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(rBlL =) Risfl* 2 BTV St R fund F o F T oo

(b)
B+ - () 3 bk Rori e kiR R Fo ik o (D) F 2 B fjehiF R R[15] -
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AN - FRLEN AT o kA - BT e L7 7 3D EAITA L 2D Ak
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Blte (@ M=ZBighsnlgd oz BLa > 4850 o (b)3D & #A] X e 2D A5k 3 o
(C) 3+ & R BI|*hA)npEd o (d) = B A gha W E 7 F 2 5 BIAFH[L9] -

3) A5k 4 i (spatial shape descriptor) :

Osada et al. [20,21] # 3D A @ A5k &~ i (3D shape distributions) =7 ;% o3& & @ A5 4k &
5% (shape function)3 T 7|7 6 - A3~D1-D2~D3~D4(4rB+ 7 ) AW £ L L5 A3 &
3D HA|l prlciEPz BREATAL Achd R oDl B o BT A HCRE % L BGE Bl
%}%F‘ TR B E BB B S B R 0 D20 & 3D WAl B P EcER T A BB S 2
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(@) (b) (©) (d) (€)

B3 a3 §753a)A3 (b) D1 (c) D2 (d) D3 (e) D4[20,21] -

1

MPEG-7 © #8~ 3D #-4| # e 2 2 4 & g2 L4 3D HAf347 & se— 5355 #0400
S B chd oo RIS MR B F I aE g B 2 Bl (histogram) ¥ T4k & P2 H i
2o HAKHIA LA™ LA LG T e s i B 2 (Smooth Subdivision Surfaces)[22] - &
T k3 EE - BT a0d F(curvature) 0 2 H T 352 5 § (mean normal vector) o et v R A2
BA enA 5k g 51(shapeindex) o 32 5 Dk ek 21 E € Flad docd A @ G ATICR o B
hodw G FIRT wend g A ehzg Bl E Dk enA Rk er i € 4BITY 05 0 6 R IR L end k) eh
o Pl E D kAR EABITY L(4e Bl 2 ) o FUHRBE ALK B 5] 0 AT gy

3D -3l ek g -

B+ = MPEG-7 ¥ #5 3D #-4| 75,3 2 51 = % B[23]

4. B3 ik

aisd 3D BRI &k s@ o ¥ 3F ¥ Principal Component Analysis(PCA) 1~ ;2 » £473D
BAlha b gt g 0] o @A GPCA RE o A1 BRI = & P i BRI kY
a #h (Principal axes) » e B -- = Z 6] T XD P ot 2L AFSe 0 JER Y 2F S ahz
£ R RAT Aot 2 & F A AR 332 1 et B ok £ - Papadakis[5]# 11 A &
FRe3D HABEDE > FRABREE L - cadk i EA G ARAE AT = 4
P o s L @ k3t E 4 #h (Continuous Principal Component Analysis, CPCA) 12 % & * %
A= & FeH s F k3 E 3 #h (the PCA on the normals of the model’s faces, NPCA ) - £
5 CPCALNPCAR ffic it 12 en3D #73] > B TP FHE d (F o 5 fS > B fAfr & 2
PRI e m A A Kk o

Fpt e # e HEkRF €3 F#/ 4T Grid-based Principal Components Analysis

(GPCA)¥ 3 3D H-3]%r & e o> 2 R B0 im0 7 24 ehd ) 3D H03) envh 4 o
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& PRI §BF - BT BAghoF g F 5z & RS AP AP B
et AR o fL RF] 3D WA IR 0 @R - BT 0 38 0t h3D R
A h A RaEE P % & Continuous Principal Components Analysis (CPCA)+4= Normals
Principal Components Analysis (NPCA) > = faficit 77 2 & 5 BB fI* Z fafs 03 % >
FF AR T A FA SRR (AeBl N ) e LA AT
Bk ARG BT S N A u RF 2 e B4oT

s° :(Sgpcusgp C’ASSP c,) ’
EERE G Al S A 2 NI AR RELE e 40T

5% = (S8 Son: Siten )
B Ltz (8 Bz BB ehkd (FE S G g T o

D(S?,5% )= min{L, (SSca, S&%ea ) Lu(SScn - Sooen ) Li(Shcn Siea )}

(@) (b)

Bl = @42 3DHAD)ES L =z & 546

Matching
GPCA 8= > GPCA
N Matchin
/‘C\‘ . B - X og = .
y CPCA” ‘ +-—> & O
y = y
Matching
NPCA NPCA
+—>

