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In this paper, we combine the use of Reduced Feature Vector Integration (RFI) and Distance Integration
(DI) with Relevance Feedback (RF) on 3D model similarity retrieval. The RFI outperforms the individual
FVs and gives high probability of providing relevant objects, other than the query itself, on the limited-size
of display window. Therefore, user may select as many relevant objects as possible just after the initial
query for the next RF iteration. In order to deal with the user’s feedback, we have used and extended an RF
algorithm, which enhances the precision by employing multipoint queries and estimating feature relevance
derived from both the variance of the distance of relevant objects and the maximum rank of them. In
addition, an Extended Exclusion Set (EES) incorporating with Exclusion Set (ES) is introduced. Using
EES and ES, the RF algorithm pushes prospectively irrelevant objects away from the queries. By utilizing
both approaches, the small number of RF iterations significantly improves the retrieval precision.

Keywords: 3D model similarity retrieval, feature integration, relevance feedback, multipoint
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1. Introduction

The research of 3D model similarity retrieval is increasing in the recent years. The 3D model
similarity retrieval plays an important role in domain specific applications, such as electronic
commerce, virtual reality design application, CAD/CAM application [1][2], medical applications
[3][4], protein classification [5][9], pollen-forecasts system [8], forensic purpose application [6], and
fitting shoes [7]. Consider an electronic commerce application as an example. Traditionally, an
online furniture-shop provides a text based searching facility in order to let the customer select the
furniture she plans to buy. She might search the target using a keyword such as “table”. When the
system retrieved many examples of tables, she has the difficulty to find which kind of table she
really wants. Using a keyword of table type, the text based searching engine might help her to
retrieve the models. However, this is not an intuitive way, as it requires the customer to have prior
knowledge about the model type. The more intuitive way is enabling the user to query the system
using some examples, which are retrieved in advance based on the keyword, and let the application
find the similar model from the repository database based on the appearance, such as the shape.

Most previous work on 3D model similarity retrieval system focuses on developing new features
representing 3D shape. There are many features or descriptors which are considered to represent 3D
model shape, such as Shape Histogram [9], Geometry Images [11], Aspect Graph [15], Visual
Similarity [16], Skeleton Based Similarity [12], 3D Fourier Transform based descriptor [17],
Topology Matching [10], Physical Moment [13], and Cube Based 3D Similarity [14]. A descriptor
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might be effective for a kind of shape characteristic, but not for another kind of those. Moreover, as
long as we know they employ a feature vector (FV) individually, instead of combining them to
obtain higher discriminating power.

In order to improve the performance of single-feature based similarity search, in our previous
experiment [19], we proposed a multi-feature based 3D model retrieval, which employs a
combination of two features. The basic idea is as follows. When one extracts a 3D model into an FV,
some information will be lost. Therefore, an extracted FV will not able to represent the characteristic
of 3D model shape as a whole. Hence, a combination of some features should be able to describe 3D
shape more effectively such that in the end it will provide better retrieval-performance. The
experiment highlighted that combining two features, by either merging the features or the distances,
using certain weighting factor improves the search performance.

Due to the complexity of representing characteristics of 3D shape and the subjectivity in
similarity judgment by human, low level FVs, including multi FVs, do not sufficiently represent the
higher level concept/semantic of user. In many cases, a 3D shape retrieval system provides models
which are close to each other in their low level FVs, but not visually or semantically similar in user
point of view. This problem is known as semantic gap problem. The RF technique provides a way to
bridge the gap by allowing user to choose relevant and irrelevant objects given by the system from
the previous iteration. Then the system performs the next query based on given feedbacks in order to
provide as many user-desired models as possible in the next retrieved result.

In this paper, we present an approach to integrating multiple FVs into an RF technique on 3D
model retrieval. In the first shoot, the system provides as many models as possible which are
prospectively relevant to what user desire in the limited-size of display window; thereby the user can
mark as many relevant models as possible just after getting the result from the initial query. For that,
we make use of the integration of FVs, which are considered to be relatively complementing to each
other, i.e. FVs which are generated from different abstraction of 3D shape. To deal with an unknown
initial query, i.e. a query where the query object is not in the available dataset, we make use Reduced
FV Integration (RFI), while for a known one and the next feedback iteration, we make use of
Distance Integration (DI). Then, we develop an RF technique based on multipoint queries [35], [36]
and the RF technique proposed by [21], and extend the use of exclusion set [21] in order to
strengthen the effect of irrelevant feedbacks on object points surrounding them.

The remainder of the paper is organized as the following. In Section 2, we review some related
work and present the motivation and contribution of the proposed approach. In Section 3, we
describe five 3D shape descriptors extracted from different abstraction of 3D model. Section 4
presents our approach for integrating FVs, including RFI, DI, and the RF algorithm. In Section 5, we
present implementation issues related to the prototype of 3D model retrieval. In Section 6, we
discuss the experimental results. Section 7 presents the conclusions.

