both 

binary images and range scans are similar but binary image input alternative has 

advantage over the other one in almost each case. However if Hilbert curve level 6 

which have most successful results is investigated in, it can be seen that, ‘Statistical 

X2’, wavelet transform approximation level 2 version of range image is the highest 

of the range image group and competes with opponents highest one which is 

‘Kullback-Liebler’ distance measure for 1
st
 level approximation of wavelet 

transform as seen in Figure 56.  
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Figure 56 : 1 View Data NN Performances of Binary and Range Images for Most 

Successful Three Distance Measurements and 6
th
 Level Hilbert Curve for Method 3 

The last analysis is effect of Hilbert curve level on Method 3 NN and F-Measure 

performances for 1 View Data case. In order to understand the behavior, charts in 

Figure 57 and Figure 58can be examined. 

 

Figure 57 : NN Performances of Hilbert Curve Level for All Parameters of 1 View 

Data for Method 3 
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Figure 58 : F-Measure Performances of Hilbert Curve Level for All Parameters of 1 

View Data for Method 3 

According to Figure 57 and Figure 58, F-Measure performance of 1 View data rises 

with increase of Hilbert curve level from 3 to 5. However it stabilizes after level 5 

and in level 6 some performance tends to decrease slowly while others stays 

constant. As conclusion, Hilbert curve level 5 and 6 are the top points of F-Measure 

performances.  

Nevertheless, results are different in NN performance case. Still performance 

increase with higher levels of Hilbert curve but a stabilization point cannot be seen 

on the graph. Since Hilbert curve with level 7 needs so many data points and heavy 

calculations, experiments are stopped at level 6. Therefore, it can be said that, level 

6 gives the best results for Method 3 within these experiments.  
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4.4.1.2 3 View Dataof Method 3 

In this section, experiments for 1 View data is repeated for 3 View data that 

is,experimental results for 3 View data are analyzed via NN and F-Measure criteria 

for four different Hilbert curve levels as 3, 4, 5 and 6; input image types of binary 

and gray scale range images; wavelet transform filters as 1
st
 level approximation, 

2
nd

 level approximation and 1
st
 level approximation with down sampling; and 

different types of distance measure methods namely ‘Intersection’, ‘Cosine’, 

‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Figure 59 and Figure 60illustrates NNperformance of Method 3 for 3 View data and 

binary image input and gray scale range image input with rest of the parameters 

respectively.  

 

Figure 59 : NN Performance of Method 3 for 3 View Data and BW Image Input 

with Rest of the Parameters 
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Figure 60 : NN Performance of Method 3 for 3 View Data and Grey Scale Range 

Image Input with Rest of the Parameters 

Figure 61 and Figure 62 illustrates F-Measure performance of Method 3 for 3 View 

data and binary image input and gray scale range image input with rest of the 

parameters respectively. 

 

Figure 61 : F-Measure Performance of Method 3 for 3 View Data and BW Image 

Input with Rest of the Parameters 
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Figure 62 : F-Measure Performance of Method 3 for 3 View Data and Grey Scale 

Range Image Input with Rest of the Parameters 

More detailed graphical demonstrations divided with respect to Hilbert curve level 

for NN Performance and F-Measure of the method can be found in Appendix A (see 

Figure A25 to Figure A32). 

Again, effect of distance measure methods in the overall system performance is 

analyzed. Referring to Figure 59, Figure 60, Figure 61 and Figure 62, ‘Statistical 

X2’, ‘Euclidean’ and ‘Kullback-Liebler’ distance measures have similar behavior 

with small changes for wavelet transforms, image types and Hilbert curve levels 4, 
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experiments too as in previous two methods. To sum up, ‘Statistical X2’, 
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Figure 59, Figure 60, Figure 61 and Figure 62 are investigated, it is seen that; 

behaviors of wavelet transform filters are changing with different Hilbert curve 

levels and image types while acting similar for different distance measures. For 

grey scale range image input case, NN increases wavelet transform approximation 

level for Hilbert curve levels of 4, 5 and 6; this means approximation level 2 gives 

best results. For Hilbert curve level 3, approximation level of 1 has better results 

than level 2. F-Measure performance of range image input is not affected by 

wavelet transform. For binary image case, wavelet transform with 1
st
 approximation 

level experiments has the best results in means of NN and F-Measure performances. 

In short, with higher level Hilbert curve levels, performance of Method 3 increases 

by using wavelet transforms approximation level 1 and 2 for both binary and range 

image input cases. Down sampling of 1
st
 level approximation wavelet transform 

decreases the performance with very small amount but not significantly. However if 

storage area is a concern, this filter can be used. 

Effect of image input type namely binary and range images on performance of 

Method 3 is analyzed next as it is done for 1 View data. In order to investigate this 

parameter, there are two illustrations Figure 63 and Figure 64 in which, average NN 

and F-Measure performances of binary and range images for most successful three 

distance measure methods of Method 3 are shown. 



 

102 

 

Figure 63 : 3 View Data Average NN Performances of Binary and Range Images 

for Most Successful Three Distance Measurements of Method 3 

 

Figure 64 : 3 View Data Average F-Measure Performances of Binary and Range 

Images for Most Successful Three Distance Measurementsof Method 3 

According to Figure 63 and Figure 64, NN and F-Measure performance outputs for 

both binary images and range scans are similar,in some of the experiments binary 

images have advantages while in some of them range images have. However if 
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Hilbert curve level 5 which have most successful results is investigated in, it can be 

seen that, ‘Kullback-Liebler’ distance measure, wavelet transform approximation 

level 2 version of range image with the highest of the range image group and 

competes with opponents highest one which is ‘Kullback-Liebler’ distance measure 

for 1
st
 level approximation of wavelet transform as seen in Figure 65. 

 

Figure 65 : 3 View Data NN Performances of Binary and Range Images for Most 

Successful Three Distance Measurements and 6
th
 Level Hilbert Curve for Method 3 

The last analysis is effect of Hilbert curve level on Method 3 NN and F-Measure 

performances for 3 View Data case. In order to understand the behavior,Figure 66 
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Figure 66 : NN Performances of Hilbert Curve Level for All Parameters of 3 View 

Datafor Method 3 

 

Figure 67 : F-Measure Performances of Hilbert Curve Level for All Parameters of 3 

View Datafor Method 3 
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According toFigure 66 and Figure 67, F-Measure performance of 1 View data rises 

with increase of Hilbert curve level from 3 to 5. However it stabilizes after level 5 

and in level 6 some performance tends to decrease slowly while others stays 

constant. As conclusion, Hilbert curve level 5 and 6 are the top points of F-Measure 

performances.  

Similarly, NN performances increase with higher levels of Hilbert curve up to level 

5 for each experiment and start to a slow decrease after this point. Therefore, it can 

be said that, level 5 of Hilbert curve gives the best results for Method 3 with 3 View 

data.  

4.4.1.3 Comparison of 1 View and 3 View Datafor Method 3 

In this section, experimental results for 1 View data and 3 View data are compared 

via NN and F-Measure criteria for four different Hilbert curve levels as 3, 4, 5 and 

6; input image types of binary and gray scale range images; wavelet transform 

filters as 1
st
 level approximation, 2

nd
 level approximation and 1

st
 level 

approximation with down sampling; and the average most successful three different 

types of distance measure methods namely ‘Statistical X2’, ‘Euclidean’ and 

‘Kullback-Liebler’. 

Figure 68and Figure 69illustrates NN and F-Measure performances of Method 3 for 

1 View and 3 View data for all parameters by using most successful ofsix distance 

measures at each comparison respectively. 
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Figure 68 : NN Performances of 1 View and 3 View Data Experiments for All 

Parameters by Using Most Successful ofSix Distance Measures for Method 3 

 

Figure 69 : F-Measure Performances of 1 View and 3 View Data Experiments for 

All Parameters by Using Most Successful ofSix Distance Measures for Method 3 
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According to Figure 68 and Figure 69, 3 View data method always gives better 

results than 1 View data. For both NN and F-Measure performances, 3 View one is 

about %20 better than 1 View alternative. 

4.4.2 Precision – Recall Curve Resultsof Method 3 

Precision – Recall curves for 1 View and 3 View methods are investigated on their 

own first. Due to computational difficulties, only five most successful alternatives 

are selected among all experiments of 1 View and 3 View separately. Then these 

two view groups are going to be compared. 

4.4.2.1 1 View Data Curvesof Method 3 

In this section, experimental results for 1 View data are analyzed via Precision – 

Recall curves for five alternatives listed below. 

1- HC-6, WT-L1, Kullback-Liebler, BW 

2- HC-5, WT-L1, Kullback-Liebler, BW 

3- HC-6, WT-L2, Statistical X2, GS 

4- HC-5, WT-L2, Statistical X2, GS 

5- HC-4, WT-L2, Statistical X2, GS 

Figure 70 illustrates these five alternatives’ Precision – Recall curves for Method 3. 
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Figure 70 : Precision – Recall Curves of 1 View Data for Five Most Successful 

Alternativesof Method 3 

According to Precision – Recall curve performances of 1 View Data methods 

illustrated inFigure 70, each distance measure methods have similar characteristics. 

In the graph, all curves starts with high precision levels and have a sharp decrease in 

early points of recall values. High starting precision levels of curves is consistent 

with high NN performances. This means, Method 3 is very successful in few entries 

with the smallest distances in the distance maps. However after a distance value, it 

hardly recognizes the objects classesand fails to find related target models for 1 

View Data inputs. This result could be caused by the reason that, if the query and 

the target objects are very similar to each other, distance between these two models 

is very small. However, if query and the target objects have some differences even 

if they are belong to the same category, distance between these two is comparable 

with distance between query and target models belonging to different classes but 

having similar shape. 
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4.4.2.2 3 View Data Curvesof Method 3 

In this section, experimental results for 3 View data are analyzed via Precision – 

Recall curves for five alternatives listed below. 

1- HC-5, WT-L1, Euclidean, BW 

2- HC-6, WT-L1-2, Kullback-Liebler, BW 

3- HC-5, WT-L2, Statistical X2, GS 

4- HC-6, WT-L1-2, Statistical X2, GS 

5- HC-4, WT-L1-2, Statistical X2, GS 

Figure 71 illustrates these five alternatives’ Precision – Recall curves. 

 

Figure 71 : Precision – Recall Curves of 3 View Data for Five Most Successful 

Alternativesof Method 3 
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Again, according to Precision – Recall curve performances of 3 View Data methods 

illustrated in Figure 71, each distance measure methods have similar characteristics 

as in 1 View Data alternatives.  

4.4.2.3 1 View - 3 View Data Comparisonfor Method 3 

In this section, Precision – Recall curves for 1 View and 3 View data results are 

analyzed for most successful methods. 

Figure 72 illustrates Precision – Recall curves of 1 View and 3 View data results of 

Method 3 for four distance measure method. 

 

Figure 72 : Precision – Recall Curves of 1 View and 3 View Data for Most 

Successful Alternativesof Method 3 

According to Precision – Recall curve performance comparisons of the methods 

illustrated in Figure 72, 3 View data result are almost the same with 1 View data. 
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4.4.3 Timing Analysesof Method 3 

In this section, timing performances of Method 3 for parameters of viewing angles, 

Hilbert curve level, wavelet approximation filter and distance measurements are 

analyzed. 

Table B3lists durations of steps in Method 3 for every controlled parameter in 

Method 3. In the table, total amount of time to accomplish distance map generation 

duty for a new query data is figured out at the last column. 

First of all, according to timing results for Method 3 listed inTable B3, overall 

operation durations for 3 View data are three times as long as 1 View data, since at 

each new query arrival, 3 View method has to do all the of the steps for three 

images while 1 View method needs only one.  

Nevertheless, most determinative parameter is not the number of viewing directions 

but Hilbert curvelevels. Level of Hilbert curve is increasing, distance measuring 

durations increase too. Distance calculation time is directly related to number of 

pixels which are scanned by Hilbert curve.Higher level Hilbert curve means more 

visited pixels. Number of visited pixels increases four times the Hilbert curve level. 

Therefore experiments of lower level Hilbert curve alternatives gives better timing 

results than others. 

Timing performances of input image type as binary and range image has the same 

score. This means, Method 3 spends equal times for binary image and range image 

inputs. 

Wavelet transform durations are negligible too. They are in the range of 0.01 

seconds for approximation level 1 and 2. Down sampling does not spend significant 

time too.  
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Finally, durations for distance measurements are the parameter which determines 

the total score. For almost every experiment, ‘Euclidean’ distance measure has the 

shortest durations. ‘Kullback-Lieber’ and ‘Statistical X1’ are next beneficial 

methods for higher level Hilbert curves. Worst results are taken from ‘Statistical 

X2’ method.  

4.4.4 Conclusion of Method 3 

In Method 3, Hilbert curves and wavelet transforms are used for 3D object retrieval 

and extracting distance maps for objects. Parameters which are changed in the 

method are four different Hilbert curve levels as 3, 4, 5 and 6; input image types of 

binary and gray scale range images; wavelet transform filters as 1
st
 level 

approximation, 2
nd

 level approximation and 1
st
 level approximation with down 

sampling; and different types of distance measure methods namely ‘Intersection’, 

‘Cosine’, ‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Results in previous sections figured out that, 3 View data gives better results than 1 

View for NN and F-Measure criteria. However for Precision – Recall curves, 3 

View data did not enhanced performance. Moreover, timing results for 3 View Data 

is 3 times 1 View data. Therefore, if timing performance is not vital, 3 View data 

seem to be a beneficial alternative in terms of good NN and F-Measure grades. 

However because of the poor timing results, higher Hilbert curve levels of this 

method is not suitable for real time applications. 

Secondly, among six distance measurement methods, ‘Euclidean’, ‘Statistical X2’ 

and ‘Kullback-Liebler’ seem to be more successful than others while ‘Statistical 

X1’ follows these three. In addition, ‘Euclidian’ and ‘Kullback-Liebler’ measures 

have the best timing performance among all distance measurements. Therefore, 

‘Euclidean’ and ‘Kullback-Liebler’ measures are the best alternative for Method 3. 
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Next, wavelet transform behaviors are changing with different Hilbert curve levels 

and image types while acting similar for different distance measures. In general, 

with higher level Hilbert curve levels, performance of Method 3 increases by using 

wavelet transforms approximation level 1 and 2 for both binary and range image 

input cases. Down sampling of 1
st
 level approximation wavelet transform decreases 

the performance with very small amount but does not affect the performance 

significantly. However if storage area is a concern, this filter can be used. 

Another parameter on Method 3 is input image type. Performance outputs for both 

binary images and range scans are similar but binary image input alternative has 

results slightly better than its opponent in general. However, most successful 

alternative of range image input is the same as the most successful of binary image 

input alternative. 

Finally, Hilbert curve level is the most dominant parameter among all. In general, 

Hilbert curve level affects system performance positively however according to F-

Measure and Precision – Recall curve performances, after level 5 the overall 

performance of the method stabilizes. Moreover increase in Hilbert curve level 

affects timing results dramatically.  

