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Abstract—In this paper, we present an approach that simulta-
neously clusters images and learns dictionaries from the clusters.
The method learns dictionaries and clusters images in the radon
transform domain. The main feature of the proposed approach
is that it provides both in-plane rotation and scale invariant
clustering, which is useful in numerous applications, including
content-based image retrieval (CBIR). We demonstrate the effec-
tiveness of our rotation and scale invariant clustering method on
a series of CBIR experiments. Experiments are performed on
the Smithsonian isolated leaf, Kimia shape, and Brodatz texture
datasets. Our method provides both good retrieval performance
and greater robustness compared to standard Gabor-based and
three state-of-the-art shape-based methods that have similar
objectives.

Index Terms— Clustering, content-based
(CBIR), dictionary learning, radon
invariance, scale invariance.

image retrieval
transform, rotation

I. INTRODUCTION

N RECENT years, sparse representation has emerged as

a powerful tool for efficiently processing data in non-
traditional ways. This is mainly due to the fact that signals
and images of interest tend to enjoy the property of being
sparse or compressible in an appropriate dictionary. In other
words, they can be well approximated by a linear combination
of a few elements (also known as atoms) of a dictionary.
The dictionaries can be composed of wavelet or Fourier basis
functions or can be learned from data. It has been observed
that dictionaries learned directly from data provide better
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representation and hence improve the performance on many
practical applications such as restoration and classification
[1]-[4].

Dictionaries can be learned for both reconstruction and
discrimination applications. In the late nineties, Etemad and
Chellappa proposed a linear discriminant analysis (LDA)
based basis selection and feature extraction algorithm for
classification using wavelet packets [5], and Phillips pro-
posed a dictionary method for face recognition [6]. Recently,
algorithms for simultaneous sparse signal representation and
discrimination have been proposed [2}-[14]. Additional tech-
niques may be found within these references.

Dictionary learning techniques for unsupervised clustering
have gained traction in recent years. In [15], a method for
simultaneously learning a set of dictionaries that optimally
represent each cluster was proposed. To improve the accuracy
of sparse coding, this approach was later extended by adding
a block incoherence term in their optimization problem [16].
Additional sparsity motivated subspace clustering methods
include [17]-[19].

Invariance to rotation and scale are desirable in many
practical applications. One important application is image
classification and retrieval where one wants to classify or
retrieve images having the same content but at different
orientation and scale. For instance, in content based image
retrieval (CBIR), images are retrieved from a database using
features that best describe the orientation and scale of objects
in the query image. Gabor filters have been used to extract
features for retrieval and classification [20]. However, the
chosen directions of Gabor filters may not correspond to
the orientation of the content in the query image. Hence, a
feature extraction method that is independent of orientation
and scale in the image is desirable [21]. Wavelet-based meth-
ods have been proposed to achieve rotation invariance for
image classification and retrieval [22], [23]. There have also
been methods proposed to learn invariant dictionaries in the
image domain [10], [24], [25]. Recently, a shift, scale and
rotation invariant dictionary learning method for multivariate
signals was proposed in [26]. Hierarchical dictionary learning
methods for invariant classification have also been proposed in
[13] and [27]. These methods learn a dictionary in a log-polar
domain to be invariant to scale and rotation. A cellular neural
network-based method for rotation invariant texture has also
been proposed in [28].

Numerous descriptors have been proposed in the literature
that are invariant to image transformations [29], [30]-[33].
A shape matching approach based on correspondences
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between points on two shapes was proposed in [30]. This shape
context descriptor essentially estimates the shape similarity
and solves the correspondence problem. A shock graph-based
feature extraction method that uses object silhouettes was
proposed in [31]. The length of the shortest path within the
shape boundary (called inner-distance) was used to build shape
descriptors in [32]. These descriptors were shown to be robust
to articulation in complicated shapes. In [33], a feature extrac-
tion method based on features that characterize the geometric
relationships between each pair of images was proposed. This
method was shown to be invariant to articulations and rigid
transforms. Some of these methods are only shape-based and
require the extraction of shape contour. These methods do not
perform well on non-shape images such as textures.