2. Related Work, Motivation, and Contribution

2.1 Combined FVs

As far as we know, the idea of combining multi-feature on 3D shape retrieval was introduced by
Vranic [18]. A new hybrid feature vector of dimension 472 is obtained by crossbreeding the depth
buffer FV of dimension 186, the silhouette-based FV of dimension 150 and the ray based FV of
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dimension 136. Instead of employing different choices of weights, they define the weighting factor
by the proportion of FV dimension such that the importance of individual FV is specified by its
dimension. In [26] we extract individual FVs which come from different abstraction and test with
various weighting factors and integration schemas, i.e. PFI, RFI, DI, and RI. The experimental result
shows that RFI and DI outperform PFI and RI.

Regarding that an individual FV may have different importance than others w.r.t. different
classes of 3D model, a purity-based weight estimation is introduced by [23]. The purity value
indicates the maximum number of objects belong to the same model class in the first k-position of
each ranking under given individual FV and a query . The more a purity value of FV, the more
weight the FV is assigned to. The purity values are obtained by submitting a query to the training
dataset, and the first k-position of the result is used for evaluating the purity value. Then, the query is
resubmitted to the real dataset by regarding the weight factor obtained from the purity value. This
approach enables the system to assign different weighting factor for different query object.

We observe that there are three drawbacks in either our approach [26] or purity based approach
[23], as the followings:

1. The training dataset should be large enough and covers large spectrum of model classification

2. The weighting factor obtained from the training phase is not always the best one for another
dataset, and

3. It strictly depends on how models in the data set are classified in advance and therefore is not
able to adapt different user semantics.

2.2 Relevance Feedback (RF) Techniques

Relevance feedback has been used in the retrieval of text and images. In the following sections, we
review the three de facto standard relevance feedback techniques, i.e.: Query Vector Modification
(QVM), Feature Relevance Estimation (FRE), and Multipoint Queries (MPQ) / Multiple Queries
(MQ). Fig. 1 illustrates the techniques.

2.2.1 Query Vector Modification (QVM)

The basic idea of the QVM approach is repeatedly reformulating the query vector using user’s
feedback. For each successive iteration, the query moves toward the relevance objects and away
from irrelevant ones. Let Q(k) be the query submitted by the user at the k-th iteration, R be the set

of relevant objects, and | be the set of irrelevant objects’ FVs at the k-th iteration, the modified query
vector [30] at the (k+1)-th iteration is defined as:

_ Y.
Q(k+1) :an +ﬂZXRI_7Z|J Eq.1
i j

where X; are the FVs of relevant objects, Y; are the FVs of irrelevant objects, and ¢, £, and y are the
parameters for controlling the relative contributions of each component. The formula in Eq. 1
implies that the query moves from the original one to the new one in the feature space, as shown in
Fig. 1 (a).
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(c) MPQ, before expansion 1 (d) MPQ, after expansion
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Fig. 1. (a) Query Vector Modification (b) Feature Relevance Estimation, (c) & (d) Multipoint Queries

2.2.2 Feature Relevance Estimation (FRE)

A feature may be considered to be more important than others. Thus, the contributions of a FV in
similarity measurement vary in different proportion and should be estimated before measuring the
similarity. The more relevant a FV, the more it contributes in the similarity measurement. The
weighting factor then represents the relevance of FV, relatively to each other. Let w; be the
weighting factor of the i-th FV, and N be the number of individual features, the distance (L1)
between object X and Y, D(X,Y), is defined as:

N
D(X,Y):ﬁZwi\xi -y Eq.2
i=l

where X; and y; are the FVs of object X and Y, respectively. Fig. 1 (b) shows the situation of the query
before and after weighting.

2.2.3 Multipoint Queries (MPQ) / Multiple Queries (MQ)

Unlike the previous approaches, the Multipoint Queries approach [35] or Multiple Queries approach
[36] allow multiple objects as queries. Instead of providing a single point as a query, the approach
allows multipoint queries based on relevant objects given by the user. Thus, a new distance of
objects is determined by calculating the minimum distance between the objects and all query points.
The advantage of MPQ approach is that it allows the query to find possible relevant object in
different clusters. Fig. 1 (c) and (d) illustrate the situation before and after query expansion by MPQ
approach respectively.
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2.3 RF on 3D Model Retrieval

As far as we know, RF is relatively new area of research for 3D model similarity retrieval. A very
first attempt to incorporating it into 3D model retrieval was introduced by [13]. A learning technique
based on Support Vector Machine (SVM) is used for predicting the weight factor for each dimension
of FV. Using relevant and irrelevant feedback (positive and negative examples) from the user, SVM
divides the input space, i.e FV, into two halfspaces by defining a hyperplane so that the generated
halfspaces contain the classes to be distinguished. The experiments done by the author show that
after some iteration, the similar objects are convergence on the top list of the result. However, SVM
approach works best if two classes have to be separated, while in our case we want to distinguish one
class against all others in dataset. The problem is known as “all positive examples are alike; each
negative example is negative in its own way” [32]. That is, negative examples are often not in the
same class and therefore deteriorate the hyperplane. Besides, we highlight that the approach employ
the weighting factor only to the dimension of a single FV, i.e. moments, instead of employing it to
multiple FVs.