As a resultaccording to the analyses above; 3 View data, Hilbert curve level 5, 

wavelet transform with approximation level 2, range image input and ‘Kullback-

Leiber’ distance measure which takes 37,55 seconds is the most successful 

alternative considering accuracy and timing performances. It gives best accuracy 

performances even better than alternatives using Hilbert curve level 6. Its timing 

performance is good despite 3 View data usage. Using Hilbert curve level 5 instead 

of 6 enhances its timing performance.Timing result summary of best performances 

of Method 3 can be seen in Table 6. 
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Table 6 : Timing Result Summary of Best Performances of Method 3 

Input 

Data 

Hilbert 

Curve Level 

WT Appr. 

Level 

Input Image 

Type 

Distance 

Measure Timing 

3 View 5 2 Range Image Kullback-Lieber 37,55 

3 View 6 2 Range Image Euclidean 128,75 

4.5 Experiments of Method 4 

In this part, firstly experimental results for 1 View and 3 View features are 

examined separately according to NN and F-measure accuracy criteria for Method 4 

in which Hilbert curve scanning and wavelet transformations are applied on 4D 

SURFLET-Pair relation histograms to describe shapes of objects. While evaluating, 

Hilbert curve level, wavelet filter type with down sampling and distance 

measurement methods are analyzed one by one. Secondly Precision – Recall curves 

are evaluated for 1 View data and 3 View features results separately. Again curve 

level and distance measurement methods are examined in this part too. After 

accuracy performances are evaluated, timing analyses of Method 3 are investigated 

for changing parameters of Hilbert curve level, image color type, filtering method 

and distance measure. 

Finally, results are summarized with respect to theeffects of changing parameters. 

4.5.1 NN and F-Measure Resultsof Method 4 

4.5.1.1 1 View Datafor Method 4 

In this section, experimental results for 1 View data are analyzed via NN and F-

Measure criteria for four different 4D Hilbert curve levels as 1 (HC-1), 2(HC-2), 

3(HC-3) and 4(HC-4), wavelet transform filters as 1
st
 level approximation (L1), 2

nd
 

level approximation (L2) and 3
rd

 level approximation (L3) (L0 is donated for no 
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wavelet transform filter) and different types of distance measure methods namely 

‘Intersection’, ‘Cosine’, ‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and 

‘Kullback-Liebler’. Moreover down sampling of filter outputs with 2 is 

investigated. 

Figure 73illustrates NN performance of Method 4 for 1 View data for no down 

sampling condition with all of the parameters. 

 

Figure 73 : NN Performance of Method 4 for 1 View Data for no Down Sampling 

with All of the Parameters 

Figure 74illustrates F-Measure performance of Method 4 for 1 View data for no 

down sampling condition with all of the parameters. 

0

10

20

30

40

50

60

L0 L1 L2 L3 L0 L1 L2 L3 L0 L1 L2 L3 L0 L1 L2 L3

HC-1 HC-2 HC-3 HC-4

N
N

%
 

Cosine

Euclidean

Intersection

Kullback-Leibler

Statistical X1

Statistical X2



 

116 

 

Figure 74 : F-Measure Performance of Method 4 for 1 View Data for no Down 

Sampling with All of the Parameters 

First of all, effect of distance measure methods in the overall system performance is 

analyzed. Referring to Figure 73 and Figure 74, ‘Cosine‘, ‘Euclidean’ ‘Statistical 

X2’ and ‘Kullback-Liebler’ distance measures have similar behavior with small 

changes for wavelet transforms and  Hilbert curve levels 2,3 and 4. ‘Statistical X1’ 

follows them with performance half of others. ‘Intersection’ distance measure 

stayed under satisfactory success limits independent from Hilbert curve level and 

other parameters in these experiments too as in previous three methods. Moreover, 

for higher levels of wavelet approximations, ‘Cosine‘ and ‘Euclidean’ distance 

measures stands out. ‘Statistical X2’ is has the next good performance with small 

differences. ‘Statistical X1’ can be said to has close grades to other measures for 

lower level 4D Hilbert curves however, for higher level curves it starts to fail. To 

sum up, except for ‘Intersection’ and ‘Statistical X2’, all distance measures 

alternatives have close successful performance grades while ‘Cosine’leads them. 

Secondly, effect of wavelet transform filters is described for 1 View data methods 

with different Hilbert curve levels. If Figure 73 and Figure 74 are investigated, it is 

seen that; wavelet transform filters’ behaviors are changing with different Hilbert 

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

L0 L1 L2 L3 L0 L1 L2 L3 L0 L1 L2 L3 L0 L1 L2 L3

HC-1 HC-2 HC-3 HC-4

F
-M

e
a
su

r
e
 Cosine

Euclidean

Intersection

Kullback-Leibler

Statistical X1

Statistical X2



 

117 

curve levels while acting similar for three most successful different distance 

measures. 1 level 3D Hilbert curve gives worst results in this method therefore 

during the analyses, it is neglected. NN and F-Measure performances of method 

decrease with wavelet transform approximation level for 4D Hilbert curve levels of 

2 and 3. However, for 4D Hilbert curve level 4, increasing approximation level of 

wavelet transform filter results with better performances up to level 2 and then it 

starts to decrease. In other words, for 4 level 4D Hilbert curve, NN and F-Measure 

performances peak at wavelet transform with 2
nd

 level approximation. This point is 

also global maximum of 1 View data results.  In short, rising wavelet transform 

approximation level decreases method’s performance for low level 4D Hilbert 

curves while increasing for 4
th
 level Hilbert curve where most successful results are 

recorded. 

Next analysis is about effect of down sampling filter outputs with 2 on performance 

of Method 4. In order to investigate this parameter, there are two illustrationsFigure 

75 and Figure 76in which, average NN and F-Measure performances of down 

sampled with 2 (DS-2) version and no down sampled (no-DS) version of 1 View 

data experimentsfor Method 4 are shown. 

 

Figure 75 : Average NN Performances of Original and Down Sampled 1 View Data 

Experimentsfor Method 4 
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Figure 76 : Average F-Measure Performances of Original and Down Sampled 1 

View Data Experimentsfor Method 4 

According to Figure 75 and Figure 76, NN and F-Measure performance outputs for 

original and down sampled with 2 versions of 1 View data experiments are very 

close to each other.This means down sampling with two does not decrease method’s 

performance and saves storage space which is an advantage for systems with small 

memory limitations. 

The last analysis is effect of Hilbert curve level on Method 4 NN and F-Measure 

performances for 1 View Data case. In order to understand the behavior, charts in 

Figure 77 and Figure 78 can be examined. 
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Figure 77 : NN Performances of Hilbert Curve Level for All Parameters of 1 View 

Datafor Method 4 

 

Figure 78 : F-Measure Performances of Hilbert Curve Level for All Parameters of 1 

View Datafor Method 4 

According to Figure 57 and Figure 58, NN and F-Measure performances of 1 View 

data rises with increase of 4D Hilbert curve level from 1 to 4. This means, 4D 

Hilbert curve level 4has the top points of NN and F-Measure performances.  
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Performance of Method 4 tends to increase with higher levels of Hilbert curve and 

does not reach to a stabilization point for first four levels of the curve. Nevertheless, 

since Hilbert curve with level 5 needs so many data points and heavy calculations, 

experiments are stopped at level 4. For example, fourth level 4D Hilbert curve scans 

1048576 bins in histogram while fourth level does for 65536 bins. Therefore, it 

could be said that, 4D Hilbert curve level 4 gives the best results for experiments 

conducted in Method 4.  

4.5.1.2 3 View Datafor Method 4 

In this section, experimental results for 3 View data are analyzed via NN and F-

Measure criteria for four different 4D Hilbert curve levels as 1, 2, 3 and 4, wavelet 

transform filters as 1
st
 level approximation , 2

nd
 level approximation and 3

rd
 level 

approximation and different types of distance measure methods namely 

‘Intersection’, ‘Cosine’, ‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and 

‘Kullback-Liebler’. Moreover down sampling of filter outputs with 2 is 

investigated. 

Figure 79 illustrates NN performance of Method 4 for 3 View data for no down 

sampling condition with all of the parameters. 
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Figure 79 : NN Performance of Method 4 for 3 View Data for no Down Sampling 

with All of the Parameters 

Figure 80illustrates F-Measure performance of Method 4 for 3 View data for no 

down sampling condition with all of the parameters. 

 

Figure 80 : F-Measure Performance of Method 4 for 3 View Data for no Down 

Sampling with All of the Parameters 
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First of all, effect of distance measure methods in the overall system performance is 

analyzed. Referring to Figure 79 and Figure 80, ‘Cosine‘, ‘Euclidean’ ‘Statistical 

X2’ and ‘Kullback-Liebler’ distance measures have similar behavior with small 

changes for wavelet transforms and  Hilbert curve levels 2,3 and 4. ‘Statistical X1’ 

follows them with performance half of others. ‘Intersection’ distance measure 

stayed under satisfactory success limits independent from Hilbert curve level and 

other parameters in these experiments too as in previous three methods. Moreover, 

for higher levels of wavelet approximations, ‘Cosine‘ and ‘Euclidean’ distance 

measures stands out. ‘Statistical X2’ is has the next good performance with small 

differences. ‘Statistical X1’ can be said to has close grades to other measures for 

lower level 4D Hilbert curves however, for higher level curves it starts to fail. To 

sum up, except for ‘Intersection’ and ‘Statistical X2’, all distance measures 

alternatives have close successful performance grades while ‘Cosine’ leads them. 

Secondly, effect of wavelet transform filters is described for 3 View data methods 

with different Hilbert curve levels. If Figure 79 and Figure 80 are investigated, it is 

seen that; wavelet transform filters’ behaviors are changing with different Hilbert 

curve levels while acting similar for three most successful different distance 

measures. 1 level 4D Hilbert curve gives worst results in this method therefore 

during the analyses, it is neglected. NN and F-Measure performances of method 

decrease with wavelet transform approximation level for 4D Hilbert curve levels of 

2 and 3. However, for 4D Hilbert curve level 4, increasing approximation level of 

wavelet transform filter results with better performances up to level 2 and then it 

starts to decrease. In other words, for 4 level 4D Hilbert curve, NN and F-Measure 

performances peak at wavelet transform with1
st
 and 2

nd
 level approximation. These 

pointsare also global maximum of 3 View data results.  In short, rising wavelet 

transform approximation level decreases method’s performance for low level 4D 

Hilbert curves while increasing for 4
th
 level Hilbert curve where most successful 

results are recorded. 



 

123 

Next analysis is about effect of down sampling filter outputs with 2 on performance 

of Method 4. In order to investigate this parameter, there are two illustrations Figure 

81and Figure 82in which, average NN and F-Measure performances of down 

sampled with 2 (DS-2) version and no down sampled (no-DS) version of 3 View 

data experimentsfor Method 4 are shown. 

 

Figure 81 : Average NN Performances of Original and Down Sampled 3 View Data 

Experimentsfor Method 4 
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Figure 82 : Average F-Measure Performances of Original and Down Sampled 3 

View Data Experimentsfor Method 4 

According to Figure 81 and Figure 82, NN and F-Measure performance outputs for 

original and down sampled with 2 versions of 1 View data experiments are very 

close to each other.This means down sampling with two does not decrease method’s 

performance and saves storage space which is an advantage for systems with small 

memory limitations. 

The last analysis is effect of Hilbert curve level on Method 4 NN and F-Measure 

performances for 3 View Data case. In order to understand the behavior, charts in 

Figure 83 and Figure 84can be examined. 
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Figure 83 : NN Performances of Hilbert Curve Level for All Parameters of 3 View 

Datafor Method 4 

 

Figure 84 : F-Measure Performances of Hilbert Curve Level for All Parameters of 3 

View Datafor Method 4 
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According to Figure 83 and Figure 84, NN and F-Measure performances of 3 View 

data rises with increase of 4D Hilbert curve level from 1 to 4. This means, 4D 

Hilbert curve level 4 has the top points of NN and F-Measure performances.  

Performance of Method 4 tends to increase with higher levels of Hilbert curve and 

does not reach to a stabilization point for first four levels of the curve. Nevertheless, 

since Hilbert curve with level 5 needs so many data points and heavy calculations, 

experiments are stopped at level 4. For example, fifth level 4D Hilbert curve scans 

1048576 bins in histogram while fourth level does for 65536 bins. Therefore, it 

could be said that, 4D Hilbert curve level 4 gives the best results within experiments 

conducted in Method 4.  

4.5.1.3 Comparison of 1 View and 3 View Datafor Method 4 

In this section, experimental results for 1 View data and 3 View data are compared 

via NN and F-Measure criteria for four different Hilbert curve levels as 1, 2, 3 and 

4;wavelet transform filters as 1
st
 level approximation, 2

nd
 level approximation and 

3
rd

 level approximation; original and down sampled versions of wavelet transform 

outputs; and the average most successful three different types of distance measure 

methods namely ‘Cosine’, ‘Euclidean’ and ‘Statistical X2’. 

Figure 85 and Figure 86 illustrates NN and F-Measure performances of Method 4 

for 1 View and 3 View data for all parameters by using most successful ofsix 

distance measures at each comparison respectively. 
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Figure 85 : NN Performances of 1 View and 3 View Data Experiments for All 

Parameters by Using Most Successful ofSix Distance Measures for Method 4 

 

Figure 86 : F-Measure Performances of 1 View and 3 View Data Experiments for 

All Parameters by Using Most Successful ofSix Distance Measures for Method 4 
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According to Figure 85 and Figure 86, 3 View data method always gives better 

results than 1 View data. For both NN and F-Measure performances, 3 View one is 

about %20 better than 1 View alternative. 

4.5.2 Precision – Recall Curve Resultsof Method 4 

Precision – Recall curves for 1 View and 3 View methods are investigated on their 

own first. Due to computational difficulties, only four most successful alternatives 

of NN and F-Measure criteria are selected among all experiments of 1 View and 3 

View separately. Then these two view groups are going to be compared. 

4.5.2.1 1 View Data Curvesof Method 4 

In this section, experimental results for 1 View data are analyzed via Precision – 

Recall curves for four alternatives listed below. 

1- HC-3, l0, Cosine, no-DS 

2- HC-4, l1, Cosine, no-DS 

3- HC-4, l2, Euclidean, no-DS 

4- HC-4, l3, Statistical X2, no-DS 

Figure 83 illustrates these four alternatives’ Precision – Recall curves. 



 

129 

 

Figure 87 : Precision – Recall Curves of 1 View Data for Four Most Successful 

Alternativesfor Method 4 

According to Precision – Recall curve performances of 1 View Data methods 

illustrated in Figure 83, each distance measure methods have similar characteristics. 

However 4
th

 level Hilbert curve 1th level approximation wavelet transform with 

‘Cosine’ distance measure is the most successful alternative. 

4.5.2.2 3 View Data Curvesof Method 4 

In this section, experimental results for 3 View data are analyzed via Precision – 

Recall curves for four alternatives listed below. 
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4- HC-4, l3, Cosine, no-DS 

Figure 88 illustrates these four alternatives’ Precision – Recall curvesfor Method 4. 

 

Figure 88 : Precision – Recall Curves of 3 View Data for Four Most Successful 

Alternativesof Method 4 

According to Precision – Recall curve performances of 3 View Data methods 

illustrated in Figure 88, each distance measure methods have similar characteristics. 