In this paper, we present an in-plane rotation and scale
invariant clustering approach (box 1~3 in Fig. 1), which
extends the dictionary learning and sparse representation
framework (box 4, 5 in Fig. 1) for clustering and retrieval
of images. Fig. 1 illustrates the overview of the proposed
approach. Given a database of images {x;} jJ.:] and the number
of clusters K, our method uses the Radon transform to
find scale and rotation-invariant features. It then uses sparse
representation methods to simultaneously cluster the data and
learn dictionaries for each cluster. One of the main features of
our method is that it is effective for shape-based and certain
texture-based images. We demonstrate the effectiveness of our
approach in image retrieval experiments, where we report sig-
nificant improvements in performance. A preliminary version
of this work appeared in [34]. The following extensions have
been made to [34]:

1. We propose a normalization method validated by a
mathematical proof, to achieve scale invariance in the
Radon domain.

2. We propose a method to obtain initial classes and class
dictionaries in a deterministic way. We refer to our
in-plane rotation and scale invariant clustering using
dictionaries method as RSICD.

3. In the experiment section, we introduce both rotation and
scale variations to shape-based databases (Smithsonian
isolated leaf and Kimia) and compare RSICD with four
other state-of-the-art methods (LBP [35], BAC [33],
IDSC+DP [32] and SC [30]). We further demonstrate
the effectiveness of RSICD on a texture-based database
(Brodatz) by comparing it with three other texture-based
methods (Modified Gabor [21], DC [15] and LBP [35]).

The organization of the paper is as follows. A method based
on scale and rotation invariant features that are extracted using
the Radon transform is detailed in Section II. Our simultaneous
clustering and dictionary learning method is described in
Section III. Experimental results are presented in Section IV.
In Section V, we conclude the paper with a brief summary
and future research directions.

II. RADON-BASED ROTATION AND SCALE INVARIANCE

In this section, we show how the Radon transform is used
to achieve in-plane rotation and scale invariance (box 1 ~ 3
in Fig. 1).
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Fig. 1. Overview of the proposed simultaneous clustering and dictionary
learning method.

A. Estimating the Rotation Present in an Image

The Radon transform of a two variable function x is defined
as

o0
Rgx(t):/ x(tcosf — ssinf, tsinf + scosf)ds (1)

—00

where (¢, 0) € (—o0, 00) x [0, 7). Fig. 2(a) illustrates how the
Radon transform is calculated. We use (1) to compute the value
at any given point (8, ¢) in the Radon domain by integrating
along the line: (u,v) = (tcosf — ssinf, tsinfd + scosb),
Vs € R. If x is a rotated copy of x by an angle 0, then a
simple proof shows that their Radon transforms are related as

Rox(t) = R9+éx(t) Ve, 6. 2)
For directional texture images, the principal orientation is
roughly defined as the direction where there are more straight
lines. The Radon transform can be used to detect linear trends
in images. For general images, the principal orientation may
be taken as the direction along which the Radon transform
has the maximum variability. Let oy = Var,[Rypx(t)] denote
the variance with respect to ¢ of the Radon transform at 6.
In [36], oy was found to be useful in estimating the principal
orientation in an image. An important observation was that the
Radon transform along 0 has larger variations with respect to ¢
and hence the variance o is a local maximum along the ¢ axis.
Based on the observation, one can estimate 8 of a given image
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Fig. 2. (a) Illustration of how the Radon transform is calculated. Given any
point (u#,v) in the image domain, we can express « and v as: u = —ssin0,
v = s cosf for some s and @, where s is the distance between (u, v) and the
origin; and @ is the angle between the positive vertical axis direction and the
line passing through (#,v) and the origin. As indicated, a ¢-translated point
from (u, v) is located at (# cos@ — ssinf,tsin@ + s cos ). t is the distance
between the line that passes through (u,v) and the origin, and the parallel
line that passes through (fcos@ — ssiné,¢sin@ + scosé). (b) In practice,
the Radon transform of an image is represented as a matrix called sinogram,
where the column indices correspond to discrete values of @ and row indices
correspond to discrete values of 7. § and ¢ are the two continuous variables
of Ryx(t) given in (1).

% from the following formula!