Bl ~ GPCA -~ CPCA 4r NPCA z [ ehffe It frit %f o
AT 2 00 0 50 A R PIECA AC ATRR AR REACR A P R R - e ]
3] = 128x128x128 et » 4ol = - - (b)#7or o - 3D AP E ¢ o # B0 7(64, 64, 64) 1
¥ o F i 3D AR F ok Il Y T opedE L 32 4ol 4 ()7 o A5 3D
BADFE L FE 2 2 fen? o
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B4 D 063D B et b e i (@doh 2 e B 3D Eal (b)n A 3D
1]—;}7’, (C)J} v 3D A {8 e

BRI B S E YL Z B

(1) % & 3D-ART(Density 3D-ART Descriptor) -

(2)3D -] # Z & 4% (3D Discrete Curvelet Transform ) -

(3)3D & > 3 #& 4 (3D Fourier Transform) -
(1) % & 3D-ART(Density 3D-ART Descriptor) :

hizitF ¢ g & 3D-ART # #z(Density 3D-ART Descriptor) #_4- %+ & 4 1 3D-ART[13]
faredod B %% 5 - B 3D #3173 128x128x128 w4 Bl = - — #17 0 & 8 1B 2x2x2
A e 2 (tiny voxel)ﬁ%‘u:@gg = — B E 7| %t (coarser voxel) » 4ol = L #777 » #3°= B 3D i
Al 0 357 7 0] 64x64x64 B E ARt hoBl o S (D)Tm o A F BRI Y 5 3D #F] F if
Ul e ér_frf;:tz_ﬁb ARG 1o TinyVoxel(x,y,z) =1 (% & s Hcd) e 5 7 saie ) & 2 i3]
$ﬁﬂg¢3DﬁyﬁgmﬁvﬁgoaHWWmWMazow@%&wﬁﬁﬁéﬁﬁ$%%
FBEARERY oA R OBE YL EEAeRAR A E FRIS[0~8] -

& &

(@) (b)
B+ 3D 3 (a)*~ = 128x128x128 i) e 4 (D)F 2x2x2 enjic | s & B 2 - B E 7

e o A5 64x64x64 hE A et o

Bl- L - 2x2x2 enpic et o £ - BE AR o

$ e & 3D-ART 3 F(n,m,,m ) 2 & 4e
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F(nm,m,)= LZEL” Eanm,gmq, (p.6.0)(p.0,0)pdpdode
f(0,0,0) 5 AL 5 R > Voo (0,0,0) L8 & 3D-ART Frecnzh & st o & &3¢ 8
B BAEBRILE - BIER

Vimm, (0,0,0) = A, (O)A, (9)R, (p)-

bR Afofo B gk A g8 A W] R BT

A 6)=—exp(2m,0)
T

?

A ()= exp(2im, )

1 ,n=0
R"(p)z{ZC 0@ ),n=0

145 % & 3D-ART # g @57 mirlic > £ ¢ [Flnm,m | £ 4+ 0<n<2,0<m, <4
0<m,<4 (47 n=0,m,=0,m, =02 ) £ 1% & 3D-ART Frfc L& 4T ¢

VED AT = [VED T (1), VAT (2),. AT ()]

m20I1l2 3|4012[3|4 1‘2 3|4
By 0 4 3 B 3
MR- db-ah.ah: b AR zah=a 2% "E e s s
o[ B B 36 3 L3 OF T 36 8 B o 2 8
A A TR AR AR TR X AR AR TR A SRR A
L% 4 36 26 0 4F o 55 45 49 49 5 45 9

Bl- ~ - %B3D-ARTHAA &3 o

% & 3D-ART 4 jc4p i B v ¥

2 ke B 3D-ARTH s i vt 4 o VOARTLoy AR T4 v 2 % 2% % 2 3D-ART#

Hc? hh A BEAIgfe v At e £ 0 A Ao HEER 2 B mﬁﬁéﬁ—ﬁ} T HK AT
/4

3D ART,y Z‘ 3D-ART (k) — yBD-ART (k)‘

k=1
(2) 3D | o F gk 3 paE B
A F Y o #3D ) o F 8 4% (3D Discrete Curvele Transform)[23,28] /& * »+3DHi-3] #&
% o ¥ - B3DHA F(X,y,2) 3D/ o F i 5 enia i CP (), LK) #at i s % = m e

TLHRACT

C°(j, LK) := > T (XY, 2)pD (%Y, 2).