However 4
th
 level Hilbert curve, 2nd level approximation wavelet transform with 

‘Euclidean’ distance measure is the most successful alternative. 
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Figure 89 : Precision – Recall Curves of 1 View and 3 View Data for Most 

Successful Alternatives for Method 4 

According to Precision – Recall curve performance comparisons of the methods 

illustrated in Figure 85, 3 View data, 4
th
 level Hilbert curve, 2nd level 

approximation wavelet transform with ‘Euclidean’ distance measure has the best 
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First of all, according to timing results for Method 4 listed inTable B4Table B4, 

overall operation durations for 3 View data are three times as long as 1 View data, 

since at each new query arrival, 3 View method has to do all the of the steps for 

three images while 1 View method needs only one. 

Nevertheless, most determinative parameter is not the number of viewing directions 

but 4D Hilbert curvelevels. While 4D Hilbert curve level is increasing, requirement 

of number of bins in the histogram is increasing too because there should be at least 

16
n
number of bins in the histogram where  is the level of the curve. It results with, 

high feature extraction and histogram generation durations. Feature extraction time 

is directly related to number of bins of histogram because of more data necessity for 

higher histogram sizes. For higher histogram sizes, if enough data to construct 

histogram is not populated, this histogram does not reflect the shape characteristics 

of the models. Therefore experiments of lower level 4D Hilbert curve alternatives 

results in better time performance than others. 

Timing performances of alternatives which are using original and down sampled 

with 2 versions of the vectors has the same score. This means, Method 4 spends 

equal times for both alternatives. 

Wavelet transform durations are negligible too. They are in the range of 0,01 

seconds for approximation level 1, 2 and 3. Down sampling does not spend 

significant time too.  
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Finally, durations for distance measurements are very small considering huge 

histogram generation timings. Still, six distance measurement methods can be 

compared in their own group. Among all methods, Intersection and Euclidean 

seems to be the fastest algorithms and ‘Cosine’, ‘Statistical X1’ and ‘Statistical X2’ 

follows them respectively. Most expensive one is ‘Kullback-Liebler’ due to 

logarithmic operations and division calculations behind this algorithm. 

4.5.4 Conclusion of Method 4 

In Method 4, Hilbert curve scanning and wavelet transformations are applied on 4D 

SURFLET-Pair relation histograms to describe shapes of object. Parameters which 

are changed in the method are four different 4D Hilbert curve levels as 1, 2, 3 and 

4; wavelet transform filters as 1
st
 level approximation, 2

nd
 level approximation and 

3
st
 level approximation; down sampling of filter transform output; and different 

types of distance measure methods namely ‘Intersection’, ‘Cosine’, ‘Statistical X1’, 

‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Results in previous sections figured out that, 3 View data gives better results than 1 

View for NN and F-Measure criteria. Precision – Recall curves shows that, 3 View 

data has better performance than 1 View data too. However, timing results for 3 

View Data is 3 times 1 View data. As a result, 3 View data seems to be a beneficial 

alternative despite bad timing results. 

Secondly, among six distance measurement methods, ‘Euclidean’, ‘Cosine’ and 

‘Statistical X2’ seem to be more successful than others while ‘Kullback-Liebler’ 

follows these two. In addition, ‘Euclidian’ and ‘Cosine’ measures have the best 

timing performance among all distance measurements. Therefore, ‘Euclidean’ and 

‘Cosine’ measures are the best alternative for Method 4. 
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Next, wavelet transform behaviors are changing with different Hilbert curve levels 

while acting similar for different distance measures. In general, with higher level 

Hilbert curve levels, performance of Method 4 increases by using wavelet 

transforms approximation level 1 and 2 for almost all experiments with different 

parameters.  

Down sampling of wavelet transform outputs decreases the performance with very 

small amount but does not affect the performance and timing significantly. 

However if storage area is a concern, this filter can be used. 

Finally, 4D Hilbert curve level is the most dominant parameter among all. In 

general, Hilbert curve level affects system performance positively. Since 

experiments stopped at 4D Hilbert curve level 4, no information about levels higher 

than 4 could be obtained. At some point at higher levels, performance of the 

algorithm is expected to be start decreasing due to histogram degeneration.However 

increase in Hilbert curve level affects timing results dramatically.  

As a result according to the analyses above; 3 View data, 4D Hilbert curve level 4, 

wavelet transform with approximation level 1 with no down sampling; ‘Euclidean’ 

distance measure is the most successful alternative considering accuracy and timing 

performances.If speed of the algorithm is noticed; 1 View, 4D Hilbert curve level 4, 

wavelet transform with approximation level 1 with no down sampling; ‘Cosine’ 

distance measure can be considered.Timing result summary of best performances of 

Method 4 can be seen in Table 7. 

Table 7 : Timing Result Summary of Best Performances of Method 4 

Input 

Data 

Hilbert 

Curve Level 

WT Appr. 

Level 

Down-

Sampling 

Distance 

Measure Timing 

3 View 4 1 NO Euclidean 83,26 

1 View 4 1 NO Cosine 28,95 

 



 

135 

4.6 Comparison ofImplemented Methods 

In this part, two proposed methods implemented in this study are compared 

according to NN and F-measure accuracy criteria. After accuracy performances are 

compared, timing analyses of the methods are investigated.Finally, results of 

comparisons are summarized. 

4.6.1 NN and F-Measure Comparisons 

According to NN measure graphs for analyzed four methods, best NN% rates of 

algorithms are about 45% for Method 1, 45% for Method 2, 50% for Method 3 and 

70% for Method 4. Method 4 seems to have the best NN% performance among 

these methods. 

According to F-Measure measure graphs for analyzed four methods, best F-

Measures of algorithms, which are recorded for 3 View data, are close to each other 

and around 0,30. However, Method 4 stands out and has the highest F-Measure 

score with 0,33. 

As a result of NN and F-Measure analyses of the four methods, Method 4 is the best 

alternative with taking highest grades from both criteria. 

4.6.2 Precision – Recall Curve Comparisons 

According to Precision – Recall curves for four methods’ best alternatives shown in 

Figure 90, Method 2 and Method 4 have better results than other two and are very 

close to each other. Method 3 follows best two alternatives. Method 1 seems to fail 

in Precision-Recall curve criterion. It has a sharp decrease in the early values of 

recall. Between Method 2 and Method 4, Method 4 is slightly better than Method 
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2.In short, instead of Method 1 and Method 3, using histogram in these methods as 

in Method 2 and Method 4 increases performance. 

 

Figure 90 : Precision – Recall Curves of Four Methods’ Best Performances 

4.6.3 Timing Analyses Comparisons 

According to timing tables in Appendix B, for analyzed four methods, best NN and 

F-Measure performances of algorithms are completed in about 2600 seconds for 

Method 1, 80 seconds Method2, 200 seconds for Method 3 and 80 seconds for 

Method 4. As seen from the tables, Method 2 and Method 4 have the best timing 

results and they are very close to each other. As a matter of fact, Method 4 is 

derived from Method 2 with extra 4D Hilbert Curve scan and wavelet transform 

which does not take so much time. However, other two methods have worse timing 

performances; especially timing performance of Method 1 is very poor. These 

methods are not suitable for real time systems. In short, Method 2 and Method 4 are 

the successful algorithms which are analyzed in this study. 
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4.6.4 Conclusion of Comparisons 

In this chapter, the results of experiments which are conducted according to 

methods presented in Chapter 3 are analyzed. In these methods, generic shape 

benchmark constructed for “SHREC 2011 – Shape Retrieval Contest of Range 

Scans” at NIST within the context of SHARP is used as inputs and results are 

analyzed with accuracy and timing performance criteria. 

According to analyses of the methods explained in this section. Method 4 is the best 

algorithm among four proposed methods considering accuracy and timing results. 

Method 2 has similar timing performance with slightly worse accuracy grades than 

Method 4. Method 1 and 3 are not as successful as other two in both performance 

criteria while Method 3 is better than Method 1 in each performance measure. 

As a result, this study shows that, proposed Method 4 is the best alternative among 

others to 3D object recognition and retrieval area. 
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CHAPTER 5  

CONCLUSIONS 

5.1 Summary 

In this thesis study, three more 3D object recognition algorithms using range scans 

are proposed by starting from a baseline algorithm in which SURFLET-Pair 

relations are used. In the second algorithm, histograms of SURFLET-Pair 

histograms extracted from range images are utilized. Third and the fourth 

algorithms propose novel approaches using space filling curves. To the best of our 

knowledge, it is the first time that, range images are used for detecting objects 

classes by scanning them with space filling curves. The fourth algorithm proposes a 

4D space filling curve scanning a histogram which is extracted from range images. 

Together with baseline algorithm, proposed algorithms are applied on object 

database presented by NIST and the performances of these methods are evaluated in 

order to figure out the success rates of novel algorithms. Finally the best algorithm 

is proposed with its optimal parameters. 

5.2 Discussions 

In this section the results obtained by the analysis of the baseline algorithm and 

proposed algorithms are discussed. 
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5.2.1 Shape Similarity from SURFLET-Pair Relations (Method 1) 

In Method 1, SURFLET-Pair relations are used for 3D object retrieval and 

extracting distance maps for objects. Parameters which are changed in the method 

are number of data view point used to extract features and distance measure 

alternatives. Results in previous sections figured out that, 3 View data always gives 

better results than 1 View data while operation durations are very close to. 

Moreover, among four distance measurement methods, ‘meansqr’ seems to be more 

successful than others while methods are separated from each other with slight 

differences. 

As a result, 3 View data ‘meansqr’ method which takes 2.599,57 seconds can be 

said to be the most successful alternative regardless of timing performance. If speed 

of the algorithm is noticed, 3 View ‘mean’ alternative which is completed in 

2.629,57 seconds may be considered. 

5.2.2 SURFLET-Pair Relation Histograms (Method 2) 

In Method 2, histograms of SURFLET-Pair relations are used for 3D object 

retrieval and extracting distance maps for objects. Parameters which are changed in 

the method are number of data view point used to extract features, histogram sizes 

and distance measure alternatives.  

Results in previous sections figured out that, 3 View data always gives better results 

than 1 View data while operation durations are very close to.  

Moreover, among six distance measurement methods, ‘Statistical X1’ and 

‘Statistical X2’ seem to be more successful than others while ‘Kullback-Liebler’ 

and ‘Euclidean’ are separated from these two with slight differences. 
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Finally, histogram size is the most dominant parameter among all. In general, 

histogram size affects system performance positively however for ‘Statistical X1’ 

measurements, best results are taken under 4
5
 bins histogram conditions. For 

‘Statistical X2’, ‘Kullback-Liebler’ and ‘Euclidean’ distance measures, highest 

performance is recorded for 4
8
 and 4

16
 bins histograms.  

As a result, 3 View data, 4
16

 bins histograms ‘Statistical X2’ distance measure 

method which takes 40,88seconds can said to be the most successful alternative 

regardless of timing performance. If speed of the algorithm is noticed; 3 View and 1 

View, 4
5
 bins histograms ‘Statistical X1’ alternatives taking25,50 and 8,66 seconds 

respectively, may be considered. 

5.2.3 Shape Description Using 2D Hilbert Curve (Method 3) 

In Method 3, Hilbert curves and wavelet transforms are used for 3D object retrieval 

and extracting distance maps for objects. Parameters which are changed in the 

method are four different Hilbert curve levels as 3, 4, 5 and 6; input image types of 

binary and gray scale range images; wavelet transform filters as 1
st
 level 

approximation, 2
nd

 level approximation and 1
st
 level approximation with down 

sampling; and different types of distance measure methods namely ‘Intersection’, 

‘Cosine’, ‘Statistical X1’, ‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Results figured out that, 3 View data gives better results than 1 View for NN and F-

Measure criteria. However for Precision – Recall curves, 3 View data did not 

enhanced performance. Moreover, timing results for 3 View Data is 3 times 1 View 

data. Therefore, 3 View data does not seem to be a beneficial alternative despite 

good NN and F-Measure grades. 

Secondly, among six distance measurement methods, ‘Euclidean’, ‘Statistical X2’ 

and ‘Kullback-Liebler’ seem to be more successful than others while ‘Statistical 
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X1’ follows these three. In addition, ‘Euclidian’ and ‘Kullback-Liebler’ measures 

have the best timing performance among all distance measurements. Therefore, 

‘Euclidean’ and ‘Kullback-Liebler’ measures are the best alternative for Method 3. 

Next, wavelet transform behaviors are changing with different Hilbert curve levels 

and image types while acting similar for different distance measures. In general, 

with higher level Hilbert curve levels, performance of Method 3 increases by using 

wavelet transforms approximation level 1 and 2 for both binary and range image 

input cases. Down sampling of 1
st
 level approximation wavelet transform decreases 

the performance with very small amount but does not affect the performance 

significantly. However if storage area is a concern, this filter can be used. 

Another parameter on Method 3 is input image type. Performance outputs for both 

binary images and range scans are similar but binary image input alternative has 

results slightly better than its opponent in general. However, most successful 

alternative of range image input is the same as the most successful of binary image 

input alternative. 

Finally, Hilbert curve level is the most dominant parameter among all. In general, 

Hilbert curve level affects system performance positively however according to F-

Measure and Precision – Recall curve performances, after level 5 the overall 

performance of the method stabilizes. Moreover increase in Hilbert curve level 

affects timing results dramatically.  

As a result according to the analyses above; 3 View data, Hilbert curve level 5, 

wavelet transform with approximation level 2, binary image input and ‘Kullback-

Liebler’ distance measure is the most successful alternative considering accuracy 

and timing performances. It gives best accuracy performances even better than 

alternatives using Hilbert curve level 6. Its timing performance is good despite 3 

View data usage. Using Hilbert curve level 5 instead of 6 enhances its timing 

performance. 
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5.2.4 SURFLET-Pair Relation Histograms Using 4D Hilbert Curves (Method 

4) 

In Method 4, Hilbert curve scanning and wavelet transformations are applied on 4D 

SURFLET-Pair relation histograms to describe shapes of object. Parameters which 

are changed in the method are four different 4D Hilbert curve levels as 1, 2, 3 and 

4; wavelet transform filters as 1
st
 level approximation, 2

nd
 level approximation and 

3
st
 level approximation; down sampling of filter transform output; and different 

types of distance measure methods namely ‘Intersection’, ‘Cosine’, ‘Statistical X1’, 

‘Statistical X2’, ‘Euclidean’ and ‘Kullback-Liebler’. 

Results in previous sections figured out that, 3 View data gives better results than 1 

View for NN and F-Measure criteria. Precision – Recall curves shows that, 3 View 

data has better performance than 1 View data too. However, timing results for 3 

View Data is 3 times 1 View data. As a result, 3 View data seems to be a beneficial 

alternative despite bad timing results. 

Secondly, among six distance measurement methods, ‘Euclidean’, ‘Cosine’ and 

‘Statistical X2’ seem to be more successful than others while ‘Kullback-Liebler’ 

follows these two. In addition, ‘Euclidian’ and ‘Cosine’ measures have the best 

timing performance among all distance measurements. Therefore, ‘Euclidean’ and 

‘Cosine’ measures are the best alternative for Method 4. 