A~ _ (d?0g

0= argn}gm( 102 ) 3)
The global minimum of the second derivative of oy is com-
puted in order to locate the angle at which the change rate
of the first derivative of gy is the maximum, which represents
the maximum number of line trends (i.e., along the principal
orientation where the local maximum is the narrowest in shape,
as indicated by Figs. 1(b) and (d) in [36]). Once the orientation
is estimated, this estimate and (2) can be used to align the
rotation in the Radon domain. Hence, we achieve rotation
invariance.

In practice, the Radon transform of an image is represented
as a matrix, called a sinogram. Fig. 2(b) gives the illustration
of a sinogram. In a sinogram, column indices correspond to
discrete values of 8, while row indices correspond to discrete
values of 7, where 6 and ¢ are the two continuous variables of

In this paper, we apply this approach not only to directional texture images,
but also to other isotropic textures (any direction is the principal orientation)
and shape-based images.
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Fig. 3. For the rotated images present on the first row, the plots on the second

row show their d 0629 (along the vertical axis) versus 6 (along the horizontal
axis). The seconcfj row plots indicate that the difference between the points of
global minimum of both curves preserves the rotation present in the second
image.

Rox(t) given in (1). og is the variance computed from values
of the column that corresponds to angle 6.

Fig. 3 illustrates how the sinogram is used to estimate the
angle present in an image.> The second image shown on the
first row of Fig. 3 is a rotated copy of the first image by
30°. The plots on the second row are the second derivatives
of variances oy (vertical axis) versus 6 (horizontal axis) of
their sinograms, where oy is the variance over all entries in
the column that corresponds to 6. It may be noted that the
difference between the points of global minima of both curves
is 30°, coinciding with the rotation present in the second
image. Consequently, the estimate presented in (3) is useful
for estimating the presence of rotation in the images.

B. Scale Invariance

Let x be a scaled copy of x with the scaling factor ¢ such
that x (u, v) = x(&u, &v). We can relate their Radon transforms
as follows:

(.¢]
R,g)?(t):/ X(tcosf — ssinf, t sinf + s cosf)ds

—00

o
:/ x(&tcosf — Essinf, £t sinf + Es cosB)ds

—00

= éRgx(ft).

From the above equations, size scaling in the image domain
results in scaling and normalization of the Radon trans-
form. From this observation, scale invariance can be achieved
through the following normalization in the Radon domain:

M%ERei (Tx1) 4)

2http://www.ﬂowersofpictures.com/wp—content/uploads/ZO1 1/07/Lily-
Flowers.jpg.
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where
M; & m%x |Rox ()|
1,
and
Ty = inf{T|Rpx(t) =0V]t] > T,0 € [0, 2x)}.

Based on this formulation, one can derive the following
result:

1) Proposition 1: Let ) be a set of functions related by
different scales. For any pair x, x € ) related by x(u,v) =
x(&u, &v) where & > 0, the following holds

1 _ 1
ER@)C (Tjt) = ER@X (Txt) .

Proof: For any pair x,x € )Y related by x(u,v) =
x(&u, &v) where & > 0, we have

M; = ma€x|R9i(t)|
t,
_ 1
= ntl,;agx |ER9x(§t)|
= %I?%XIRM(&)I
= %max |Rox(7)|(let = = ¢t)
> 7,0
=M, 5)
and
T = inf{T|Rg)E(t) =0Vt >T,0 €[0,2r7)}
1nf{T|§Rgx(§t) =0V|t|>T,0 €[0,27)}

— inf{T|Ryx (1) = 0 V|t| > T,0 € [0,27))
— inf{T|Ryx (1) = O VIEt] > €T, 0 € [0, 27)}

= éinf{é‘Tlex(é‘t) =0V|&t] > €T, 0 € [0,27)}
= éinf{Tngx(z) =0V|z| > T',0 €[0,2r)}
(et T' =¢T, 1 = ¢)

1
= -T,. 6
: (6)
Therefore,
L oy = £ I,
a Rox (R0 = R (s )
My & 5
= Mingx (Tyt). @)

|
As the above result holds for any pair of x,x € ), we have
shown the invariance of —Rgx (Tzt) over all x € ).