Bang, et. al. [33] proposes another relevance feedback technique, Feature Space Warping
(FSW). The idea behind FSW is “shifting relevance models closer to the query and irrelevant object
farther away”. Other models, which are not in the set of given feedback, receive such an effect
indirectly by moving according their distance into relevant/irrelevant models. Given a query ¢, and a

relevance feedback T, where the subscript * € {+,—} indicates the relevant and irrelevant

J b
examples, respectively, FSW calculates the movement vector of pi, Vis, to move pi closer to or
farther away from g. Let vj; be the vector from pi to f J-* , Vig be the vector from pi to ¢, and u; be the

strength coefficient given by the user, according to [33] the new vector of point P, vy; is defined as:
M

Ve =720, exp(— c‘vij ‘) Vig Eq.3
j=i

The coefficient y and ¢ are chosen globally such that the final coefficient multiplying viq is less than
one. The constant U is determined within the interval [-2,2] in order for specifying the weight, i.e.
how strong the moving effect of a feedback. The approach has a drawback in that it needs to
calculate new vectors for each object during feedback sessions, and the approach is considered
computationally arduous [33].

An interesting approach was proposed by Atmo et.al. [21]. It is an RF mechanism processing
query and feedback based on the pair-wise rankings of objects, instead of the weighting sum of the
feature or the distance. The authors argue that in their case the weighting sum of distance measured
by various feature types is not appropriate for 3D model retrieval. The algorithm works as follows.

Let R be the rank of relevance object fi+ obtained by submitting a query f j+ to the k-feature, and

N be the number of relevant objects, the importance of the k-feature, wy, is estimated by Eq. 4.

Eq. 4

ZN: N
W, =
K = miaxi RIJk ’
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Then, the new distance for each object except those in the exclusion set, i.e. those which is close
to fi_, is defined by the minimum distance of objects from the relevance objects. The new distance

for objects in the exclusion set is set to the maximum distance such that it will be ranked in the
bottom list.

Our approach distinguishes itself from the previous approaches in the followings:

1. We incorporate RFI and DI with an RF technique. RFI enables unknown query processing, but
consequently it needs distance calculation. DI accepts only known query but performs retrieval
faster than RFI because the distance is calculated in advance.

2. Our previous experiment [26] shows that distance integration outperforms rank integration.
Therefore, different from [21] our technique makes use of the distance, instead of the rank, and
formulates appropriate weighting estimation based on the combination of the variance of
distances and the ranks. More specifically, the multipoint queries approach is adapted for the
distance integration rather than the rank integration as done by [21].

3.  We expand the idea of the exclusion set [21] by defining an extended exclusion set to increase
the coverage area in distance space affected by negative/irrelevant feedback. Then, our
algorithm deals with objects in the both sets in different way.

4. Different from [33], which moves objects in feature space (object points are updated and the
updates are used for the next feedback iteration), our approach updates the distance during
feedback iteration, and use the FV only for the first query. In addition, FSW employs single
point query, while our approach employs multipoint queries.

2.4 Motivation of Our Approach

The motivation of our approach is two folds. The first one is related to the approach of integrating
multi-feature, while the second is the motivation of the proposed RF technique.

There are two motivations inspiring us to exploit an integration of multi feature. First, an
individual descriptor is able to describe only some limited and specific aspects of 3D shape rather
than the whole aspect of those. For example, suppose that we make use of the 2D shape of 3D object
to deduce similarity, and decide to choose a region-based descriptor. In this case, the descriptor can
represent the interior region of the shape, but not the outer boundary or contour. On the other hand,
the only use of a contour-based leads to the opposite. Second, for a given 3D model database, an
individual FV that brings the best retrievals to a certain class of query object may be inferior to
another individual FV for another class of query object; and integration approach could be exploited
and the best one can improve retrieval performance.

Most CBIR technology assumes that similar images/shapes lay in a single cluster [36].
Therefore, they employ RF technique by reformulating a single query centred in the cluster.
However, this is not the case in 3D model retrieval. Since FV does not sufficiently capture the whole
shape characteristics of 3D model, we argue that similar models are often scattered in several
clusters. Hence, adapting from [35] and [36], we make use of the Multipoint Queries approach that
considers relevant objects as multipoint queries.

In general point of view the RF technique proposed in this paper is the same as the one proposed
by [21]. We emphasize on providing the rationale of using positive feedbacks as multipoint queries,
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integrating DI into the algorithm (rather than RI), defining an appropriate formula of feature
relevance estimation, and proposing the use of the extended exclusion set. More specifically, we
observe that the exclusion set defined by [21] provides only a single way to deal with objects in the
set, i.e. by regarding them as irrelevant objects and setting the distance to the maximum distance.
Thus, the use of exclusion set strongly reduces the number of feedback iteration while finding
similar objects, but at the same time may lead to wrong filtering result. It is because the similar
objects close to the irrelevant objects are penalized by maximum distance; therefore, they will be
ignored in the next iteration. In order to minimize the problem, in our approach we define the
extended exclusion set that expands the exclusion set to make the filtering strategy more flexible.