M,Ny,Ng
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2 j,leZ, k=(k,k,ky), &R 15 4R > ~kEZFAEE - f(Xxy,2)53D8T -
FRA, 0<X,y,zsnea AR P &g, 25 5

oo ap Bl HeEREGeE (=) 5d B2 ERBEEFOAR I E 40T

(w) .
Dok (@) = Ui exp[-2a(k@; [ Ly, +k0, /Ly, +keay /Ly, )]
\/L110 2v-0.L3v-0
He 0<k <L, 0<k<L,;,0<ky<Lly; ~#MFHRE (frequencywmdow)U v H R E AT

U, 0(@) =Wy, (@).

¥+ 527k & (Cartesian coronae)W,O(a)) TERACT
W, (0)-0, (@),

2P O (0, 0,,0) =27 @) $(27 w,) - $(27 ;).

Sofar A B R R (< <)) Ed &2 E R g R S E e

U, (@)
]Ik( )_
Y \/Lljl 2]I 3j|

29 0<k <L, ,0<k, <L, 0<k, <Ly, o 48 54 (frequency window)U,, » % sk 4v

-exp[-27(k, o, / L+ K., L, i+ k3w3/L3,j,I)]-

U, (@) =W, (@) V(o).
tlig 2w Lo, B)5 x> WP i w a2 #(wedge) > 4rBl= + = (b) >

& 4% (angular WlndOW)le(a)) P 4T

\7|(a)) :\7(2“2 .M}V(zim W~ 'a)lJ
N

2] 2]

& + 527k 3 (Cartesian coronae)W, (@) » B] 2 4c :
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ABSTRACT

In recent years, the demand for a content-based 3D
model retrieval system becomes an important issue. In
this paper, the cylindrical projection descriptor (CPD)
will be proposed for 3D model retrieval. To derive
better retrieval results, the CPD will be combined with
the radial distance descriptor (RDD). The experiments
are conducted on the Princeton Shape Benchmark (PSB)
database. Experiment results show that our proposed
method is superior to others.

1. INTRODUCTION

Recent development in advanced techniques for
modeling, digitizing and visualizing 3D models has
made 3D models as plentiful as images and video.
Therefore, it is necessary to design a 3D model
retrieval system which enables the users to efficiently
and effectively search interested 3D models. The
primary challenge to a content-based 3D model
retrieval system is how to extract the most
representative features to discriminate the shapes of
various 3D models [1].

Vranic et al. applied Fourier transform to the sphere
with spherical harmonics to generate embedded
multi-resolution 3D shape features [2]. To be rotation
invariant, pose normalization must be conducted prior
to feature extraction. Therefore, Funkhouser et al.
proposed a modified rotation invariant shape descriptor
based on the spherical harmonics in which no pose
normalization is needed [3].

Some features to represent the 3D models are based
on the histograms of geometric statistics. Ankerst et al.
tried to search similar 3D models using shape
histograms which characterize the area of intersections
of a 3D model with a collection of concentric shells and
sectors [4]. The MPEG-7 shape spectrum descriptor
(SSD) [5] calculates the histogram of the curvatures of
all points on the 3D surface. SSD represents the
distribution of geometric characteristics and is robust to
tessellation of 3D polygonal models. Osada et al. [6]
proposed five features, A3, D1, D2, D3, and D4, to
represent 3D models by the probability distributions of

geometric properties computed from a set of randomly
selected points located on the surface of the model. For
instance, D2, the best feature among these five features,
is the distribution of distances between two random
points. However, these features are invariant to
tessellation of 3D polygonal models. Thus, Shih et al.
[7] proposed grid D2 (GD2) to improve D2. A 3D
model is first decomposed into a voxel grid. The
distribution of distances between any two randomly
selected valid grids is measured to represent a 3D
model.

The 3D models also can be described by its 2D
silhouettes from different views. Users can find similar
3D models by 2D shape features. Super and Lu [8]
exploit 2D silhouette contours for 3D object
recognition. Curvature and contour scale space are
extracted to represent each silhouette. Chen et al. [9]
proposed the LightField descriptor (LFD) to represent
3D models. The LFD is computed from 10 silhouettes.
Each silhouette is represented by a 2D binary image.
The Zernike moments and Fourier descriptors are
employed to describe each binary image. In fact, 2D
silhouettes represented by binary images can not
describe the altitude information of the 3D model from
different views. Shih et al. [10] proposed the elevation
descriptor (ED) to represent the altitude information of
a 3D model from six views. However, LFD and ED
represent only the exterior shape of 3D model without
capturing the interior shape information.