Fig. 4 illustrates an example of scale alignment in the Radon
domain. Figs. 4(a) and (d) show the flower images with the
same orientation but in different scales. The corresponding
sinograms are shown in Figs. 4(b) and (e), respectively. The
corresponding normalized sinograms obtained according to (4)
are shown in Figs. 4(c) and (f), respectively. As can be seen
from the figure, after the adjustment, the resulting sinograms
are scale-aligned to each other.
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(d) © )

Fig. 4. Alignment of sinograms (a) and (d) show the flowers images with
different scales. (b) and (e) Show their corresponding sinograms. Sinograms
obtained after normalization are shown in (c¢) and (f). Note that after the
adjustment, the resulting sinograms are closely scale-aligned to each other.

III. SIMULTANEOUS CLUSTERING AND
DICTIONARY LEARNING

In this section, we present the proposed rotation and scale
invariant clustering and dictionary learning framework. Our
method learns dictionaries and clusters images in the Radon
domain. Let {x j}]l-zl be the database of images represented as
vectors and K be the number of clusters. x; is a Z; x 1 column
vector representing the jth image, where Z; is the image size
(i.e., product of width and height in pixels). Let C £ {C}K_,
denote the collection of K clusters such that Cy, is a cluster that
contains images belonging to the kth class. Given an image
x; and its estimated orientation 0 ; that is calculated from the
discretized version of (3), we use a Zg x 1 column vector
R X to denote the (column-vectorized) vector version of the
column shifted, scale normalized sinogram, where Zg is the
sinogram size (i.e., product of width and height in pixels).
This sinogram is obtained by left shifting columns of the scale
normalized sinogram of x; by é Let Cy be a Zp x Lj matrix
containing Rj xjs as columns, where Li is the population
size of Ci (1e number of images in Cg). Let Dy be the
class dictionary learned from Cy such that Dy is a Zg x di
matrix where dj is the number of dictionary atoms. Define
D = [D;...Dg] as the concatenation of class dictionaries.
Note that C; is the matrix with columns as vector forms of
kth-class images’ sinograms. Table I gives a summary of the
notations.

Our objective is to simultaneously cluster the data into K
groups and learn the best dictionaries for each cluster by
solving the following optimization problem

@)
where w1, u2 > 0, and |.||; denotes the £; norm, « is
the representation vector and Ji(e) is the masked version
of o such that its only nonzero entries are those of o that
correspond to the kth dictionary. Here, dy is the variance of the
column corresponding to @ of the scale-normalized sinogram
of x. In other words, 6y is the variance of the first column of

d%Gy

[min Z me[ IRox—Do@l3 + i llclli + 2| —o5

Y= 1xeCy




2170

TABLE 1
SUMMARY OF NOTATIONS

[ Variable | Definition | Dimensions | Domain |
x; a column representing the jth 7 x 1 image
image
a cluster that contains X ;s .
J
Cu belonging to the kth class Zr > Lk 1mage
Z] X
C the collection all Cys image
k (Zk= 1 L) &
column form of the
Ré.x j column-shifted, scale Zg x 1 Radon
J normalized sinogram
a matrix with Ré X;js as
Cy J ZR X Ly, Radon
columns
the class dictionary learned
Dy from Cy Zp x di Radon
the concatenation of class ZR X
D dictionaries Dys (Zfi 1 di) Radon

the sinogram that is column left-shifted (by ) version of the
scale normalized sinogram of x. According to (3), if 8 is not
the principal orientation, then the last term in (8) can never be
the minimum. Therefore, this term introduces a penalty due
to rotation misalignment. It uses 6y to estimate the presence
of rotation in images. Our approach for solving the above
optimization problem essentially consists of two steps: cluster
assignment and dictionary learning. Detailed descriptions of
these two steps are given below.

A. Cluster Assignment (Box 4 in Fig. 1)

Given dictionary DO = [Dgi) .. -DS? ] at iteration i, we
obtain the sparse representation of Rél_x j in D@ by solving
the following optimization problem:

ol = argmin ||[l; subject to Ry x; = DV, )
(0] J

Several approaches have been suggested for solving (9) [37].
In our approach, we employ a highly efficient algorithm that
is suitable for large-scale applications known as the spectral
projected gradient (SPGL1) algorithm [38]. Once the sparse
coefficients are found, x; is set to belong to cluster k if the
coefficients corresponding to the kth dictionary give the best
representation of the sinogram Réj X; [39]. In other words, if

k= arg min [ R; x; — DOs )3, j=1,...,J (10)