2.5 Contribution of the Paper
The contribution of this paper includes the following aspects:

1. Selecting FVs, which are considered to be complementing to each other. In order for that, we
choose FVs extracted from different abstractions of 3D model, i.e. 2D image, surface, and
volume, as described in Section 3. By using relatively-complement FVs, the system may
provide the similar objects on the top list and display them in limited-size of display window;
thereby the user can mark prospectively relevant objects just after getting the result from an
initial query for the next iteration.

2. Proposing a use of both Reduced FV Integration (RFI) for processing initial query and weighted
Distance Integration (DI) using RF. RFI enables user to query with unknown objects, improves
retrieval effectiveness comparing to the individual FVs, and optimizes the storage by reducing
the dimensions. DI enables user to query with known objects, and improves the retrieval
effectiveness by employing the weighting factor, which is predicted based on positive
feedbacks given by the user.

3. Estimating the feature relevance (the weighting factor) by the variance of the distances and by
the ranks, and proposing an the extended exclusion set incorporating with the exclusion set for
filtering objects, which are prospectively irrelevant.

3. 3D Shape Descriptors

In this section, we describe several 3D shape descriptors used in our experiments. Our selection is
based on the abstraction represented by the FVs. We define FV as an n-dimensional vector of
numerical features that represent an object. Our hypothesis is integrating some individual features
will enhance the capability to describe 3D shape more comprehensively, and at the end will enhance
the performance of similarity-retrieval. We consider some criteria to select individual FVs and
obtain a successful integration, i.e.:

1. Discriminating power of individual FV. Some previous researches highlight the superiority of
some individual FVs. For example, depth buffer FV is shown to be superior to cord based FV
[18], and Light Field Descriptor which is using Zernike moment FV is shown to be superior to
geometric moment [34].

2. The possibility to be complementing to each other. For the case of 2D shape (image) based FV,
contour and region should be complementing to each other. In addition, our hypothesis is that



242

Multi-feature Integration with Relevance Feedback on 3D Model Similarity Retrieval

image based FV, volume based, and surface based could be complementing to each other since
they provide different abstractions of 3D objects.

The uniformity in FV representation and similarity measurement. If FVs could be represented
in a uniform manner, and have the compatibility of similarity measurement, integration
approach could be employed in the same manner. For example, contour based FV and skeleton
descriptor are considered not compatible to each other. The former could be represented as a
histogram or a sequence of Fourier coefficients and L1 distance could be employed as metric.
On the other hand, the latter needs to be represented in a graph and therefore needs graph
matching to measure the similarity.

The same intermediate representation. The depth buffer image could be used as intermediate
representation before extracting contour, Zernike moments, and depth buffer FV, while 3D
object voxel could be used for intermediate representation of both volume and surface based
FV.

We extend the abstraction depicted in Fig. 2 from 2D image to 3D model case, i.e. by extending

contour into surface, and region into volume, and thereby we may expect to have different similarity
abstractions of 3D models. We select three different abstractions: 2D-image (C2D, ZNK), Surface
(C3D, DB) and Volume (FO).

Region-hased
shape similarity

BSEQ
SIE g
€ g

Contour-hased
shape similarity

Fig. 2. Region-based versus contour-based shape similarity [31]

3.1 2D Contour (C2D)

A 3D model viewed from the major axes, z, y, and X, forms three 2D projection-images, lying on Xy
plane, xz plane, and yz plane, respectively. A 2-dimensional contour is defined as a collection of
border points, i.e. the outermost points of an image, which intersects with image background as
depicted in Fig. 3 (a). Fig. 3 (b) shows that by tracing the contour in a clock-wise direction, we
record the distance between contour point and the object’s origin. The n-dimensional 2D contour FV
is defined as the magnitudes of the first n Fourier coefficients obtained by employing 1D Fast
Fourier Transform (FFT) to the sequence of distances between contour points and the origin.
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Fig. 3. (a) 2D Contour of a 3D model, obtained by projecting it to yz-plane, xz-plane, and xy-plane, and (b) the centroid
distances of the sample points of the third contour image, recorded in a clock-wise direction.

3.2 Zernike Moments (ZNK) [16]

Different from C2D descriptor, the computation of the Zernike moments descriptor does not need the
knowledge of boundary information. Thus, it is more suitable for more complex shape
representation. The low order moments represent the global pattern of the shape while the higher
order the detail. For a discrete image, if P,y is the current pixel value of an image, two-dimensional
Zernike moments order m with repetition n is defined as:

A =" 5P R ()
Xy

T
_ (g2 s (m—s)! m-2s
R (1) = ZO 1 si((m+[n)/2-s)H(m=[n}/2=s) "

X +yr<l j=+/-1
m=0.0,m—|n|=even,/n|<m,
r= x2+y2,9:tan"[1J

X

— Eq.
A*mn - Am,— 4 >

n

The Zernike moments based FV is defined as set of Zernike moments coefficient A, where
n>0, taken from the 2D projection images of the 3D model.

3.3 Depth Buffer (DB) [18]

Depth buffer stores the depth of image projection of 3D model from a certain direction. As there are
three major axes in 3D space, we obtain six depth buffers containing the depth information of the
model viewed from x+, X-, y+, y-, z+, and z-, as depicted in Fig. 4. Depth buffer based FV is the
magnitudes of the first n Fourier coefficients obtained by employing 2D FFT to the image.