Kuo and Cheng [11] proposed a 3D shape retrieval
system based on the principal plane analysis. First, by
projecting the 3D model onto its principal plane, a 3D
model can be transformed into a 2D binary image. The
feature vectors are then extracted from the binary shape
image. However, using only one 2D binary image can
not represent a complex 3D model well. Therefore,
Shih et al. [12] proposed the principal plane descriptor
(PPD) to describe a 3D model with three 2D binary
images by projecting it on the principal, second and
third planes. The proper feature vectors can be
extracted from three binary images to do 3D model
retrieval.

Novotni and Klein proposed a 3D shape retrieval
method using 3D Zernike moments, which is naturally
an extension of spherical harmonics based descriptors
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[13]. Ricard et al. [14] presented a 3D shape descriptor,
the 3D Angular Radial Transform (3D-ART) for 3D
model retrieval. First, the 3D models are represented in
spherical coordinates. Next, a Principal Components
Analysis (PCA) is applied to align the 3D models along
the z-axis. Then, the 3D extension of MPEG-7°s ART
[15] is applied to extract feature vectors.

Mademlis et al. [16] decomposed 3D models into
meaningful parts and an attributed graph was
constructed based on the connectivity of the parts. Then,
the 3D Distance Field Descriptor (3D-DFD) was
computed and associated to the corresponding graph
nodes for partial and global 3D model retrieval.

Papadakis et al. [17] proposed two shape descriptors
for 3D model retrieval. The 3D model was first aligned
by continuous PCA (CPCA) or normal PCA (NPCA).
In CPCA, the traditional one, the principal component
is analyzed based on the covariance matrix computed
from the coordinate vectors of the vertices, whereas in
NPCA the covariance matrix is computed from the unit
normal vectors of the mesh surfaces. The spherical
harmonics was then applied on the filled 3D model to
extract two feature vectors from the CPCA and NPCA
aligned models separately. Vranic and Saupe proposed
a modified PCA which used the corresponding triangle
areas as weighting factors for covariance matrix
computation [18]. The directions of 20 vertices on
dodecahedron and the distances computed from the
center point to the farthest intersections were used as
features to index similar 3D models.

Zarpalas et al. [19] proposed a 3D model retrieval
method using 240 (12x20) 2D gray-level projection
images, which are obtained by projecting a 3D model
onto the 240 planes rendered from the 12 vertices of 20
icosahedrons with different radii. Features were
extracted from these gray-level images and combined
to improve the performance. Another 3D model
retrieval system used 20 depth images rendered from
the 20 vertices of a dodecahedron [20]. The depth
information of a pixel in each depth image was
encoded as a 5-level character. Each row (depth line) in
the depth image is then represented as a sequence of
depth information. Dynamic programming was then
used to compute the distance between two depth line
descriptors.

In this paper, the cylindrical projection descriptor
(CPD) will be proposed for 3D model retrieval. To
derive better retrieval results, the CPD will be
combined with the radial distance descriptor (RDD)
[21]. The rest of the paper is organized as follows. In
Section 2, the proposed 3D model retrieval method will
be described. In Section 3, gives the experimental
results to show the effectiveness of the proposed
features. Finally, conclusions are given in Section 4.

2. THE PROPOSED 3D MODEL RETRIEVAL
METHOD

In this study, two descriptors, including the radial
distance descriptor (RDD) [21] and the cylindrical
projection descriptor (CPD) are used for 3D model
retrieval. Before extracting the feature vectors, the 3D
model is aligned according to the principal plane [12].

2.1 Radial Distance Descriptor(RDD)

The main steps for computing the radial distance
descriptor [21] are described as follows:

(1) 3D model is aligned by it’s the principal plane [12].
The principal plane is defined as the symmetric
plane on which the sum of distance of all points
projected is minimal.

(2) The bounding cube is then decomposed into a voxel
grid of size 100x100x100 (see Fig. 1). A voxel
located at coordinates (x, y, z) will be defined as an
opaque voxel, notated as Voxel(x, y, z) = 1, if there
is a mesh located within this voxel; otherwise, the
voxel is defined as a transparent voxel, notated as
Voxel(x, y, z) = 0. To normalize for translation and
scale, the object’s mass center, is moved to the
point (0, 0, 0) and the average distance from
non-zero voxels to the mass center is scaled to 25.