then x; is set to belong to CY¥. The motivation for this

consideration is that if x; belongs to the kth cluster, then the

dictionary corresponding to cluster k will represent R x; well.
J

B. Dictionary Learning (Box 5 in Fig. 1)

The K-SVD algorithm is a common dictionary learning
algorithm [1]. Given clusters {(C,((l)},f:l, we use the K-SVD
algorithm to learn the dictionary DU+ = [DYH) .. .D%H)].
In this section, we first detail the K-SVD principle. Then, we
show how it is included in the dictionary learning step of our
RSICD method.
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1) K-SVD Algorithm: Given a set of input examples (in a
column-vectorized form) {yf‘};z | belonging to the kth class,
the K-SVD algorithm finds a dictionary By that provides the
best representation for each example in this set by solving the
following optimization problem:

By, Ay) = arg min [|[Yx — By Agl%, s.t. [Asllo < To
By, Ak
(11)

where Ai; represents the column of Ag, Y is the matrix
whose columns are yﬁ‘ s and Ty is the sparsity parameter. Here,

the Frobenius norm is defined as ||A|Fp = ‘/Zij Aizj and
the norm ||A||p counts the number of non-zero elements in A.
The K-SVD algorithm alternates between sparse-coding and
dictionary update steps.

In the sparse-coding step, By is fixed and the representation

k .

vectors Ag;s are found for each example y; by solving the
following equation:

Vie{l,..,nVk € {1,..., K}

lth

ik p
gnnlbq — B3 such that [|Agllo < To
k.l

Vie(l,. n¥k e {1,....K}). (12)

As solving (12) is NP-hard, approximate solutions are
usually sought [37], [40]. Greedy pursuit algorithms such as
matching pursuit and orthogonal matching pursuit [41] are
often used to find the approximate solutions to the above
sparse coding problem [42]. In the dictionary update step, the
dictionary is updated atom-by-atom in an efficient way. The
K-SVD algorithm has been observed to converge in a few
iterations. '

2) Learning DD Having obtained clusters {(C,((l)},f:1 , we
update the dictionaries D,({ZH) with the K-SVD algorithm. In
particular, we find the best representation of the members in
C,((l) by solving the following optimization problem:

R .
(D, 1Y) = arg min IC{" = DTkl stlyillo < To
k

k>

Vie(l,..,Ly} Yke{l,.. K}
(13)

where F,EHI) is a di x Li coefficient matrix that contains p;s

as its columns. Here C,((i) , Lk, Dy and T'y in (13) correspond to
Yi, ng, Bx and Ay in (11), respectively. Note that each R@j X;

corresponds to a yf‘ for some k and [ in (11).

C. RSICD Algorithm

Our RSICD algorithm is an iterative approach, where there
are global iterations and local iterations. Each global iteration
consists of cluster assignment and dictionary learning. As the
K-SVD algorithm is used for the dictionary learning step, this
step further consists of local K-SVD iterations. In particular,
given C,((l) in the beginning of the dictionary learning step
in the ith global iteration, Dy in (13) is set by D,(;) . After a
few local K-SVD iterations, DU+ is obtained as the updated
dictionary for the next global iteration. We iteratively repeat
the cluster assignment and dictionary learning steps till there
is no significant change in {(C,(JH)}E:].



CHEN et al.: IN-PLANE ROTATION AND SCALE INVARIANT CLUSTERING USING DICTIONARIES

Note that (9) is used in each global iteration under an
error constraint to find the sparsest coefficients using the
concatenation of all class dictionaries, while (12) is used in
each local iteration under a sparsity constraint to find the
coefficients that give the minimum representation error for
each class dictionary.

D. Obtaining Initial Dictionaries

As one can see from the previous discussion, the perfor-
mance of our algorithm depends on the choice of initial dic-
tionaries. In this section, we describe a method for obtaining
the initial dictionary D©® — [Dgo) DR

Let L £ Emin }Lk be the minimum cluster population

size. To determine initial clusters {(C(lo), ey (C(,?)}, we propose
an approach that uses the Hamming distance between R; and
R; for any pair (i, j) € {1,2, ..., J}, where R; is the set that
c0ns1sts of R; x; and its L — l nearest neighbors. Algorithm
1 details our approach

Let S be the set that consists of Ry xj,j =1,2,...,J

(e, S = {Ry xj}j - In step 1, for each R, ,Xj we find
its L — 1 nearest neighbors and obtain the set Rj. Rj X;
in general should be closer to other within-class members
than to other different-class members. Therefore, we expect
R;s that correspond to within-class members to be similar to
each other, while different to those that correspond to other
different-class members. In step 2, we calculate the Hamming
distance between R; and Rj;, defined by

d(R;, R)) £ (L — # of common elements in R; and Rj).