Next, wavelet transform behaviors are changing with different Hilbert curve levels 

while acting similar for different distance measures. In general, with higher level 

Hilbert curve levels, performance of Method 4 increases by using wavelet 

transforms approximation level 1 and 2 for almost all experiments with different 

parameters.  
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Down sampling of wavelet transform outputs decreases the performance with very 

small amount but does not affect the performance and timing significantly. 

However if storage area is a concern, this filter can be used. 

Finally, 4D Hilbert curve level is the most dominant parameter among all. In 

general, Hilbert curve level affects system performance positively. Since 

experiments stopped at 4D Hilbert curve level 4, no information about levels higher 

than 4 could be obtained.At some point at higher levels, performance of the 

algorithm is expected to be start decreasing due to histogram degeneration.However 

increase in Hilbert curve level affects timing results dramatically.  

As a result according to the analyses above; 3 View data, Hilbert curve level 5, 

wavelet transform with approximation level 2, range image input and ‘Kullback-

Liebler’ distance measure which takes 37,55 seconds is the most successful 

alternative considering accuracy and timing performances. It gives best accuracy 

performances even better than alternatives using Hilbert curve level 6. Its timing 

performance is good despite 3 View data usage. Using Hilbert curve level 5 instead 

of 6 enhances its timing performance. 

5.2.5 Comparison of Proposed Method 

Table 8 : Performance Summary of Methods Implemented 

  1 VIEW DATA 3 VIEW DATA 

  

Best 

NN% 

Best 

 F-Measure Timing 

Best 

NN% 

Best  

F-Measure Timing 

Method 1 43 0,26 2.623 46 0,29 2630 

Method 2 42 0,26 28 50 0,29 82 

Method 3 55 0,22 40 65 0,27 200 

Method 4 50 0,29 28 70 0,34 80 
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Summary of the performances of the methods can be seen from Table 8. According 

to analyses of the methods explained in this section, Method 4 is the best algorithm 

among four proposed methods considering accuracy and timing results. Method 2 

has similar timing performance with slightly worse accuracy grades than Method 4. 

Method 1 and 3 are not as successful as other two in both performance criteria 

while Method 3 is better than Method 1 in each performance measure. 

This results show that, taking histograms of the features instead of using features 

itself improves the overall system performance. By taking histogram, a general 

description about objects is obtained and this generalized description is vital for 

recognizing object classes. Moreover, using 4D Hilbert curves with wavelet 

approximation filter in Method 4 increased the performance of Method 2. 

As a result, this study shows that, proposed Method 4 is the best alternative among 

others to 3D object recognition and retrieval area. 

5.3 Future Work 

5.3.1 Future Work for General 

In this thesis, so many afford has been spent on creating range images from 

different viewpoints of complete 3D target object models which are in triangular 

mesh format. First of all, models are scaled and then the format of the objects is 

converted. Finally a virtual camera is rotated around models in 3D graphical 

software and took the range images of them. An easier method for this operation 

can be developed on Matlab or C kind of languages without 3D rendering tools. 

Moreover, Hilbert curves are used to scan and obtain one dimensional vector 

features from range images itself or histograms of SURFLET-Pair relations. 

However, a method of scanning 3D object itself instead of histograms or images by 
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using 3D Hilbert curves could be a good alternative to methods studied in this 

thesis. In order to do this, an intelligent algorithm should be developed for 

achieving scale and transformation invariance. 

5.3.2 Future Work for Shape Similarity from SURFLET-Pair Relations 

(Method 1) 

3D object recognition from range images are studied in this thesis by using 

SURFLET-Pair relations as features. For a future work, other feature approaches 

such as SURF, SIFT or surface curvature can be considered as alternatives.  

5.3.3 Future Work for SURFLET-Pair Relation Histograms (Method 2) 

As explained in section 5.3.2, histograms of features extracted via different methods 

such as SURF, SIFT or surface curvature can be used to determine the distances 

between the target and the query models. The size of histograms can be optimized 

for those kinds of features. 

5.3.4 Future Work for Shape Description Using 2D Hilbert Curve (Method 3) 

In this study, wavelet transform is used to filter out the vector scanned by 2D 

Hilbert curve. Instead of wavelet transform, other transformations such as cosine 

transform and filtering options such as Gaussian filters can be used. Results of these 

approaches can be analyzed and compared with wavelet transform. Moreover, 

during wavelet transform operations,’db2’ type filter is used in Matlab. This filter 

type and approximation levels of wavelet transform can be changed for a different 

configuration. Effects of this parameter can be compared with ones in this thesis. 
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5.3.5 Future Work for SURFLET-Pair Relation Histograms Using 4D 

Hilbert Curves (Method 4) 

In addition to possible works that can be beneficial to enhance Method 4, higher 

level 4D Hilbert curves can be used to illustrate the effect of these levels. However, 

in order to do this, tools faster than Matlab may be necessary since memory and 

speed of usual computers are not sufficient for performing this in Matlab. 
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APPENDIX A 

DETAILED GRAPHICS 

 

Figure A1 : NN Performance of Method 2 for 4
2
-bins Histogram 

 

Figure A2 : NN Performance of Method 2 for 4
4
-bins Histogram 
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Figure A3 : NN Performance of Method 2 for 4
5
-bins Histogram 

 

Figure A4: NN Performance of Method 2 for 4
8
-bins Histogram 
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Figure A5: NN Performance of Method 2 for 4
16

-bins Histogram 

 

 

Figure A6: F-Measure Performance of Method 2 for 4
2
-bins Histogram 
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Figure A7: F-Measure Performance of Method 2 for 4
4
-bins Histogram 

 

Figure A8: F-Measure Performance of Method 2 for 4
5
-bins Histogram 
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Figure A9: F-Measure Performance of Method 2 for 4
8
-bins Histogram 

 

Figure A10: F-Measure Performance of Method 2 for 4
16

-bins Histogram 
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Figure A11: Precision – Recall Curves of 1 View Data for Four Distance Measure 

Methods w.r.t. 4
5
 Bins Histogram Size for Method 2 

 

Figure A12: Precision – Recall Curves of 1 View Data for Four Distance Measure 
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Figure A13: Precision – Recall Curves of 1 View Data for Four Distance Measure 

Methods w.r.t. 4
16

 Bins Histogram Size for Method 2 

 

Figure A14: Precision – Recall Curves of 3 View Data for Four Distance Measure 
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Figure A15: Precision – Recall Curves of 3 View Data for Four Distance Measure 
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Figure A16: Precision – Recall Curves of 3 View Data for Four Distance Measure 
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Figure A17 : NN Performance of Method 3 for 3
rd

 Level Hilbert Curve for 1 View 

Data 

 

Figure A18 : NN Performance of Method 3 for 4
th
 Level Hilbert Curve for 1 View 
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Figure A19 : NN Performance of Method 3 for 5
th
 Level Hilbert Curve for 1 View 

Data 

 

Figure A20 : NN Performance of Method 3 for 6
th
 Level Hilbert Curve for 1 View 

Data 
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Figure A21: F-Measure Performance of Method 3 for 3
rd

 Level Hilbert Curve for 1 

View Data 

 

Figure A22 : F-Measure Performance of Method 3 for 4
th

 Level Hilbert Curve for 1 

View Data 
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Figure A23 : F-Measure Performance of Method 3 for 5
th

 Level Hilbert Curve for 1 

View Data 

 

Figure A24 : F-Measure Performance of Method 3 for 6
th

 Level Hilbert Curve for 1 

View Data 
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Figure A25 : NN Performance of Method 3 for 3
rd

 Level Hilbert Curve for 3 View 

Data 

 

Figure A26 : NN Performance of Method 3 for 4
th
 Level Hilbert Curve for 3 View 
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Figure A27 : NN Performance of Method 3 for 5
th
 Level Hilbert Curve for 3 View 

Data 

 

Figure A28 : NN Performance of Method 3 for 6
th
 Level Hilbert Curve for 3 View 
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Figure A29 : F-Measure Performance of Method 3 for 3
rd

 Level Hilbert Curve for 3 

View Data 

 

Figure A30: F-Measure Performance of Method 3 for 4
th

 Level Hilbert Curve for 3 

View Data 
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Figure A31 : F-Measure Performance of Method 3 for 5
th

 Level Hilbert Curve for 3 

View Data 

 

Figure A32 : F-Measure Performance of Method 3 for 6
th

 Level Hilbert Curve for 3 

View Data 
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APPENDIX B 

TABLES OF TIMING PERFORMANCES 

Table B1 : Timing Results for Method 1 

Parameters Timing Results 

View Method Feature Extraction (s) Distance Measure (s) TOTAL (s) 

3 View mean 9,57 2509 2599,57 

3 View meansqr 9,57 2620 2629,57 

3 View median 9,57 2509 2599,57 

3 View mediansqr 9,57 2620 2629,57 

1 View mean 3,19 2509 2593,19 

1 View meansqr 3,19 2620 2623,19 

1 View median 3,19 2509 2593,19 

1 View mediansqr 3,19 2620 2623,19 

Table B2 : Timing Results for Method 2 

Parameters Timing Results 

View 

Histogram 

Size Distance Measure 

Feature 

Extraction (s) 

Histogram 

Generation (s) 

Distance 

Measure (s) TOTAL (s) 

1  View Data Hist 4^2-bin Euclidean 3,38 0,02 0,03 3,43 

1  View Data Hist 4^2-bin Kullback-Liebler 3,38 0,02 0,11 3,51 

1  View Data Hist 4^2-bin Cosine 3,38 0,02 0,06 3,46 

1  View Data Hist 4^2-bin Intersection 3,38 0,02 0,04 3,44 

1  View Data Hist 4^2-bin Statistical X1 3,38 0,02 0,05 3,45 

1  View Data Hist 4^2-bin Statistical X2 3,38 0,02 0,09 3,49 

1  View Data Hist 4^4-bin Euclidean 6,74 0,06 0,06 6,86 

1  View Data Hist 4^4-bin Kullback-Liebler 6,74 0,06 0,22 7,02 

1  View Data Hist 4^4-bin Cosine 6,74 0,06 0,12 6,92 

1  View Data Hist 4^4-bin Intersection 6,74 0,06 0,08 6,88 

1  View Data Hist 4^4-bin Statistical X1 6,74 0,06 0,11 6,91 

1  View Data Hist 4^4-bin Statistical X2 6,74 0,06 0,18 6,98 
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Table B2 (Continued) 

1  View Data Hist 4^5-bin Euclidean 8,42 0,10 0,08 8,60 

1  View Data Hist 4^5-bin Kullback-Liebler 8,42 0,10 0,27 8,79 

1  View Data Hist 4^5-bin Cosine 8,42 0,10 0,15 8,67 

1  View Data Hist 4^5-bin Intersection 8,42 0,10 0,10 8,62 

1  View Data Hist 4^5-bin Statistical X1 8,42 0,10 0,13 8,65 

1  View Data Hist 4^5-bin Statistical X2 8,42 0,10 0,23 8,75 

1  View Data Hist 4^8-bin Euclidean 13,48 0,18 0,13 13,79 

1  View Data Hist 4^8-bin Kullback-Liebler 13,48 0,18 0,44 14,10 

1  View Data Hist 4^8-bin Cosine 13,48 0,18 0,25 13,91 

1  View Data Hist 4^8-bin Intersection 13,48 0,18 0,16 13,82 

1  View Data Hist 4^8-bin Statistical X1 13,48 0,18 0,22 13,88 

1  View Data Hist 4^8-bin Statistical X2 13,48 0,18 0,37 14,03 

1  View Data Hist 4^16-bin Euclidean 26,96 0,31 0,26 27,53 

1  View Data Hist 4^16-bin Kullback-Liebler 26,96 0,31 0,88 28,15 

1  View Data Hist 4^16-bin Cosine 26,96 0,31 0,50 27,77 

1  View Data Hist 4^16-bin Intersection 26,96 0,31 0,32 27,59 

1  View Data Hist 4^16-bin Statistical X1 26,96 0,31 0,44 27,71 

1  View Data Hist 4^16-bin Statistical X2 26,96 0,31 0,74 28,01 

3  View Data Hist 4^2-bin Euclidean 10,14 0,02 0,03 10,19 

3  View Data Hist 4^2-bin Kullback-Liebler 10,14 0,02 0,11 10,27 

3  View Data Hist 4^2-bin Cosine 10,14 0,02 0,10 10,26 

3  View Data Hist 4^2-bin Intersection 10,14 0,02 0,04 10,20 

3  View Data Hist 4^2-bin Statistical X1 10,14 0,02 0,05 10,21 

3  View Data Hist 4^2-bin Statistical X2 10,14 0,02 0,060 10,22 

3  View Data Hist 4^4-bin Euclidean 20,22 0,06 0,06 20,34 

3  View Data Hist 4^4-bin Kullback-Liebler 20,22 0,06 0,23 20,51 

3  View Data Hist 4^4-bin Cosine 20,22 0,06 0,20 20,48 

3  View Data Hist 4^4-bin Intersection 20,22 0,06 0,08 20,36 

3  View Data Hist 4^4-bin Statistical X1 20,22 0,06 0,11 20,39 

3  View Data Hist 4^4-bin Statistical X2 20,22 0,06 0,13 20,41 

3  View Data Hist 4^5-bin Euclidean 25,26 0,1 0,07 25,43 

3  View Data Hist 4^5-bin Kullback-Liebler 25,26 0,1 0,28 25,64 

3  View Data Hist 4^5-bin Cosine 25,26 0,1 0,25 25,61 

3  View Data Hist 4^5-bin Intersection 25,26 0,1 0,10 25,46 

3  View Data Hist 4^5-bin Statistical X1 25,26 0,1 0,13 25,49 

3  View Data Hist 4^5-bin Statistical X2 25,26 0,1 0,16 25,52 

3  View Data Hist 4^8-bin Euclidean 40,44 0,18 0,12 40,74 
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Table B2 (Continued) 

3  View Data Hist 4^8-bin Kullback-Liebler 40,44 0,18 0,46 41,08 

3  View Data Hist 4^8-bin Cosine 40,44 0,18 0,40 41,02 

3  View Data Hist 4^8-bin Intersection 40,44 0,18 0,16 40,78 

3  View Data Hist 4^8-bin Statistical X1 40,44 0,18 0,22 40,84 

3  View Data Hist 4^8-bin Statistical X2 40,44 0,18 0,26 40,88 

3  View Data Hist 4^16-bin Euclidean 80,88 0,31 0,24 81,43 

3  View Data Hist 4^16-bin Kullback-Liebler 80,88 0,31 0,92 82,11 

3  View Data Hist 4^16-bin Cosine 80,88 0,31 0,80 81,99 

3  View Data Hist 4^16-bin Intersection 80,88 0,31 0,32 81,51 

3  View Data Hist 4^16-bin Statistical X1 80,88 0,31 0,44 81,63 

3  View Data Hist 4^16-bin Statistical X2 80,88 0,31 0,52 81,71 

Table B3 : Timing Results for Method 3 

Parameters Timing Results 

View 

HC 

Level 

Color 

Space 

Filter 

Type Distance Measure 

Hilbert 

Curve (s) 

Wavelet 

Transform (s) 

Distance 

Measure (s) TOTAL(s) 