DN

Fig. 4. Depth images of 3D model, viewed from x+, x-, y+, y-, z+, and z-
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3.4 Fractional Occupancy (FO)

Adapting from [20], we define fractional occupancy (density) as the ratio of the actual number of
voxel in a partition (VX;) to the maximum possible number of voxel in the partition (Vp;).

v

In this case, we partition 3D voxel to a grid partitions. The n-dimensional FO based FV is defined as
the magnitudes of the first n Fourier coefficients of the collections of FO.

3.5 Cords and Spherical Harmonic (C3D) [18][20]

A cord is a vector that goes from the centre of mass of an object to a representing surface point. One
issue to be concerned with is which point should be a representing point. We observe two candidate
points, which are possible to select: the most distance point, which intersects with the cords [18], or
the most distant point in the partition, no matter it intersects with the cord or not. In our
implementation, a 3D model is sampled into a collection of voxel. Hence, we decided to use the
second, as it is relatively more invariant to the number of sampling than the first. We extract
spherical harmonic coefficients by employing a Spherical Harmonic Transformation (SHT) to the
collections of cords’ length using S2kit [24]. Cords based FV is defined as a collection of the n-first
coefficients.

4. Multi Feature Integration with RF

The idea of our approach is as the following. First, before processing user’s feedback, it is important
to display objects, which are prospectively relevant to the query on the limited-size of display
window. In other words, the FVs for processing the first query must provide high discriminating
power. We propose to make use of RFI and DI for fulfilling such a requirement. Second, in order to
enhance the precision, we enable user to select relevant/irrelevant objects as feedback. Thus, using
the relevant objects the query processor calculates the weighting factor of distance integration. Then,
the query processor pushes the relevant objects to the top list, and the irrelevant objects to the
bottom. In addition, relevant objects affect the object surrounding them to move to the top list, while
irrelevant ones affect them to push away from the top list. The technique is based on the multipoint
queries approach [35], [36] and the RF algorithm proposed by [21] with some extension.

4.1 Reduced FV Integration (RFI)

Let f;, fp, ...f, be a set of normalized FVs and f°y, f’5, ...f", be a new set of FVs obtained by reducing
the dimension of the original FVs, a new reduced integrated FV ) is defined as

FO = fw, £, w, fy W, f Eq.7

Since the FVs are generated from different approaches, they range in different values. In order to
combine them proportionally, each FVs should be normalized. We employ Gaussian normalization
[22] for normalizing both features and distances before integration. The normalization maps the
values of FV components and distances into normalized values within the interval [0,1].
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The goal of reducing dimension before the integration is to preserve the dimension of integrated
FV equal or almost equal to those of the original FVs; thereby the cost for distance computation is
almost the same as those of single original feature. The dimension reduction might also reduce the
discriminating power, which is not expected. However, as shown in Fig. 5, in general for a certain
range of dimension, i.e. about 50-250, the difference of dimensionality does not yield much
difference of discriminating power. Therefore, the integration model could be employed if the
reduction should be not too much. Note that, the trend that we can see in Fig. 5 is applied not only to
the particular dataset, i.e. CCCC dataset, but also to other datasets.

Awg. R-Precision versus Dimension
100 T T

90+ —#— C-INK-LT [+
—&— CDB-L1
80 —H—CFo-L1 |
-4 - C-CID-L1
0t 4

Ayerage R-Precision (%)

101 o

0 1 ' L L I
o 50 100 150 200 250

Dimension

Fig. 5. The effect of dimensionality reduction on average R-Precision for CCCC dataset

4.2 Distance Integration (DI)

Let d; be a normalized distance between object O; and O, under specified FV f;, a new integrated
distance d® is defined as:

N
d® :Zwidi Eq. 8
i=0

In this case, we store pair wise distances between two objects, instead of their FV. Hence, there is no
way to process unknown query objects where calculating distance from pair wise FV is needed.

4.3 Relevance Feedback Algorithm

The RF algorithm presented in this paper is composed of three ideas: (1) estimating the weighting
factor by the variance of the distance of positive feedbacks and maximum rank of them, (2) making
use of positive feedbacks for multipoint queries, and (3) building exclusion set (ES) and extended
exclusion set (EES) using negative feedbacks. We explain the detail of the technique as follow.

4.3.1 Weighting Factor Estimation

The definition of W comes from the assumption that under a given FV, the more convergent
relevant-objects, the more important a FV and the more weighting factor is assigned for it. The
convergence indicates how close the relevant objects are to each other. We deduce the convergence
from how dense the distances of relevant objects are and derive it from the variance of the distances
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and from the rank positions. Let R; be a positive feedback object, Gik be the variance of the
distances of relevant objects under query of relevant object R; using the k-th FV, I’ijk be the rank of

relevant object j under query of R; using the k-th FV, N be the number of objects in the database, and
o be the significance of the weighting vector derived from the variance, the weighting factor for the
k-th FV, W, is defined as:

d1/of DN /max;(r)
W, =0 1-0) <
‘ w221/a,m+( Q)ZZN/maxj(r,jm) Fa.9

Therefore, the distance function, where M individual FVs are employed, is changed from Eq. 10
to Eq. 11.