Like the Euclidean distance, the Hamming distance d(R;, R;)
is an indication of how far the feature pair Ry  Xi and Ry X)
are separated from each other. However, d (R,, R;) for R  Xi
and R, X) that belong to two different classes is always
upper bounded by L. Hence, the Hamming distance d(R;, R)
preserves the class separability between any different- class
pair Réixi and Rj x;j. Using this property, we are able to
choose K initial representatives such that they belong to K
different classes with high probability (as shown in steps 3
to 6). With these K initial representatives, the corresponding
initial K partitions are determined by the nearest neighbor
criterion (step 7). We assume each of the K initial partitions
contains one exemplar. For all subsequent iterations (steps 8
and 9), K distinct representatives {sk}f:1 are always chosen
from these predetermined K initial partitions, and are used to
calculate the associated score M (S({sk},le)) defined by

div (SUse}s)))

K —
M (stsafon) = = (Sset)”

The terms err (S({s}X_,)) and div(S({s}X_,)) are square
error and diversity, respectively [43]. They are defined as
follows:

err (S ({sk}le)) 2r i Z(s —s)(s—sp)T

k=1 seS;
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Algorithm 1 Design of Initial Dictionary, D

Input: Scale and rotation aligned sinograms,
R, X j=1,2,..J.

Inltlallzatlon of sets: § < {R; X j}
T < ¢. Procedure:
1. For each Ry Xj in S, find its L — 1 nearest neighbors.
R, X and its L — 1 nearest neighbors form a set denoted
by R
2. For all pairs (i, j), calculate the Hamming distance
between R; and R;, d(R;, R;).
3. Find (i*, j*) = argmax d(R;, R;).

i,jeLi#j
4. Update of sets: t] < i*,1p < j*, T < T {1, 12},
I < I\ {i*, j*}.If |T| = K, goto 7.
5. Find k* = argmax H} L d(Ry, Ry).

{12,

6. Update of sets t|T|+1 <~ k*, T < T U{ti7141},

I < I\ {k*}, and goto step 3.

7. Given {Réz x,k},le, use the nearest neighbor criterion
to partition S'into K part1t10ns, denoted by

S({R X’k}k 1) = Uk 1Sk

8. Randomly select s; from Si, k =1,2, ..., K, as
representatives. Find the correspondmg nearest neighbor
partitions S ({sk}Kzl), and calculate the corresponding
score M (S({sk}r_;))-

9. Repeat step 8, and keep updating for {SZ},f:1 that
gives the highest score M, until the number of repeating
iterations for step 9 reaches Wj. In other words,

{s],....sx} =
argmax ' . M(S({sk}le)).
s €Sk,k=1,2,...,K, 1n W 1terations
10. Obtain K initial clusters {(C(O) ...,(Cg(())} from
N ({Sk}kzl)'
Output: Initial dictionaries, DO = [D(O) .. .D(,?)], where
D(O) C,(CO), k=1,.
and

div (s ({sk},le)) 24y [i(szc —§) (s — 5)7}

k=1

where § = % Zle sy and tr (A) denotes the trace of matrix A.
The diversity represents the scatter of representatives to their
mean, while the square error represents the total summation
of partition-specific scatters, over all K partitions. The max-
imization of M (S ({sk}le)) is achieved through maximizing
the diversity while minimizing the square error. Since these
K exemplars by assumption respectively fall within the K
initial partitions, they can be found after a sufficient number
of iterations. The representatives that give the maximum score
M (S({sk},le)) in W) iterations, are recorded as exemplars.
The corresponding final partitions are obtained by finding
nearest neighbors of the exemplars.
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Algorithm 2 RSICD-Based CBIR

Input: Database {x j}jl.:1 and query image X;.

1. Use (3) and (4) to obtain scale and rotation aligned

sinograms of {xj}]].:1 and xg.