(3) Six projection planes (see Fig. 1), which describe
the radial distance from the 3D model surface to the
mass center (see Fig. 2), are derived to represent a
3D model. Each projection plane is represented by a
gray level image in which the gray value denotes
the distance from an opaque voxel to the mass
center (see Fig. 3). Let the six projection planes be
notated as Iy, k =1, 2,...,6. Then ,the gray value of
each pixel on these images is defined as follows:

1,(x,2) = L|11yzilg<0(R(x, y,z)Voxel(x, Yy, 2)),

for—50 < x,z <50,
for—50 < x,y <50,

|3(y1 Z) = ggg%(R (X1 yv Z)VOX6|(X, y: Z))l
for—-50<y,z <50,

1,(x,2)= max 1(R(x, y, z)Voxel(x, y,2)),

| gyg,

for-50<x,z <50,

(X, y)= 75r(rJ1ax71(R(x, y, z)Voxel(x, v, 2)),
for—50< x,y <50,

I, (y,2)= 7Srpax71(R(x, y, z)Voxel(x, y, 2)),
for—-50<y,z <50,

where R(X,Y,z) =+/x* +y*>+2°.
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Fig. 1 The six views of 3D racing car model.

VY

Fig. 2 The PO, QO, and RO represent the radial
distance from the 3D model surface to the mass center

Fig. 3 3D racing car model and its six gray-level
projection planes. (a) The front plane I, and the rear
plane 1. (b) The top plane I, and the bottom plane Is.
(c) The right plane I3 and the left plane Ig.

(4) The MPEG7’s angular radial transformation (ART)
[15] is used to extract the feature vector from each
projection plane. The ART descriptor consists of
the magnitudes of all complex ART coefficients. In
the MPEG-7 standard, the suggested ART

descriptor consists of 35 coefficients, |kaRT (n, m)| ,
for0<n<2and 0 <m< 11, excluding n = 0 and

m = 0. In summary, the radial distance descriptor
(RDD) is defined as:

rdd =[(rrd,)",(rrd )", ....(rrd )],

where rdd, 1<k <6, is the ART feature vector

extracted from the k-th projection plane:

rdd, =[rrd, (1), rrd, (2),...,rrd, (35),1
=[|f.0,),....| f, (0,11)],] f, (1, 0)],

f @ 1D)],| £, (2,0)),....| f (2, 1D)]".

2.2 The Cylindrical Projection Descriptor (CPD)

The main steps for computing the cylindrical
projection descriptor (CPD) are described as follows:
(1) 3D model is aligned by it’s the principal plane [12]

as Sec 2.1.1.

(2) A cylindrical projection can unfold a portion of the

surface of a sphere into a flat plane. (see Fig. 4).

As shown in Fig. 5, and 6, the three gray-level

images Fy, F,, F3, can be obtained by mapping the

PO value on the flat planes by three directions: X,

y, and z.

Fig. 4 The cylindrical projection.

(3) 2D-FFT (Fast Fourier Transform) is used to extract
the feature vector from three 256x128 projection
images (see Fig. 6). The FFT descriptor consists of
the magnitudes of the first 32x32 FFT coefficients.
In this paper, the FFT descriptor consists of 1024

coefficients, |koFT (u, v)| ,for0<u<3land0<v<
31. In summary, the cylindrical
descriptor (CPD) is defined as:

cpd =[(cpd,)", (cpd,)",(cpds)" T
where cpdy, 1< k < 3, is the feature vector extracted
from the k-th projection.

cpd, =[cpd, (1), cpd, (2),....cpd, (1024), 1"

=[,(0,0)...,|f, (0,31),| f, (1,0O)],

f, @ 31),|f, (3L 0) f (3L 31"

projection

ey y yoeny




4
£

Fig. 5 The cylindrical projection descriptor. PO
represent the distance from the 3D model surface to the
mass.
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Fig. 6 The three gray-level image Fi, F,, and Fs, are
obtained by the cylindrial projection.