M

Dyq(P.Q) =Y D (P.Q)/M Eq. 10
k=1
M

Dnew(PsQ):ZWk Dk(P’Q) Eq 11
k=1

Note that when performing retrieval our RF technique is dealing with pair-wise distances, which are
calculated in advance. Therefore, during the retrieval no calculation for Dy (P,Q) is needed.

4.3.2 Positive Feedbacks as Multipoint Queries

As mentioned in the previous section that most CBIR technology, no matter what feedback strategy,
assumes that similar images/shapes lay in a single cluster. Therefore, retrieval can be performed by
formulating a single query centred in the cluster. However, in the case of 3D model retrieval, where
feature vector mostly does not sufficiently capture the whole shape characteristics of 3D model,
similar models are often scattered in several cluster. In order to solve the problem, we adapt an
approach using multipoint queries [35],[36] by regarding each object in the set of positive feedback
as queries. Therefore, the distance of object P w.r.t. multiple queries Q is the minimum distance
between P and all query point R;.

Dypq (P, Q) = min D(P,Q;) Eq. 12

4.3.3 Building EES and ES using negative feedbacks

We assume that negative feedbacks given by the user are considered not desired. Hence, it is
expected that they will be ranked in the bottom. In order for that, we set the distance between objects
in the negative feedback and the queries to maximum distance value. In addition, a negative
feedback influences objects closely surrounding it by moving them farther away from the query.
More specifically, we define exclusion set [21] and extended exclusion set for categorizing such
objects and formulating different strength of negative feedback’s effect for them.

Definition 1 Exclusion Set (ES):

Given a negative/irrelevant object as feedback I, the exclusion set of | is a set containing
objects, which are considered very close to I. The distance between objects in the exclusion
set with a query is maximum distance 1.0.
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Definition 2 Extended Exclusion Set (EES):

Given a negative/irrelevant object as feedback I, the extended exclusion set of | is a set
containing objects, which are considered not very close to | but still close enough for
getting the effect of the feedback I, i.e. by moving farther away from the query.

Suppose that P is an object in the EES of negative feedback object |. The closer P to I, the more
it has to be moved farther away from the query. Let Dgs and Dees be the distance between | point to
the ES boundary and EES boundary, respectively, Dj, be the distance between | to P, Dy rp and
Dmax_rp be the minimum and maximum distance between P and all positive feedback points,
respectively. A new distance between P and Q, D(P,Q), is defined as:

Dees B Di
D( PvQ ) = Dmin_rp + ﬁ( Dmax_rp - Dmin_rp ) Eq. 13

It is clear that the formula in Eq. 13 implies that for each object in EES the closer an object P to
a negative object, the more P is pushed away from the query. Fig. 6 (a) provides an illustration
example how to deal with the multipoint queries, exclusion set, and extended exclusion set. Given
positive feedbacks Ry, Ry, and R3, a negative feedback I, and unknown objects P,...,Ps. The concept
of multipoint queries implies that D(P;,Q)=D(P1,R;1), D(P2,Q)=D(P2,R;), D(P3,Q)=D(P3R3),
D(P4,Q)=D(P4,R3). Since Ps is a member of exclusion set of I, D(Ps,Q)=1.0. On the other hand, in
the case of Pg, which is a member of extended exclusion set of I, D(Ps,Q) is set to the value
formulated in Eq. 13, which ranges between the minimum distance, D(Pg,R;), and the maximum
distance, D(Ps,R,), as shown in Fig. 6 (b). Note that the movement vector depicted in Fig. 6 (b) is
only an illustration to show that the algorithm moves Pg farther away from the query object,
therefore the direction means nothing since we deal with the distance, instead of the FV.

A

L QES, { '} EES boundary (o)
~ The effect of negative
(a) MPQ, ES, and EES feedback on an object in EES

Fig. 6. An illustration of MPQ,, ES, and EES

The overall algorithm of multi-feature integration using RF is depicted in Fig. 7. Note that
RFI_FV and RFI_MTX represent a table of FV generated by RFI and a matrix of distance obtained
from DI, while MULTI MTX is an array of matrices of distance generated from the original single
FVs.

By using RFI FV, the system enables users to query with unknown objects with the less
possible required storage, and in the same time preserves the retrieval precision as obtained by
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combining multi FVs. Recall that RFI_FV is obtained by reducing the dimension of single FVs and
combine them. On the other hand, RFI MTX is used for processing known user queries without
distance computation. In general, RFI_FV and RFI_MTX are considered the best in providing initial
query result, comparing to other single FVs.

1. Initialize table entry: RFI_FV, RFI MTX, MULTI MTX][1..N]
2. User starts with a query object Q
2.1 If Q is not available in the database:
(a) extract the FVs from Q, and build an reduced FV integration of Q,
(b) calculate the distance between Q and all objects whose FV is stored in RFI_FV,
(c) present the result with ascending ordered distances.