1 View HC-3 BW Original Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 BW Original Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 BW Original Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 BW Original Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 BW Original Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 BW Original Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 BW WT-L1 Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 BW WT-L1 Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 BW WT-L1 Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 BW WT-L1 Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 BW WT-L1 Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 BW WT-L1 Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 BW WT-L1-2 Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 BW WT-L1-2 Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 BW WT-L1-2 Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 BW WT-L1-2 Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 BW WT-L1-2 Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 BW WT-L1-2 Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 BW WT-L2 Cosine 0,20 0,01 5,92 6,13 

1 View HC-3 BW WT-L2 Euclidean 0,20 0,01 3,42 3,63 

1 View HC-3 BW WT-L2 Intersection 0,20 0,01 3,38 3,59 

1 View HC-3 BW WT-L2 Kullback-Liebler 0,20 0,01 4,20 4,41 
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Table B3 (Continued) 

1 View HC-3 BW WT-L2 Statistical X1 0,20 0,01 3,72 3,93 

1 View HC-3 BW WT-L2 Statistical X2 0,20 0,01 3,78 3,99 

1 View HC-3 GS Original Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 GS Original Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 GS Original Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 GS Original Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 GS Original Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 GS Original Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 GS WT-L1 Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 GS WT-L1 Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 GS WT-L1 Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 GS WT-L1 Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 GS WT-L1 Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 GS WT-L1 Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 GS WT-L1-2 Cosine 0,20 0,00 5,92 6,12 

1 View HC-3 GS WT-L1-2 Euclidean 0,20 0,00 3,42 3,62 

1 View HC-3 GS WT-L1-2 Intersection 0,20 0,00 3,38 3,58 

1 View HC-3 GS WT-L1-2 Kullback-Liebler 0,20 0,00 4,20 4,40 

1 View HC-3 GS WT-L1-2 Statistical X1 0,20 0,00 3,72 3,92 

1 View HC-3 GS WT-L1-2 Statistical X2 0,20 0,00 3,78 3,98 

1 View HC-3 GS WT-L2 Cosine 0,20 0,01 5,92 6,13 

1 View HC-3 GS WT-L2 Euclidean 0,20 0,01 3,42 3,63 

1 View HC-3 GS WT-L2 Intersection 0,20 0,01 3,38 3,59 

1 View HC-3 GS WT-L2 Kullback-Liebler 0,20 0,01 4,20 4,41 

1 View HC-3 GS WT-L2 Statistical X1 0,20 0,01 3,72 3,93 

1 View HC-3 GS WT-L2 Statistical X2 0,20 0,01 3,78 3,99 

1 View HC-4 BW Original Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 BW Original Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 BW Original Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 BW Original Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 BW Original Statistical X1 0,22 0,00 5,02 5,24 

1 View HC-4 BW Original Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 BW WT-L1 Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 BW WT-L1 Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 BW WT-L1 Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 BW WT-L1 Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 BW WT-L1 Statistical X1 0,22 0,00 5,02 5,24 
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Table B3 (Continued) 

1 View HC-4 BW WT-L1 Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 BW WT-L1-2 Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 BW WT-L1-2 Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 BW WT-L1-2 Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 BW WT-L1-2 Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 BW WT-L1-2 Statistical X1 0,22 0,00 5,02 5,24 

1 View HC-4 BW WT-L1-2 Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 BW WT-L2 Cosine 0,22 0,01 6,00 6,23 

1 View HC-4 BW WT-L2 Euclidean 0,22 0,01 4,52 4,75 

1 View HC-4 BW WT-L2 Intersection 0,22 0,01 4,50 4,73 

1 View HC-4 BW WT-L2 Kullback-Liebler 0,22 0,01 5,83 6,06 

1 View HC-4 BW WT-L2 Statistical X1 0,22 0,01 5,02 5,25 

1 View HC-4 BW WT-L2 Statistical X2 0,22 0,01 5,08 5,31 

1 View HC-4 GS Original Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 GS Original Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 GS Original Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 GS Original Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 GS Original Statistical X1 0,22 0,00 5,02 5,24 

1 View HC-4 GS Original Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 GS WT-L1 Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 GS WT-L1 Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 GS WT-L1 Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 GS WT-L1 Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 GS WT-L1 Statistical X1 0,22 0,00 5,02 5,24 

1 View HC-4 GS WT-L1 Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 GS WT-L1-2 Cosine 0,22 0,00 6,00 6,22 

1 View HC-4 GS WT-L1-2 Euclidean 0,22 0,00 4,52 4,74 

1 View HC-4 GS WT-L1-2 Intersection 0,22 0,00 4,50 4,72 

1 View HC-4 GS WT-L1-2 Kullback-Liebler 0,22 0,00 5,83 6,05 

1 View HC-4 GS WT-L1-2 Statistical X1 0,22 0,00 5,02 5,24 

1 View HC-4 GS WT-L1-2 Statistical X2 0,22 0,00 5,08 5,30 

1 View HC-4 GS WT-L2 Cosine 0,22 0,01 6,00 6,23 

1 View HC-4 GS WT-L2 Euclidean 0,22 0,01 4,52 4,75 

1 View HC-4 GS WT-L2 Intersection 0,22 0,01 4,50 4,73 

1 View HC-4 GS WT-L2 Kullback-Liebler 0,22 0,01 5,83 6,06 

1 View HC-4 GS WT-L2 Statistical X1 0,22 0,01 5,02 5,25 

1 View HC-4 GS WT-L2 Statistical X2 0,22 0,01 5,08 5,31 
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Table B3 (Continued) 

1 View HC-5 BW Original Cosine 0,25 0,00 12,20 12,45 

1 View HC-5 BW Original Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 BW Original Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 BW Original Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 BW Original Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 BW Original Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 BW WT-L1 Cosine 0,25 0,00 12,20 12,45 

1 View HC-5 BW WT-L1 Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 BW WT-L1 Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 BW WT-L1 Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 BW WT-L1 Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 BW WT-L1 Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 BW WT-L1-2 Cosine 0,25 0,00 12,20 12,45 

1 View HC-5 BW WT-L1-2 Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 BW WT-L1-2 Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 BW WT-L1-2 Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 BW WT-L1-2 Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 BW WT-L1-2 Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 BW WT-L2 Cosine 0,25 0,01 12,20 12,46 

1 View HC-5 BW WT-L2 Euclidean 0,25 0,01 9,30 9,56 

1 View HC-5 BW WT-L2 Intersection 0,25 0,01 9,91 10,17 

1 View HC-5 BW WT-L2 Kullback-Liebler 0,25 0,01 12,26 12,52 

1 View HC-5 BW WT-L2 Statistical X1 0,25 0,01 10,56 10,82 

1 View HC-5 BW WT-L2 Statistical X2 0,25 0,01 11,76 12,02 

1 View HC-5 GS Original Cosine 0,25 0,00 12,20 12,45 

1 View HC-5 GS Original Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 GS Original Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 GS Original Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 GS Original Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 GS Original Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 GS WT-L1 Cosine 0,25 0,00 12,20 12,45 

1 View HC-5 GS WT-L1 Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 GS WT-L1 Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 GS WT-L1 Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 GS WT-L1 Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 GS WT-L1 Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 GS WT-L1-2 Cosine 0,25 0,00 12,20 12,45 
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1 View HC-5 GS WT-L1-2 Euclidean 0,25 0,00 9,30 9,55 

1 View HC-5 GS WT-L1-2 Intersection 0,25 0,00 9,91 10,16 

1 View HC-5 GS WT-L1-2 Kullback-Liebler 0,25 0,00 12,26 12,51 

1 View HC-5 GS WT-L1-2 Statistical X1 0,25 0,00 10,56 10,81 

1 View HC-5 GS WT-L1-2 Statistical X2 0,25 0,00 11,76 12,01 

1 View HC-5 GS WT-L2 Cosine 0,25 0,01 12,20 12,46 

1 View HC-5 GS WT-L2 Euclidean 0,25 0,01 9,30 9,56 

1 View HC-5 GS WT-L2 Intersection 0,25 0,01 9,91 10,17 

1 View HC-5 GS WT-L2 Kullback-Liebler 0,25 0,01 12,26 12,52 

1 View HC-5 GS WT-L2 Statistical X1 0,25 0,01 10,56 10,82 

1 View HC-5 GS WT-L2 Statistical X2 0,25 0,01 11,76 12,02 

1 View HC-6 BW Original Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 BW Original Euclidean 0,29 0,00 42,62 42,91 

1 View HC-6 BW Original Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 BW Original Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 BW Original Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 BW Original Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 BW WT-L1 Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 BW WT-L1 Euclidean 0,29 0,00 42,62 42,91 

1 View HC-6 BW WT-L1 Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 BW WT-L1 Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 BW WT-L1 Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 BW WT-L1 Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 BW WT-L1-2 Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 BW WT-L1-2 Euclidean 0,29 0,00 42,62 42,91 

1 View HC-6 BW WT-L1-2 Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 BW WT-L1-2 Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 BW WT-L1-2 Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 BW WT-L1-2 Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 BW WT-L2 Cosine 0,29 0,01 64,24 64,54 

1 View HC-6 BW WT-L2 Euclidean 0,29 0,01 42,62 42,92 

1 View HC-6 BW WT-L2 Intersection 0,29 0,01 53,70 54,00 

1 View HC-6 BW WT-L2 Kullback-Liebler 0,29 0,01 45,37 45,67 

1 View HC-6 BW WT-L2 Statistical X1 0,29 0,01 46,69 46,99 

1 View HC-6 BW WT-L2 Statistical X2 0,29 0,01 65,03 65,33 

1 View HC-6 GS Original Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 GS Original Euclidean 0,29 0,00 42,62 42,91 
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1 View HC-6 GS Original Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 GS Original Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 GS Original Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 GS Original Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 GS WT-L1 Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 GS WT-L1 Euclidean 0,29 0,00 42,62 42,91 

1 View HC-6 GS WT-L1 Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 GS WT-L1 Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 GS WT-L1 Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 GS WT-L1 Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 GS WT-L1-2 Cosine 0,29 0,00 64,24 64,53 

1 View HC-6 GS WT-L1-2 Euclidean 0,29 0,00 42,62 42,91 

1 View HC-6 GS WT-L1-2 Intersection 0,29 0,00 53,70 53,99 

1 View HC-6 GS WT-L1-2 Kullback-Liebler 0,29 0,00 45,37 45,66 

1 View HC-6 GS WT-L1-2 Statistical X1 0,29 0,00 46,69 46,98 

1 View HC-6 GS WT-L1-2 Statistical X2 0,29 0,00 65,03 65,32 

1 View HC-6 GS WT-L2 Cosine 0,29 0,01 64,24 64,54 

1 View HC-6 GS WT-L2 Euclidean 0,29 0,01 42,62 42,92 

1 View HC-6 GS WT-L2 Intersection 0,29 0,01 53,70 54,00 

1 View HC-6 GS WT-L2 Kullback-Liebler 0,29 0,01 45,37 45,67 

1 View HC-6 GS WT-L2 Statistical X1 0,29 0,01 46,69 46,99 

1 View HC-6 GS WT-L2 Statistical X2 0,29 0,01 65,03 65,33 

3 View HC-3 BW Original Cosine 0,60 0,00 17,76 18,36 

3 View HC-3 BW Original Euclidean 0,60 0,00 10,26 10,86 

3 View HC-3 BW Original Intersection 0,60 0,00 10,14 10,74 

3 View HC-3 BW Original Kullback-Liebler 0,60 0,00 12,60 13,20 

3 View HC-3 BW Original Statistical X1 0,60 0,00 11,16 11,76 

3 View HC-3 BW Original Statistical X2 0,60 0,00 11,34 11,94 

3 View HC-3 BW WT-L1 Cosine 0,60 0,01 17,76 18,37 

3 View HC-3 BW WT-L1 Euclidean 0,60 0,01 10,26 10,87 

3 View HC-3 BW WT-L1 Intersection 0,60 0,01 10,14 10,75 

3 View HC-3 BW WT-L1 Kullback-Liebler 0,60 0,01 12,60 13,21 

3 View HC-3 BW WT-L1 Statistical X1 0,60 0,01 11,16 11,77 

3 View HC-3 BW WT-L1 Statistical X2 0,60 0,01 11,34 11,95 

3 View HC-3 BW WT-L1-2 Cosine 0,60 0,01 17,76 18,37 

3 View HC-3 BW WT-L1-2 Euclidean 0,60 0,01 10,26 10,87 

3 View HC-3 BW WT-L1-2 Intersection 0,60 0,01 10,14 10,75 
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3 View HC-3 BW WT-L1-2 Kullback-Liebler 0,60 0,01 12,60 13,21 

3 View HC-3 BW WT-L1-2 Statistical X1 0,60 0,01 11,16 11,77 

3 View HC-3 BW WT-L1-2 Statistical X2 0,60 0,01 11,34 11,95 

3 View HC-3 BW WT-L2 Cosine 0,60 0,02 17,76 18,38 

3 View HC-3 BW WT-L2 Euclidean 0,60 0,02 10,26 10,88 

3 View HC-3 BW WT-L2 Intersection 0,60 0,02 10,14 10,76 

3 View HC-3 BW WT-L2 Kullback-Liebler 0,60 0,02 12,60 13,22 

3 View HC-3 BW WT-L2 Statistical X1 0,60 0,02 11,16 11,78 

3 View HC-3 BW WT-L2 Statistical X2 0,60 0,02 11,34 11,96 

3 View HC-3 GS Original Cosine 0,60 0,00 17,76 18,36 

3 View HC-3 GS Original Euclidean 0,60 0,00 10,26 10,86 

3 View HC-3 GS Original Intersection 0,60 0,00 10,14 10,74 

3 View HC-3 GS Original Kullback-Liebler 0,60 0,00 12,60 13,20 

3 View HC-3 GS Original Statistical X1 0,60 0,00 11,16 11,76 

3 View HC-3 GS Original Statistical X2 0,60 0,00 11,34 11,94 

3 View HC-3 GS WT-L1 Cosine 0,60 0,01 17,76 18,37 

3 View HC-3 GS WT-L1 Euclidean 0,60 0,01 10,26 10,87 

3 View HC-3 GS WT-L1 Intersection 0,60 0,01 10,14 10,75 

3 View HC-3 GS WT-L1 Kullback-Liebler 0,60 0,01 12,60 13,21 

3 View HC-3 GS WT-L1 Statistical X1 0,60 0,01 11,16 11,77 

3 View HC-3 GS WT-L1 Statistical X2 0,60 0,01 11,34 11,95 

3 View HC-3 GS WT-L1-2 Cosine 0,60 0,01 17,76 18,37 

3 View HC-3 GS WT-L1-2 Euclidean 0,60 0,01 10,26 10,87 

3 View HC-3 GS WT-L1-2 Intersection 0,60 0,01 10,14 10,75 

3 View HC-3 GS WT-L1-2 Kullback-Liebler 0,60 0,01 12,60 13,21 

3 View HC-3 GS WT-L1-2 Statistical X1 0,60 0,01 11,16 11,77 

3 View HC-3 GS WT-L1-2 Statistical X2 0,60 0,01 11,34 11,95 

3 View HC-3 GS WT-L2 Cosine 0,60 0,02 17,76 18,38 

3 View HC-3 GS WT-L2 Euclidean 0,60 0,02 10,26 10,88 

3 View HC-3 GS WT-L2 Intersection 0,60 0,02 10,14 10,76 

3 View HC-3 GS WT-L2 Kullback-Liebler 0,60 0,02 12,60 13,22 

3 View HC-3 GS WT-L2 Statistical X1 0,60 0,02 11,16 11,78 

3 View HC-3 GS WT-L2 Statistical X2 0,60 0,02 11,34 11,96 

3 View HC-4 BW Original Cosine 0,66 0,00 18,00 18,66 

3 View HC-4 BW Original Euclidean 0,66 0,00 13,56 14,22 

3 View HC-4 BW Original Intersection 0,66 0,00 13,50 14,16 

3 View HC-4 BW Original Kullback-Liebler 0,66 0,00 17,49 18,15 
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3 View HC-4 BW Original Statistical X1 0,66 0,00 15,06 15,72 