2.3 Distance Computation

Let rdd =[(rdd,)", (rdd,)", ..., (rdd,)"]"

rdd® =[(rdd?)", (rdd%)", ..., (rdd?)"]" denote the
RDD of a query model and the b-th matching model in
the database, respectively. The distance between the
query model and the b-th matching model is defined as
follows:

Dis’p = zurdd —rddb"
RDD k=1
zznrdd (i) - rdd® (|)||
RDD k=1 i=1

where Ngyp =6x36 CPD is defined as:

Let cpd=[(cpd,)", (cpd,)", (cpd;)"]"  and
cpd =[(cpd?)T, (cpdb)™, (cpds)™]" denote the CPD
of a query model and the b-th matching model in the

database, respectively. The distance between the query
model and the b-th matching model is defined as

follows:
Z"de —cpd""

CPD k=1
3 1024

Zzncpd (i) — cpd; ()]

CPD k=1 i=1

b
Dis cPD T

where Ngp =3x1024. Finall we use three kinds of

similarity measure methods to combine RDD and

CPD:

1) sim} :%

Dis pop + Dis &pp

2) Use the Borda Count Algorithm [34] to combine
the RDD and CPD:

1
Rank s, + RankZep

Sim} =

where. Rankp,, and RankZ,, are the retrieval

rank values of the b-th matching model for the
RDD and CPD, respectively.

3. EXPERIMENTAL RESULTS

To demonstrate the effectiveness of the proposed
method for different 3D models, some experiments
have been conducted on the Princeton Shape
Benchmark (PSB) database [23]. The PSB database
contains 1814 models (161 classes) which are divided
into 907 training models (90 classes) and 907 test
models (92 classes). Note that in this database the
number of models is different for each class. Since the
number of models in each class is different in the PSB
database, the recall value (Re’) for the j-th query

model in the i-th class is defined as follows:
Re] =N/ /N;,
where Nij denotes in the retrieval list the number of

models labeled as class i and N; is the total number of
models in class i. The average recall values is defined

as follows:
92 T

ZZRe'

5 i=1 j=1
where T, = T; + T, + ... + Tg. The Discounted
Cumulative Gain (DCG) [28], will also be employed to
compare the performance of different approaches. DCG
at the k-th rank is recursively defined as follows:

DCG, , + k__ k>2
DCG, = log, (k) ,

L, k=1
where L,=1 if the k-th retrieval model and the query
one belong to the same class; otherwise, L=0. The
overall DCG score for a query model q is defined as
DCG, _,where kpa is the total number of models in

the database. DCG is clear that if the top-ranked
models and the query one are of the same class,
DCG, _ will be larger than the retrieval result with

similar models appearing in the bottom of the retrieval
list.

In our experimental, each model in database is
presented as a query one. Table 1 compares the



retrieval results of the proposed method with other
descriptor. It also shows that the combination of RDD
and CPD outperforms other descriptors in terms of the
average recall value and DCG. The combination of
RDD and CPD using the second similarly measure,
Sim,, has the best recall and DCG values. Moreover,
we compare the retrieval performance of our proposed
method with another state-of-the-art descriptors in
Table 2. We can also see that the proposed method
outperforms these descriptors in terms of DCG.

4. CONCLUSION

With the development of computer graphics and
virtual realities, the demand for a content-based 3D
retrieval system becomes urgent. In this study, two
features, the radial distance descriptor (RDD) and the
cylindrical projection distance (CPD) are combined for
3D model retrieval. The experiments have been
conducted on the Princeton Shape Benchmark (PSB)
database. Experiment results show that the proposed
methods are superior to others.
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Table 1. Comparison of the proposed and other
descriptors on the PSB database in terms of the recall
value(%) and DCG(%). N_ denotes the number of
retrieval models.

Re Re

Method (N=T) | (N=4T) DCG

RDD 41.71 62.05 71.60
CPD 36.91 55.59 67.59
RDD+CPD S!ml 43.53 62.27 72.05
Sim, 42.75 61.75 71.15

ED[22] 35.48 56.03 67.04
AED [24] 38.61 60.29 70.29
DED[22] 36.19 55.87 66.92
CED[22] 37.32 57.80 68.04
PPD [12] 34.23 55.35 65.86
SH [3] 27.06 41.02 58.35
SSD [5] 15.87 26.64 48.07
GD2 [7] 28.30 47.61 60.91

Table 2. Comparison of the proposed method and other
descriptors on the PSB database in terms of DCG(%).
(Note that the approaches marked with * are
implemented by Akgul et al. and originally appeared in

[28])

Method DCG Method DCG
RDD+CPD | Sim; | 72.05 | DSR [27]* 66.50
EGI [25] 43.80 | DBF [28] 65.90
CRSF [17] 66.80 | DSR+DBF [28] | 70.20
LF [9] 64.30 | SWD [29]* 65.40
SH-GEDT [26] 58.40 | SIL [27]* 59.70
DBI [27]* 66.30 | 3DHT [30]* 57.70
RISH [11]* 58.40 | CAH [31]* 43.30
SHIST [13]* 54.50 | REXT [32]* 60.10

AVC [33] 60.20
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