2.2 If Q is available in the database, present the result from RFI MTX with ordered ascending
distances

3. While user is not satisfied with the result do
3.1 User marks objects as relevant (R) and irrelevant (I); put R and I in the RF history,

3.2 Using R, for each FV observe the data in MULTI MTX to calculate the weighting factor,
W, as formulated in Eq. 9

3.3 Calculate DMin, the minimum distance between R and I.

3.4 Define the radius of EES outer boundary, i.e. DMin* A,

3.5 Define the radius of ES boundary, i.e. g*radius(EES), where x =[0,1]

3.6 For objects in the exclusion set, set the distance to the maximum distance 1.0,

3.7 For objects in the extended exclusion set, set the distance to the value obtained from Eq. 13

3.8 For objects in the set of relevant query, set with the minimum distance 0.0,

3.9 For other objects, set the distance to its minimum distance from relevant objects, i.e.
D(0,,Q) = min, D(O.R )

3.10 Use the weighting factor to calculate the new weighting sum of distance as in Eq. 11

Fig. 7. The algorithm of multi-feature integration using RF

The algorithm pushes the relevant objects to the top list and the irrelevant objects to the bottom
list. By setting the distance of relevant objects with zero, we ensure that relevant objects are always
at the top list, while the distance of irrelevant object with 1.0, we ensure that irrelevant object are
always at the bottom list during a query session. A constant A is used for specifying the outer
boundary of EES, while a constant g is for specifying the proportion of the boundary of ES, which is
also the inner boundary of EES. The greater A and u are defined, the larger a hyperplane to filter
objects, and the faster relevant objects are pushed to the top. By defining EES incorporating ES, the
algorithm provides a more flexible way to deal with objects surrounding irrelevant feedback objects.
The effect of irrelevant objects on objects in EES is intended to be less than those in ES. Thereby,
the algorithm takes more advantage by using EES incorporating with ES than using only ES.

5. Implementation

We implemented a prototype of 3D retrieval system employing the multi-feature integration
approaches with RF as described in Section 3 and Section 4. For our experiments, we use Princeton
Datasets [27], i.e. Training Dataset (PrincTrain) and Testing Dataset (PrincTest), the subset of
CCCC Dataset [28], and Utrecht Dataset [29]. Table 1 shows the number of models and classes in
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the datasets, while Table 2 shows the partial description of model classification in PrincTrain
Dataset.

Table 1 Datasets for the experiments

Dataset No. Of Models No. of Classes

Princeton Training (P) 907 90

Princeton Testing (Pt) 907 92

The subset of CCCC (C) 473 55

Utrecht (U) 376 5

Table 2 Partial description of the classified set of models in PrincTrain Dataset
Description No. Of Models Description No. of Models

Commercial airplanes 10 Swords 15
Fighter jet planes 50 Heads 16
Bees 4 Bridges 10
Spiders 11 Light houses 5
Humans 50 Chest 7
Humans arms out 21 Beds 8
Trex 6 Shelves 13
Pigs 4 Round tables 12
Dolphins 5 Desk lamps 14
Sharks 7 Flowers 15

Fig. 8. An example of retrieval result using various FVs: C2D, ZNK, DB, FO, C3D, and RFL.
Note that the result using RFI contains more match objects than others.

After pose normalization using weighted PCA, a modification of [25], we extract five features
from the models in the dataset, as described in Section 3. For each individual FV, we choose the
dimension of about 256, while for RFI, we reduce the dimension of every FV to 51 such that the
reduced integrated FV will have the dimension of 255. In order to calculate the distance between two
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objects, we make use of L1 distance as our preliminary experiments show that it is the best among
the others, such as Euclidean distance and Quadratic distance. An example of retrieval result with
query object 498 using each FV is shown in Fig. 8, while the retrieval result with the same query
object after the third iteration of relevance feedback is depicted Fig. 9. The star (*) in the image
caption indicates that the model is classified in the same class in the ground truth and considered
similar to the query.

Iterdhtod RFLRomd
Ao E : - {0
TR 2 _JL \{{ -
B Y
498(%) 501(%) 503(%) 504(=) 505(=)
.!‘-:JII-(( B Yy iy
= A e 2 4 7
| B ) e | e | i jhi—
511(%) 5120% $13(%) 514(%) S06(%)

Fig. 9. An example of retrieval result after the third iteration of relevance feedback.

6. Experimental Results and Discussion

We performed several experiments to evaluate our approach. Experimental results show that for each
class in the data set, employing RFI does not always improve the retrieval precision. For a particular
class, RFI improves the precision, but for another class it decreases the precision. However, it is
interesting to note that on average RFI outperforms all original individual FVs, as shown in Table 3.
Moreover, another observation of RFI shows that the frequency that one or more similar objects,
excluding the query object itself, are put on the display window with the size 25 is high enough, i.e.
90.2% (P Dataset), 89.5% (Pt Dataset), 91.5% (U Dataset), and 98.9% (C Dataset). Therefore, RFI is
considered to be the most powerful representation comparing to the individual FVs.