3 View HC-4 BW Original Statistical X2 0,66 0,00 15,24 15,90 

3 View HC-4 BW WT-L1 Cosine 0,66 0,01 18,00 18,67 

3 View HC-4 BW WT-L1 Euclidean 0,66 0,01 13,56 14,23 

3 View HC-4 BW WT-L1 Intersection 0,66 0,01 13,50 14,17 

3 View HC-4 BW WT-L1 Kullback-Liebler 0,66 0,01 17,49 18,16 

3 View HC-4 BW WT-L1 Statistical X1 0,66 0,01 15,06 15,73 

3 View HC-4 BW WT-L1 Statistical X2 0,66 0,01 15,24 15,91 

3 View HC-4 BW WT-L1-2 Cosine 0,66 0,01 18,00 18,67 

3 View HC-4 BW WT-L1-2 Euclidean 0,66 0,01 13,56 14,23 

3 View HC-4 BW WT-L1-2 Intersection 0,66 0,01 13,50 14,17 

3 View HC-4 BW WT-L1-2 Kullback-Liebler 0,66 0,01 17,49 18,16 

3 View HC-4 BW WT-L1-2 Statistical X1 0,66 0,01 15,06 15,73 

3 View HC-4 BW WT-L1-2 Statistical X2 0,66 0,01 15,24 15,91 

3 View HC-4 BW WT-L2 Cosine 0,66 0,02 18,00 18,68 

3 View HC-4 BW WT-L2 Euclidean 0,66 0,02 13,56 14,24 

3 View HC-4 BW WT-L2 Intersection 0,66 0,02 13,50 14,18 

3 View HC-4 BW WT-L2 Kullback-Liebler 0,66 0,02 17,49 18,17 

3 View HC-4 BW WT-L2 Statistical X1 0,66 0,02 15,06 15,74 

3 View HC-4 BW WT-L2 Statistical X2 0,66 0,02 15,24 15,92 

3 View HC-4 GS Original Cosine 0,66 0,00 18,00 18,66 

3 View HC-4 GS Original Euclidean 0,66 0,00 13,56 14,22 

3 View HC-4 GS Original Intersection 0,66 0,00 13,50 14,16 

3 View HC-4 GS Original Kullback-Liebler 0,66 0,00 17,49 18,15 

3 View HC-4 GS Original Statistical X1 0,66 0,00 15,06 15,72 

3 View HC-4 GS Original Statistical X2 0,66 0,00 15,24 15,90 

3 View HC-4 GS WT-L1 Cosine 0,66 0,01 18,00 18,67 

3 View HC-4 GS WT-L1 Euclidean 0,66 0,01 13,56 14,23 

3 View HC-4 GS WT-L1 Intersection 0,66 0,01 13,50 14,17 

3 View HC-4 GS WT-L1 Kullback-Liebler 0,66 0,01 17,49 18,16 

3 View HC-4 GS WT-L1 Statistical X1 0,66 0,01 15,06 15,73 

3 View HC-4 GS WT-L1 Statistical X2 0,66 0,01 15,24 15,91 

3 View HC-4 GS WT-L1-2 Cosine 0,66 0,01 18,00 18,67 

3 View HC-4 GS WT-L1-2 Euclidean 0,66 0,01 13,56 14,23 

3 View HC-4 GS WT-L1-2 Intersection 0,66 0,01 13,50 14,17 

3 View HC-4 GS WT-L1-2 Kullback-Liebler 0,66 0,01 17,49 18,16 

3 View HC-4 GS WT-L1-2 Statistical X1 0,66 0,01 15,06 15,73 
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3 View HC-4 GS WT-L1-2 Statistical X2 0,66 0,01 15,24 15,91 

3 View HC-4 GS WT-L2 Cosine 0,66 0,02 18,00 18,68 

3 View HC-4 GS WT-L2 Euclidean 0,66 0,02 13,56 14,24 

3 View HC-4 GS WT-L2 Intersection 0,66 0,02 13,50 14,18 

3 View HC-4 GS WT-L2 Kullback-Liebler 0,66 0,02 17,49 18,17 

3 View HC-4 GS WT-L2 Statistical X1 0,66 0,02 15,06 15,74 

3 View HC-4 GS WT-L2 Statistical X2 0,66 0,02 15,24 15,92 

3 View HC-5 BW Original Cosine 0,75 0,00 36,60 37,35 

3 View HC-5 BW Original Euclidean 0,75 0,00 27,90 28,65 

3 View HC-5 BW Original Intersection 0,75 0,00 29,73 30,48 

3 View HC-5 BW Original Kullback-Liebler 0,75 0,00 36,78 37,53 

3 View HC-5 BW Original Statistical X1 0,75 0,00 31,68 32,43 

3 View HC-5 BW Original Statistical X2 0,75 0,00 35,28 36,03 

3 View HC-5 BW WT-L1 Cosine 0,75 0,01 36,60 37,36 

3 View HC-5 BW WT-L1 Euclidean 0,75 0,01 27,90 28,66 

3 View HC-5 BW WT-L1 Intersection 0,75 0,01 29,73 30,49 

3 View HC-5 BW WT-L1 Kullback-Liebler 0,75 0,01 36,78 37,54 

3 View HC-5 BW WT-L1 Statistical X1 0,75 0,01 31,68 32,44 

3 View HC-5 BW WT-L1 Statistical X2 0,75 0,01 35,28 36,04 

3 View HC-5 BW WT-L1-2 Cosine 0,75 0,01 36,60 37,36 

3 View HC-5 BW WT-L1-2 Euclidean 0,75 0,01 27,90 28,66 

3 View HC-5 BW WT-L1-2 Intersection 0,75 0,01 29,73 30,49 

3 View HC-5 BW WT-L1-2 Kullback-Liebler 0,75 0,01 36,78 37,54 

3 View HC-5 BW WT-L1-2 Statistical X1 0,75 0,01 31,68 32,44 

3 View HC-5 BW WT-L1-2 Statistical X2 0,75 0,01 35,28 36,04 

3 View HC-5 BW WT-L2 Cosine 0,75 0,02 36,60 37,37 

3 View HC-5 BW WT-L2 Euclidean 0,75 0,02 27,90 28,67 

3 View HC-5 BW WT-L2 Intersection 0,75 0,02 29,73 30,50 

3 View HC-5 BW WT-L2 Kullback-Liebler 0,75 0,02 36,78 37,55 

3 View HC-5 BW WT-L2 Statistical X1 0,75 0,02 31,68 32,45 

3 View HC-5 BW WT-L2 Statistical X2 0,75 0,02 35,28 36,05 

3 View HC-5 GS Original Cosine 0,75 0,00 36,60 37,35 

3 View HC-5 GS Original Euclidean 0,75 0,00 27,90 28,65 

3 View HC-5 GS Original Intersection 0,75 0,00 29,73 30,48 

3 View HC-5 GS Original Kullback-Liebler 0,75 0,00 36,78 37,53 

3 View HC-5 GS Original Statistical X1 0,75 0,00 31,68 32,43 

3 View HC-5 GS Original Statistical X2 0,75 0,00 35,28 36,03 
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3 View HC-5 GS WT-L1 Cosine 0,75 0,01 36,60 37,36 

3 View HC-5 GS WT-L1 Euclidean 0,75 0,01 27,90 28,66 

3 View HC-5 GS WT-L1 Intersection 0,75 0,01 29,73 30,49 

3 View HC-5 GS WT-L1 Kullback-Liebler 0,75 0,01 36,78 37,54 

3 View HC-5 GS WT-L1 Statistical X1 0,75 0,01 31,68 32,44 

3 View HC-5 GS WT-L1 Statistical X2 0,75 0,01 35,28 36,04 

3 View HC-5 GS WT-L1-2 Cosine 0,75 0,01 36,60 37,36 

3 View HC-5 GS WT-L1-2 Euclidean 0,75 0,01 27,90 28,66 

3 View HC-5 GS WT-L1-2 Intersection 0,75 0,01 29,73 30,49 

3 View HC-5 GS WT-L1-2 Kullback-Liebler 0,75 0,01 36,78 37,54 

3 View HC-5 GS WT-L1-2 Statistical X1 0,75 0,01 31,68 32,44 

3 View HC-5 GS WT-L1-2 Statistical X2 0,75 0,01 35,28 36,04 

3 View HC-5 GS WT-L2 Cosine 0,75 0,02 36,60 37,37 

3 View HC-5 GS WT-L2 Euclidean 0,75 0,02 27,90 28,67 

3 View HC-5 GS WT-L2 Intersection 0,75 0,02 29,73 30,50 

3 View HC-5 GS WT-L2 Kullback-Liebler 0,75 0,02 36,78 37,55 

3 View HC-5 GS WT-L2 Statistical X1 0,75 0,02 31,68 32,45 

3 View HC-5 GS WT-L2 Statistical X2 0,75 0,02 35,28 36,05 

3 View HC-6 BW Original Cosine 0,87 0,00 192,72 193,59 

3 View HC-6 BW Original Euclidean 0,87 0,00 127,86 128,73 

3 View HC-6 BW Original Intersection 0,87 0,00 161,10 161,97 

3 View HC-6 BW Original Kullback-Liebler 0,87 0,00 136,11 136,98 

3 View HC-6 BW Original Statistical X1 0,87 0,00 140,07 140,94 

3 View HC-6 BW Original Statistical X2 0,87 0,00 195,09 195,96 

3 View HC-6 BW WT-L1 Cosine 0,87 0,01 192,72 193,60 

3 View HC-6 BW WT-L1 Euclidean 0,87 0,01 127,86 128,74 

3 View HC-6 BW WT-L1 Intersection 0,87 0,01 161,10 161,98 

3 View HC-6 BW WT-L1 Kullback-Liebler 0,87 0,01 136,11 136,99 

3 View HC-6 BW WT-L1 Statistical X1 0,87 0,01 140,07 140,95 

3 View HC-6 BW WT-L1 Statistical X2 0,87 0,01 195,09 195,97 

3 View HC-6 BW WT-L1-2 Cosine 0,87 0,01 192,72 193,60 

3 View HC-6 BW WT-L1-2 Euclidean 0,87 0,01 127,86 128,74 

3 View HC-6 BW WT-L1-2 Intersection 0,87 0,01 161,10 161,98 

3 View HC-6 BW WT-L1-2 Kullback-Liebler 0,87 0,01 136,11 136,99 

3 View HC-6 BW WT-L1-2 Statistical X1 0,87 0,01 140,07 140,95 

3 View HC-6 BW WT-L1-2 Statistical X2 0,87 0,01 195,09 195,97 

3 View HC-6 BW WT-L2 Cosine 0,87 0,02 192,72 193,61 
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3 View HC-6 BW WT-L2 Euclidean 0,87 0,02 127,86 128,75 

3 View HC-6 BW WT-L2 Intersection 0,87 0,02 161,10 161,99 

3 View HC-6 BW WT-L2 Kullback-Liebler 0,87 0,02 136,11 137,00 

3 View HC-6 BW WT-L2 Statistical X1 0,87 0,02 140,07 140,96 

3 View HC-6 BW WT-L2 Statistical X2 0,87 0,02 195,09 195,98 

3 View HC-6 GS Original Cosine 0,87 0,00 192,72 193,59 

3 View HC-6 GS Original Euclidean 0,87 0,00 127,86 128,73 

3 View HC-6 GS Original Intersection 0,87 0,00 161,10 161,97 

3 View HC-6 GS Original Kullback-Liebler 0,87 0,00 136,11 136,98 

3 View HC-6 GS Original Statistical X1 0,87 0,00 140,07 140,94 

3 View HC-6 GS Original Statistical X2 0,87 0,00 195,09 195,96 

3 View HC-6 GS WT-L1 Cosine 0,87 0,01 192,72 193,60 

3 View HC-6 GS WT-L1 Euclidean 0,87 0,01 127,86 128,74 

3 View HC-6 GS WT-L1 Intersection 0,87 0,01 161,10 161,98 

3 View HC-6 GS WT-L1 Kullback-Liebler 0,87 0,01 136,11 136,99 

3 View HC-6 GS WT-L1 Statistical X1 0,87 0,01 140,07 140,95 

3 View HC-6 GS WT-L1 Statistical X2 0,87 0,01 195,09 195,97 

3 View HC-6 GS WT-L1-2 Cosine 0,87 0,01 192,72 193,60 

3 View HC-6 GS WT-L1-2 Euclidean 0,87 0,01 127,86 128,74 

3 View HC-6 GS WT-L1-2 Intersection 0,87 0,01 161,10 161,98 

3 View HC-6 GS WT-L1-2 Kullback-Liebler 0,87 0,01 136,11 136,99 

3 View HC-6 GS WT-L1-2 Statistical X1 0,87 0,01 140,07 140,95 

3 View HC-6 GS WT-L1-2 Statistical X2 0,87 0,01 195,09 195,97 

3 View HC-6 GS WT-L2 Cosine 0,87 0,02 192,72 193,61 

3 View HC-6 GS WT-L2 Euclidean 0,87 0,02 127,86 128,75 

3 View HC-6 GS WT-L2 Intersection 0,87 0,02 161,10 161,99 

3 View HC-6 GS WT-L2 Kullback-Liebler 0,87 0,02 136,11 137,00 

3 View HC-6 GS WT-L2 Statistical X1 0,87 0,02 140,07 140,96 

3 View HC-6 GS WT-L2 Statistical X2 0,87 0,02 195,09 195,98 

Table B4: Timing Results for Method 4 

Parameters Timing Results 

View 

4D 

HC 

Level 

Filter 

Appr. 