Table 3. Average Precision Recall for Each Individual FVs Compared With RFI

Average Precision Recall
C2D  ZNK DB FO C3D RFI
Princeton Training (P) 0.381 0.416 0.387 0346  0.390 0.429
Princeton Testing (Pt) 0386 0.417 0395 0351 0.388 0.436
Utrecht (U) 0.621 0.619 0592 0.622 0.634 0.636
The subset of CCCC (C)  0.534 0552 0.543 0483 0.530 0.589

The values in the bold face are the highest performance among the individual FVs for the same dataset.

Dataset

The next following experiments aims to measure the effectiveness of the RF algorithm as
described in Section 4. Since we have limited space in the application for displaying the retrieval
results, it is important to note that of the N models in the database, the most important measure is the
M-first rank result that can be seen in the window by the user. Therefore, we make use of retrieval
accuracy metric, which measures only the M first rank no matter how the ranks in range M+1..N.
That is the proportion of the number of relevant object retrieved and displayed in the window to the
class size. If the class size is more than the window size, we consider the window size as the class
size. In fact, this cannot compare the effectiveness among different class of objects since the



S. Akbar, J. Kiing, and R..Wagner 251

proportions have different denominators, i.e. the class size or the window size. Nevertheless, it is
obvious that this measure can indicate how the successive iteration produces more accuracy.

The second experiment aims to observe the effect of the weighting factor. We compare the
precision improvement from the zero iteration to the first iteration for two cases, i.e. without the
weighting factor and with the weighting factor. The first case is obtained by setting equal weighting
factor for the distances under specified FV. Table 4 gives evidence that the precision is improved not
only by pushing the relevant objects to the top list and the irrelevant objects to the bottom, but also
by the weighting factor. The experiment also highlights that using both variance of distance of
positive feedbacks and the maximum rank of them for feature relevance estimation, i.e. ®=0.5, tends
to be better than using only one of them. Although this is not always the case, we use the same
weighting factor for the next experiments.

Table 4 Comparison between unweighted (U) and weighted (W) integration

Precision improvement (%) from 0-1 iteration

Dataset (M=25, 2=0.0, 1 =0.0)
U W (0=0.5) W (0=1.0) W (0=0.0)
Princeton Training (P) 33.95 35.04 34.13 34.58
Princeton Testing (Pt) 31.38 32.97 32.84 32.34
The subset of CCCC (C) 26.04 27.26 27.63 26.87
Utrecht (U) 18.85 19.49 19.51 19.39

In the third experiment, we explore the sensitivity of ES and EES. Various values of A and p are
employed throughout the experiment. In order to do that, we define various value of A, i.e. 0.5, 1.0,
1.5, 2.0, and for each A, we define p = 0.0, 0.1,...,1.0. The experiment shows that for A =0.5, 1.0,
1.5, 2.0 the maximum average precision is obtained by setting u=1.0, 0.7, 0.4, 0.2, respectively. As
shown in Fig. 10, among the four parameter setting, we found that the parameter setting with A=1.5
and pu=0.4 provides the highest average precision.

We also explore if the EES is useful for increasing the average precision. In order for that, under
the same size of ES, i.e. 0.6, we compare two cases, where EES is enabled (A=1.5 and p=0.4), and
EES is disabled (A=0.6 and p=1.0). As depicted in Fig. 10, the former is better than the latter.

Precision after RF Iteration with different size of ES and EES
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Fig. 10. Precision versus number of iteration on PrincTrain dataset,
with windows size M=25 and different values of A and p
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In the last experiment, we want to see how the algorithm enhances the retrieval performance
when it runs for all datasets. We use the optimum setting, i.e. ®=0.5 for feature relevance estimation
(weighting), the radius of EES is 1.5 (A=1.5), and the radius of ES is 0,6 (u=0.4 with A=1.5). Fig. 11
shows that with the small number of RF iterations, the precision significantly increases.
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Fig. 11. Precision improvement after RF iterations (M=25, A=1.5, and pn = 0.4)

7. Conclusion

In this paper, we propose to combine the use of RFI and DI with RF. Using RFI, we obtain the
highest possible precision during the initial query, with known or unknown object query, and in the
same time speed up the query processing. The experimental results show that RFI generally
outperforms the individual FVs, i.e. contour (C2D), Zernike Moments (ZNK), Depth Buffer (DB),
Fractional Occupancy (FO), and Cords (C3D). The experiments also highlight that FVs extracted
from different abstractions of 3D model tend to be complementing to each other. The use of RFI also
provides the similar object on the display window with the probability of about 90% for all datasets;
thereby gives more possibility for the user to have and mark the relevant objects as feedback after
the first query.

We estimate the weighting factor for each FV using the variance of relevant objects’ distance
and the maximum rank of the relevant objects, which are given by the user during RF iteration. The
RF algorithm makes use of relevant objects as multipoint queries such that make it possible to find
similar object in different clusters. The algorithm also employs extended exclusion set incorporating
with exclusion set to push prospectively irrelevant objects away from the query. The experimental
results show that the RF technique using distance integration (DI) significantly improves the
precision of retrieval result only with the small number of RF iterations.
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