Level 

Down 

Sampling 

Distance 

Measure 

Histogram 

Generation 

(s) 

Hilbert 

Curve 

(s) 

Wavelet 

Transform 

(s) 

Distance 

Measure 

(s) 

TOTAL

(s) 

1 View HC-1 l0 no-DS Cosine 3,40 0,14 0,00 0,05 3,59 

1 View HC-1 l0 no-DS Euclidean 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 no-DS Intersection 3,40 0,14 0,00 0,02 3,56 
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1 View HC-1 l0 no-DS Kullback-Liebler 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 no-DS Statistical X1 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 no-DS Statistical X2 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 DS-2 Cosine 3,40 0,14 0,00 0,04 3,58 

1 View HC-1 l0 DS-2 Euclidean 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 DS-2 Intersection 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 DS-2 Kullback-Liebler 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 DS-2 Statistical X1 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l0 DS-2 Statistical X2 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 no-DS Cosine 3,40 0,14 0,00 0,04 3,58 

1 View HC-1 l1 no-DS Euclidean 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 no-DS Intersection 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 no-DS Kullback-Liebler 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 no-DS Statistical X1 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 no-DS Statistical X2 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 DS-2 Cosine 3,40 0,14 0,00 0,04 3,58 

1 View HC-1 l1 DS-2 Euclidean 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 DS-2 Intersection 3,40 0,14 0,00 0,01 3,55 

1 View HC-1 l1 DS-2 Kullback-Liebler 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 DS-2 Statistical X1 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l1 DS-2 Statistical X2 3,40 0,14 0,00 0,02 3,56 

1 View HC-1 l2 no-DS Cosine 3,40 0,14 0,01 0,04 3,59 

1 View HC-1 l2 no-DS Euclidean 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 no-DS Intersection 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 no-DS Kullback-Liebler 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 no-DS Statistical X1 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 no-DS Statistical X2 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 DS-2 Cosine 3,40 0,14 0,01 0,04 3,59 

1 View HC-1 l2 DS-2 Euclidean 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 DS-2 Intersection 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 DS-2 Kullback-Liebler 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 DS-2 Statistical X1 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l2 DS-2 Statistical X2 3,40 0,14 0,01 0,02 3,57 

1 View HC-1 l3 no-DS Cosine 3,40 0,14 0,02 0,04 3,60 

1 View HC-1 l3 no-DS Euclidean 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 no-DS Intersection 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 no-DS Kullback-Liebler 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 no-DS Statistical X1 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 no-DS Statistical X2 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 DS-2 Cosine 3,40 0,14 0,02 0,04 3,60 

1 View HC-1 l3 DS-2 Euclidean 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 DS-2 Intersection 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 DS-2 Kullback-Liebler 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 DS-2 Statistical X1 3,40 0,14 0,02 0,02 3,58 

1 View HC-1 l3 DS-2 Statistical X2 3,40 0,14 0,02 0,02 3,58 

1 View HC-2 l0 no-DS Cosine 6,80 0,22 0,00 0,06 7,08 

1 View HC-2 l0 no-DS Euclidean 6,80 0,22 0,00 0,03 7,05 

1 View HC-2 l0 no-DS Intersection 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l0 no-DS Kullback-Liebler 6,80 0,22 0,00 0,04 7,06 
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1 View HC-2 l0 no-DS Statistical X1 6,80 0,22 0,00 0,03 7,05 

1 View HC-2 l0 no-DS Statistical X2 6,80 0,22 0,00 0,03 7,05 

1 View HC-2 l0 DS-2 Cosine 6,80 0,22 0,00 0,04 7,06 

1 View HC-2 l0 DS-2 Euclidean 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l0 DS-2 Intersection 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l0 DS-2 Kullback-Liebler 6,80 0,22 0,00 0,03 7,05 

1 View HC-2 l0 DS-2 Statistical X1 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l0 DS-2 Statistical X2 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 no-DS Cosine 6,80 0,22 0,00 0,04 7,06 

1 View HC-2 l1 no-DS Euclidean 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 no-DS Intersection 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 no-DS Kullback-Liebler 6,80 0,22 0,00 0,03 7,05 

1 View HC-2 l1 no-DS Statistical X1 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 no-DS Statistical X2 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 DS-2 Cosine 6,80 0,22 0,00 0,04 7,06 

1 View HC-2 l1 DS-2 Euclidean 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 DS-2 Intersection 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 DS-2 Kullback-Liebler 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 DS-2 Statistical X1 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l1 DS-2 Statistical X2 6,80 0,22 0,00 0,02 7,04 

1 View HC-2 l2 no-DS Cosine 6,80 0,22 0,01 0,04 7,07 

1 View HC-2 l2 no-DS Euclidean 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 no-DS Intersection 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 no-DS Kullback-Liebler 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 no-DS Statistical X1 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 no-DS Statistical X2 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 DS-2 Cosine 6,80 0,22 0,01 0,04 7,07 

1 View HC-2 l2 DS-2 Euclidean 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 DS-2 Intersection 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 DS-2 Kullback-Liebler 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 DS-2 Statistical X1 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l2 DS-2 Statistical X2 6,80 0,22 0,01 0,02 7,05 

1 View HC-2 l3 no-DS Cosine 6,80 0,22 0,02 0,04 7,08 

1 View HC-2 l3 no-DS Euclidean 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 no-DS Intersection 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 no-DS Kullback-Liebler 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 no-DS Statistical X1 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 no-DS Statistical X2 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 DS-2 Cosine 6,80 0,22 0,02 0,04 7,08 

1 View HC-2 l3 DS-2 Euclidean 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 DS-2 Intersection 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 DS-2 Kullback-Liebler 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 DS-2 Statistical X1 6,80 0,22 0,02 0,02 7,06 

1 View HC-2 l3 DS-2 Statistical X2 6,80 0,22 0,02 0,02 7,06 

1 View HC-3 l0 no-DS Cosine 13,66 0,29 0,00 0,18 14,13 

1 View HC-3 l0 no-DS Euclidean 13,66 0,29 0,00 0,11 14,06 

1 View HC-3 l0 no-DS Intersection 13,66 0,29 0,00 0,11 14,06 

1 View HC-3 l0 no-DS Kullback-Liebler 13,66 0,29 0,00 0,39 14,34 

1 View HC-3 l0 no-DS Statistical X1 13,66 0,29 0,00 0,16 14,11 
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1 View HC-3 l0 no-DS Statistical X2 13,66 0,29 0,00 0,16 14,11 

1 View HC-3 l0 DS-2 Cosine 13,66 0,29 0,00 0,12 14,07 

1 View HC-3 l0 DS-2 Euclidean 13,66 0,29 0,00 0,07 14,02 

1 View HC-3 l0 DS-2 Intersection 13,66 0,29 0,00 0,08 14,03 

1 View HC-3 l0 DS-2 Kullback-Liebler 13,66 0,29 0,00 0,21 14,16 

1 View HC-3 l0 DS-2 Statistical X1 13,66 0,29 0,00 0,09 14,04 

1 View HC-3 l0 DS-2 Statistical X2 13,66 0,29 0,00 0,10 14,05 

1 View HC-3 l1 no-DS Cosine 13,66 0,29 0,00 0,11 14,06 

1 View HC-3 l1 no-DS Euclidean 13,66 0,29 0,00 0,08 14,03 

1 View HC-3 l1 no-DS Intersection 13,66 0,29 0,00 0,07 14,02 

1 View HC-3 l1 no-DS Kullback-Liebler 13,66 0,29 0,00 0,21 14,16 

1 View HC-3 l1 no-DS Statistical X1 13,66 0,29 0,00 0,09 14,04 

1 View HC-3 l1 no-DS Statistical X2 13,66 0,29 0,00 0,10 14,05 

1 View HC-3 l1 DS-2 Cosine 13,66 0,29 0,00 0,08 14,03 

1 View HC-3 l1 DS-2 Euclidean 13,66 0,29 0,00 0,05 14,00 

1 View HC-3 l1 DS-2 Intersection 13,66 0,29 0,00 0,05 14,00 

1 View HC-3 l1 DS-2 Kullback-Liebler 13,66 0,29 0,00 0,12 14,07 

1 View HC-3 l1 DS-2 Statistical X1 13,66 0,29 0,00 0,06 14,01 

1 View HC-3 l1 DS-2 Statistical X2 13,66 0,29 0,00 0,06 14,01 

1 View HC-3 l2 no-DS Cosine 13,66 0,29 0,01 0,08 14,04 

1 View HC-3 l2 no-DS Euclidean 13,66 0,29 0,01 0,05 14,01 

1 View HC-3 l2 no-DS Intersection 13,66 0,29 0,01 0,05 14,01 

1 View HC-3 l2 no-DS Kullback-Liebler 13,66 0,29 0,01 0,12 14,08 

1 View HC-3 l2 no-DS Statistical X1 13,66 0,29 0,01 0,06 14,02 

1 View HC-3 l2 no-DS Statistical X2 13,66 0,29 0,01 0,06 14,02 

1 View HC-3 l2 DS-2 Cosine 13,66 0,29 0,01 0,06 14,02 

1 View HC-3 l2 DS-2 Euclidean 13,66 0,29 0,01 0,03 13,99 

1 View HC-3 l2 DS-2 Intersection 13,66 0,29 0,01 0,03 13,99 

1 View HC-3 l2 DS-2 Kullback-Liebler 13,66 0,29 0,01 0,07 14,03 

1 View HC-3 l2 DS-2 Statistical X1 13,66 0,29 0,01 0,05 14,01 

1 View HC-3 l2 DS-2 Statistical X2 13,66 0,29 0,01 0,04 14,00 

1 View HC-3 l3 no-DS Cosine 13,66 0,29 0,02 0,07 14,04 

1 View HC-3 l3 no-DS Euclidean 13,66 0,29 0,02 0,03 14,00 

1 View HC-3 l3 no-DS Intersection 13,66 0,29 0,02 0,03 14,00 

1 View HC-3 l3 no-DS Kullback-Liebler 13,66 0,29 0,02 0,07 14,04 

1 View HC-3 l3 no-DS Statistical X1 13,66 0,29 0,02 0,04 14,01 

1 View HC-3 l3 no-DS Statistical X2 13,66 0,29 0,02 0,04 14,01 

1 View HC-3 l3 DS-2 Cosine 13,66 0,29 0,02 0,05 14,02 

1 View HC-3 l3 DS-2 Euclidean 13,66 0,29 0,02 0,02 13,99 

1 View HC-3 l3 DS-2 Intersection 13,66 0,29 0,02 0,02 13,99 

1 View HC-3 l3 DS-2 Kullback-Liebler 13,66 0,29 0,02 0,04 14,01 

1 View HC-3 l3 DS-2 Statistical X1 13,66 0,29 0,02 0,03 14,00 

1 View HC-3 l3 DS-2 Statistical X2 13,66 0,29 0,02 0,03 14,00 

1 View HC-4 l0 no-DS Cosine 27,27 0,38 0,00 2,73 30,38 

1 View HC-4 l0 no-DS Euclidean 27,27 0,38 0,00 2,23 29,88 

1 View HC-4 l0 no-DS Intersection 27,27 0,38 0,00 2,22 29,87 

1 View HC-4 l0 no-DS Kullback-Liebler 27,27 0,38 0,00 3,64 31,29 

1 View HC-4 l0 no-DS Statistical X1 27,27 0,38 0,00 2,40 30,05 

1 View HC-4 l0 no-DS Statistical X2 27,27 0,38 0,00 2,45 30,10 
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1 View HC-4 l0 DS-2 Cosine 27,27 0,38 0,00 1,28 28,93 

1 View HC-4 l0 DS-2 Euclidean 27,27 0,38 0,00 0,99 28,64 

1 View HC-4 l0 DS-2 Intersection 27,27 0,38 0,00 1,00 28,65 

1 View HC-4 l0 DS-2 Kullback-Liebler 27,27 0,38 0,00 1,82 29,47 

1 View HC-4 l0 DS-2 Statistical X1 27,27 0,38 0,00 1,18 28,83 

1 View HC-4 l0 DS-2 Statistical X2 27,27 0,38 0,00 1,21 28,86 

1 View HC-4 l1 no-DS Cosine 27,27 0,38 0,00 1,30 28,95 

1 View HC-4 l1 no-DS Euclidean 27,27 0,38 0,00 1,07 28,72 

1 View HC-4 l1 no-DS Intersection 27,27 0,38 0,00 1,12 28,77 

1 View HC-4 l1 no-DS Kullback-Liebler 27,27 0,38 0,00 1,82 29,47 

1 View HC-4 l1 no-DS Statistical X1 27,27 0,38 0,00 1,13 28,78 

1 View HC-4 l1 no-DS Statistical X2 27,27 0,38 0,00 1,14 28,79 

1 View HC-4 l1 DS-2 Cosine 27,27 0,38 0,00 0,57 28,22 

1 View HC-4 l1 DS-2 Euclidean 27,27 0,38 0,00 0,38 28,03 

1 View HC-4 l1 DS-2 Intersection 27,27 0,38 0,00 0,40 28,05 

1 View HC-4 l1 DS-2 Kullback-Liebler 27,27 0,38 0,00 0,86 28,51 

1 View HC-4 l1 DS-2 Statistical X1 27,27 0,38 0,00 0,56 28,21 

1 View HC-4 l1 DS-2 Statistical X2 27,27 0,38 0,00 0,61 28,26 

1 View HC-4 l2 no-DS Cosine 27,27 0,38 0,01 0,58 28,24 

1 View HC-4 l2 no-DS Euclidean 27,27 0,38 0,01 0,39 28,05 

1 View HC-4 l2 no-DS Intersection 27,27 0,38 0,01 0,39 28,05 

1 View HC-4 l2 no-DS Kullback-Liebler 27,27 0,38 0,01 0,88 28,54 

1 View HC-4 l2 no-DS Statistical X1 27,27 0,38 0,01 0,60 28,26 

1 View HC-4 l2 no-DS Statistical X2 27,27 0,38 0,01 0,61 28,27 

1 View HC-4 l2 DS-2 Cosine 27,27 0,38 0,01 0,30 27,96 

1 View HC-4 l2 DS-2 Euclidean 27,27 0,38 0,01 0,21 27,87 

1 View HC-4 l2 DS-2 Intersection 27,27 0,38 0,01 0,22 27,88 

1 View HC-4 l2 DS-2 Kullback-Liebler 27,27 0,38 0,01 0,78 28,44 

1 View HC-4 l2 DS-2 Statistical X1 27,27 0,38 0,01 0,29 27,95 

1 View HC-4 l2 DS-2 Statistical X2 27,27 0,38 0,01 0,30 27,96 

1 View HC-4 l3 no-DS Cosine 27,27 0,38 0,02 0,31 27,98 

1 View HC-4 l3 no-DS Euclidean 27,27 0,38 0,02 0,21 27,88 

1 View HC-4 l3 no-DS Intersection 27,27 0,38 0,02 0,22 27,89 

1 View HC-4 l3 no-DS Kullback-Liebler 27,27 0,38 0,02 0,79 28,46 

1 View HC-4 l3 no-DS Statistical X1 27,27 0,38 0,02 0,29 27,96 

1 View HC-4 l3 no-DS Statistical X2 27,27 0,38 0,02 0,30 27,97 

1 View HC-4 l3 DS-2 Cosine 27,27 0,38 0,02 0,20 27,87 

1 View HC-4 l3 DS-2 Euclidean 27,27 0,38 0,02 0,12 27,79 

1 View HC-4 l3 DS-2 Intersection 27,27 0,38 0,02 0,13 27,80 

1 View HC-4 l3 DS-2 Kullback-Liebler 27,27 0,38 0,02 0,42 28,09 

1 View HC-4 l3 DS-2 Statistical X1 27,27 0,38 0,02 0,16 27,83 

1 View HC-4 l3 DS-2 Statistical X2 27,27 0,38 0,02 0,17 27,84 

3 View HC-1 l0 no-DS Cosine 10,20 0,14 0,00 0,05 10,39 

3 View HC-1 l0 no-DS Euclidean 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 no-DS Intersection 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 no-DS Kullback-Liebler 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 no-DS Statistical X1 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 no-DS Statistical X2 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 DS-2 Cosine 10,20 0,14 0,00 0,04 10,38 
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3 View HC-1 l0 DS-2 Euclidean 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 DS-2 Intersection 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 DS-2 Kullback-Liebler 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 DS-2 Statistical X1 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l0 DS-2 Statistical X2 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 no-DS Cosine 10,20 0,14 0,00 0,04 10,38 

3 View HC-1 l1 no-DS Euclidean 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 no-DS Intersection 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 no-DS Kullback-Liebler 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 no-DS Statistical X1 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 no-DS Statistical X2 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 DS-2 Cosine 10,20 0,14 0,00 0,04 10,38 

3 View HC-1 l1 DS-2 Euclidean 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 DS-2 Intersection 10,20 0,14 0,00 0,01 10,35 

3 View HC-1 l1 DS-2 Kullback-Liebler 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 DS-2 Statistical X1 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l1 DS-2 Statistical X2 10,20 0,14 0,00 0,02 10,36 

3 View HC-1 l2 no-DS Cosine 10,20 0,14 0,01 0,04 10,39 

3 View HC-1 l2 no-DS Euclidean 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 no-DS Intersection 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 no-DS Kullback-Liebler 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 no-DS Statistical X1 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 no-DS Statistical X2 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 DS-2 Cosine 10,20 0,14 0,01 0,04 10,39 

3 View HC-1 l2 DS-2 Euclidean 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 DS-2 Intersection 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 DS-2 Kullback-Liebler 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 DS-2 Statistical X1 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l2 DS-2 Statistical X2 10,20 0,14 0,01 0,02 10,37 

3 View HC-1 l3 no-DS Cosine 10,20 0,14 0,02 0,04 10,40 

3 View HC-1 l3 no-DS Euclidean 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 no-DS Intersection 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 no-DS Kullback-Liebler 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 no-DS Statistical X1 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 no-DS Statistical X2 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 DS-2 Cosine 10,20 0,14 0,02 0,04 10,40 

3 View HC-1 l3 DS-2 Euclidean 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 DS-2 Intersection 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 DS-2 Kullback-Liebler 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 DS-2 Statistical X1 10,20 0,14 0,02 0,02 10,38 

3 View HC-1 l3 DS-2 Statistical X2 10,20 0,14 0,02 0,02 10,38 

3 View HC-2 l0 no-DS Cosine 20,40 0,22 0,00 0,06 20,68 

3 View HC-2 l0 no-DS Euclidean 20,40 0,22 0,00 0,03 20,65 

3 View HC-2 l0 no-DS Intersection 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l0 no-DS Kullback-Liebler 20,40 0,22 0,00 0,04 20,66 

3 View HC-2 l0 no-DS Statistical X1 20,40 0,22 0,00 0,03 20,65 

3 View HC-2 l0 no-DS Statistical X2 20,40 0,22 0,00 0,03 20,65 

3 View HC-2 l0 DS-2 Cosine 20,40 0,22 0,00 0,04 20,66 

3 View HC-2 l0 DS-2 Euclidean 20,40 0,22 0,00 0,02 20,64 



 

186 

Table B4 (Continued) 

3 View HC-2 l0 DS-2 Intersection 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l0 DS-2 Kullback-Liebler 20,40 0,22 0,00 0,03 20,65 

3 View HC-2 l0 DS-2 Statistical X1 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l0 DS-2 Statistical X2 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 no-DS Cosine 20,40 0,22 0,00 0,04 20,66 

3 View HC-2 l1 no-DS Euclidean 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 no-DS Intersection 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 no-DS Kullback-Liebler 20,40 0,22 0,00 0,03 20,65 

3 View HC-2 l1 no-DS Statistical X1 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 no-DS Statistical X2 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 DS-2 Cosine 20,40 0,22 0,00 0,04 20,66 

3 View HC-2 l1 DS-2 Euclidean 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 DS-2 Intersection 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 DS-2 Kullback-Liebler 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 DS-2 Statistical X1 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l1 DS-2 Statistical X2 20,40 0,22 0,00 0,02 20,64 

3 View HC-2 l2 no-DS Cosine 20,40 0,22 0,01 0,04 20,67 

3 View HC-2 l2 no-DS Euclidean 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 no-DS Intersection 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 no-DS Kullback-Liebler 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 no-DS Statistical X1 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 no-DS Statistical X2 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 DS-2 Cosine 20,40 0,22 0,01 0,04 20,67 

3 View HC-2 l2 DS-2 Euclidean 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 DS-2 Intersection 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 DS-2 Kullback-Liebler 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 DS-2 Statistical X1 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l2 DS-2 Statistical X2 20,40 0,22 0,01 0,02 20,65 

3 View HC-2 l3 no-DS Cosine 20,40 0,22 0,02 0,04 20,68 

3 View HC-2 l3 no-DS Euclidean 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 no-DS Intersection 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 no-DS Kullback-Liebler 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 no-DS Statistical X1 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 no-DS Statistical X2 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 DS-2 Cosine 20,40 0,22 0,02 0,04 20,68 

3 View HC-2 l3 DS-2 Euclidean 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 DS-2 Intersection 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 DS-2 Kullback-Liebler 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 DS-2 Statistical X1 20,40 0,22 0,02 0,02 20,66 

3 View HC-2 l3 DS-2 Statistical X2 20,40 0,22 0,02 0,02 20,66 

3 View HC-3 l0 no-DS Cosine 40,98 0,29 0,00 0,18 41,45 

3 View HC-3 l0 no-DS Euclidean 40,98 0,29 0,00 0,11 41,38 

3 View HC-3 l0 no-DS Intersection 40,98 0,29 0,00 0,11 41,38 

3 View HC-3 l0 no-DS Kullback-Liebler 40,98 0,29 0,00 0,39 41,66 

3 View HC-3 l0 no-DS Statistical X1 40,98 0,29 0,00 0,16 41,43 

3 View HC-3 l0 no-DS Statistical X2 40,98 0,29 0,00 0,16 41,43 

3 View HC-3 l0 DS-2 Cosine 40,98 0,29 0,00 0,12 41,39 

3 View HC-3 l0 DS-2 Euclidean 40,98 0,29 0,00 0,07 41,34 

3 View HC-3 l0 DS-2 Intersection 40,98 0,29 0,00 0,08 41,35 
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3 View HC-3 l0 DS-2 Kullback-Liebler 40,98 0,29 0,00 0,21 41,48 

3 View HC-3 l0 DS-2 Statistical X1 40,98 0,29 0,00 0,09 41,36 

3 View HC-3 l0 DS-2 Statistical X2 40,98 0,29 0,00 0,10 41,37 

3 View HC-3 l1 no-DS Cosine 40,98 0,29 0,00 0,11 41,38 

3 View HC-3 l1 no-DS Euclidean 40,98 0,29 0,00 0,08 41,35 

3 View HC-3 l1 no-DS Intersection 40,98 0,29 0,00 0,07 41,34 

3 View HC-3 l1 no-DS Kullback-Liebler 40,98 0,29 0,00 0,21 41,48 

3 View HC-3 l1 no-DS Statistical X1 40,98 0,29 0,00 0,09 41,36 

3 View HC-3 l1 no-DS Statistical X2 40,98 0,29 0,00 0,10 41,37 

3 View HC-3 l1 DS-2 Cosine 40,98 0,29 0,00 0,08 41,35 

3 View HC-3 l1 DS-2 Euclidean 40,98 0,29 0,00 0,05 41,32 

3 View HC-3 l1 DS-2 Intersection 40,98 0,29 0,00 0,05 41,32 

3 View HC-3 l1 DS-2 Kullback-Liebler 40,98 0,29 0,00 0,12 41,39 

3 View HC-3 l1 DS-2 Statistical X1 40,98 0,29 0,00 0,06 41,33 

3 View HC-3 l1 DS-2 Statistical X2 40,98 0,29 0,00 0,06 41,33 

3 View HC-3 l2 no-DS Cosine 40,98 0,29 0,01 0,08 41,36 

3 View HC-3 l2 no-DS Euclidean 40,98 0,29 0,01 0,05 41,33 

3 View HC-3 l2 no-DS Intersection 40,98 0,29 0,01 0,05 41,33 

3 View HC-3 l2 no-DS Kullback-Liebler 40,98 0,29 0,01 0,12 41,40 

3 View HC-3 l2 no-DS Statistical X1 40,98 0,29 0,01 0,06 41,34 

3 View HC-3 l2 no-DS Statistical X2 40,98 0,29 0,01 0,06 41,34 

3 View HC-3 l2 DS-2 Cosine 40,98 0,29 0,01 0,06 41,34 

3 View HC-3 l2 DS-2 Euclidean 40,98 0,29 0,01 0,03 41,31 

3 View HC-3 l2 DS-2 Intersection 40,98 0,29 0,01 0,03 41,31 

3 View HC-3 l2 DS-2 Kullback-Liebler 40,98 0,29 0,01 0,07 41,35 

3 View HC-3 l2 DS-2 Statistical X1 40,98 0,29 0,01 0,05 41,33 

3 View HC-3 l2 DS-2 Statistical X2 40,98 0,29 0,01 0,04 41,32 

3 View HC-3 l3 no-DS Cosine 40,98 0,29 0,02 0,07 41,36 

3 View HC-3 l3 no-DS Euclidean 40,98 0,29 0,02 0,03 41,32 

3 View HC-3 l3 no-DS Intersection 40,98 0,29 0,02 0,03 41,32 

3 View HC-3 l3 no-DS Kullback-Liebler 40,98 0,29 0,02 0,07 41,36 

3 View HC-3 l3 no-DS Statistical X1 40,98 0,29 0,02 0,04 41,33 

3 View HC-3 l3 no-DS Statistical X2 40,98 0,29 0,02 0,04 41,33 

3 View HC-3 l3 DS-2 Cosine 40,98 0,29 0,02 0,05 41,34 

3 View HC-3 l3 DS-2 Euclidean 40,98 0,29 0,02 0,02 41,31 

3 View HC-3 l3 DS-2 Intersection 40,98 0,29 0,02 0,02 41,31 

3 View HC-3 l3 DS-2 Kullback-Liebler 40,98 0,29 0,02 0,04 41,33 

3 View HC-3 l3 DS-2 Statistical X1 40,98 0,29 0,02 0,03 41,32 

3 View HC-3 l3 DS-2 Statistical X2 40,98 0,29 0,02 0,03 41,32 

3 View HC-4 l0 no-DS Cosine 81,81 0,38 0,00 2,73 84,92 

3 View HC-4 l0 no-DS Euclidean 81,81 0,38 0,00 2,23 84,42 

3 View HC-4 l0 no-DS Intersection 81,81 0,38 0,00 2,22 84,41 

3 View HC-4 l0 no-DS Kullback-Liebler 81,81 0,38 0,00 3,64 85,83 

3 View HC-4 l0 no-DS Statistical X1 81,81 0,38 0,00 2,40 84,59 

3 View HC-4 l0 no-DS Statistical X2 81,81 0,38 0,00 2,45 84,64 

3 View HC-4 l0 DS-2 Cosine 81,81 0,38 0,00 1,28 83,47 

3 View HC-4 l0 DS-2 Euclidean 81,81 0,38 0,00 0,99 83,18 

3 View HC-4 l0 DS-2 Intersection 81,81 0,38 0,00 1,00 83,19 

3 View HC-4 l0 DS-2 Kullback-Liebler 81,81 0,38 0,00 1,82 84,01 
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3 View HC-4 l0 DS-2 Statistical X1 81,81 0,38 0,00 1,18 83,37 

3 View HC-4 l0 DS-2 Statistical X2 81,81 0,38 0,00 1,21 83,40 

3 View HC-4 l1 no-DS Cosine 81,81 0,38 0,00 1,30 83,49 

3 View HC-4 l1 no-DS Euclidean 81,81 0,38 0,00 1,07 83,26 

3 View HC-4 l1 no-DS Intersection 81,81 0,38 0,00 1,12 83,31 

3 View HC-4 l1 no-DS Kullback-Liebler 81,81 0,38 0,00 1,82 84,01 

3 View HC-4 l1 no-DS Statistical X1 81,81 0,38 0,00 1,13 83,32 

3 View HC-4 l1 no-DS Statistical X2 81,81 0,38 0,00 1,14 83,33 

3 View HC-4 l1 DS-2 Cosine 81,81 0,38 0,00 0,57 82,76 

3 View HC-4 l1 DS-2 Euclidean 81,81 0,38 0,00 0,38 82,57 

3 View HC-4 l1 DS-2 Intersection 81,81 0,38 0,00 0,40 82,59 

3 View HC-4 l1 DS-2 Kullback-Liebler 81,81 0,38 0,00 0,86 83,05 

3 View HC-4 l1 DS-2 Statistical X1 81,81 0,38 0,00 0,56 82,75 

3 View HC-4 l1 DS-2 Statistical X2 81,81 0,38 0,00 0,61 82,80 

3 View HC-4 l2 no-DS Cosine 81,81 0,38 0,01 0,58 82,78 

3 View HC-4 l2 no-DS Euclidean 81,81 0,38 0,01 0,39 82,59 

3 View HC-4 l2 no-DS Intersection 81,81 0,38 0,01 0,39 82,59 

3 View HC-4 l2 no-DS Kullback-Liebler 81,81 0,38 0,01 0,88 83,08 

3 View HC-4 l2 no-DS Statistical X1 81,81 0,38 0,01 0,60 82,80 

3 View HC-4 l2 no-DS Statistical X2 81,81 0,38 0,01 0,61 82,81 

3 View HC-4 l2 DS-2 Cosine 81,81 0,38 0,01 0,30 82,50 

3 View HC-4 l2 DS-2 Euclidean 81,81 0,38 0,01 0,21 82,41 

3 View HC-4 l2 DS-2 Intersection 81,81 0,38 0,01 0,22 82,42 

3 View HC-4 l2 DS-2 Kullback-Liebler 81,81 0,38 0,01 0,78 82,98 

3 View HC-4 l2 DS-2 Statistical X1 81,81 0,38 0,01 0,29 82,49 

3 View HC-4 l2 DS-2 Statistical X2 81,81 0,38 0,01 0,30 82,50 

3 View HC-4 l3 no-DS Cosine 81,81 0,38 0,02 0,31 82,52 

3 View HC-4 l3 no-DS Euclidean 81,81 0,38 0,02 0,21 82,42 

3 View HC-4 l3 no-DS Intersection 81,81 0,38 0,02 0,22 82,43 

3 View HC-4 l3 no-DS Kullback-Liebler 81,81 0,38 0,02 0,79 83,00 

3 View HC-4 l3 no-DS Statistical X1 81,81 0,38 0,02 0,29 82,50 

3 View HC-4 l3 no-DS Statistical X2 81,81 0,38 0,02 0,30 82,51 

3 View HC-4 l3 DS-2 Cosine 81,81 0,38 0,02 0,20 82,41 

3 View HC-4 l3 DS-2 Euclidean 81,81 0,38 0,02 0,12 82,33 

3 View HC-4 l3 DS-2 Intersection 81,81 0,38 0,02 0,13 82,34 

3 View HC-4 l3 DS-2 Kullback-Liebler 81,81 0,38 0,02 0,42 82,63 

3 View HC-4 l3 DS-2 Statistical X1 81,81 0,38 0,02 0,16 82,37 

3 View HC-4 l3 DS-2 Statistical X2 81,81 0,38 0,02 0,17 82,38 

 