2. Use Algorithm 1 to design initial dictionaries

{D(O)}K .

k Jk=1 . . .

3. Given DO = [D(ll) . ~D§?], assign each x; to (C](;),

where i denotes the current iteration number, and kis

obtained from (9) and (10).

4. Given {(C,((l)}le, use the K-SVD algorithm to learn

D™ from €, k =1,2,..., K. Then increment i by 1

(ie., i < (i+1)).

5. Repeat 3 and 4 until the number of repeating

iterations reaches W».

6. Determine the closest cluster to x, from (17), from

which the relevances are found by the nearest neighbor

criterion.

Output: Clusters {C,EWz) }le, dictionaries {D,((WZ)},le,
and the relevance of x, in its closest cluster.

E. Application to CBIR

In this subsection, we show how the proposed simultaneous
clustering and dictionary learning method is used in CBIR.
Once the dictionaries have been learned for each class in the
Radon domain, given a query image X, we obtain its scale and
rotation normalized sinogram Réq x,. Then, we project Réq Xy
onto the span of the atoms in each Dy using the orthogonal
projector

Projp, = Dy (D{ D)~ 'Dy . (14)

The approximation and residual vectors can then be calculated
as
qux,, = Projp, (R X,) (15)
and
k k .
r (R@qxq) = R@qxq — Réqxq =I- Pro.]Dk)Réqxq (16)

respectively, where I is the identity matrix. Since the dictionary
learning step in our algorithm finds the dictionary Dy that leads
to the best representation for each member of Cy in the Radon
domain, we assume ||r¥ (R x4)l2 is small if x; belongs to the
kth cluster and larger for the other clusters. Based on this, if

d =arg min I (Rg, %) 12 (17)
we search for the relevance of x, in Cy by means of a
nearest neighbor search (box 6,7 in Fig. 1). We refer to
our in-plane rotation and scale invariant clustering using
dictionaries method as RSICD. Algorithm 2 summarizes the
overall RSICD-based CBIR procedure.

The RSICD-based CBIR algorithm consists of two main
steps: cluster assignment and dictionary learning. The overall
algorithm is not convex on both of these steps. It is likely
that the approach may get stuck in a local minima. However,
experiments on various training sets have shown that it usually
takes about 20 iterations for the algorithm to converge.
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Fig. 5. (a) Sample images from the generated dataset containing the rotated

images from the Smithsonian dataset. (b) Sample images from the Smithsonian
dataset containing both scale and rotation variations.

IV. EXPERIMENTAL RESULTS

In this section, we show the effectiveness of the proposed
simultaneous clustering and dictionary approach. We report the
results of empirical evaluation of our method and compare it
with six state-of-the-art matching algorithms on three standard
datasets: the Smithsonian isolated leaf dataset [32], Kimia’s
object dataset [31] and Brodatz texture dataset [44]. We
compare the performance of our method with a modified
Gabor-based approach [21], a local binary pattern (LBP)-
based approach [35], and three recently proposed feature-
based approaches [30], [32], [33]. We refer to the index-
ing and retrieval method presented in [33] as the BAC3
method. Note that methods presented in [30], [32], [33] are
(in-plane) rotation and scale invariant as well. In addition,
we compare our method with a recently proposed unsu-
pervised discriminative dictionary learning method [15]. We
refer to the method presented in [15] as dictionary-based
clustering (DC).

For all the experiments implemented using LBP [35], we
first resized each image to 40 x 40 pixels. Each resized
image consists of 25 square patches, each with 64 pixels.
On each patch we implemented uniform rotation-invariant
LBP with P = 8 and R = 1, where P is the member
number in a circularly symmetric neighbor set, and R is the
corresponding radius [35]. Results of all 25 patches are then
combined to form a feature vector of the image. For the
experiments implemented using the dictionary-based methods
(RSICD and DC), we set the sparsity parameter Ty to be 20.

We evaluate the performance of various methods using
precision-recall curves, average retrieval performance
[21], [29] and recognition rates. Recall and precision are
defined as

.. Number of relevant images retrieved
Precision =

18
Total number of images retrieved (18)

Number of relevant images retrieved
Recall = .

. (19)
Total number of relevant images

3As no representative name was given for the method presented in [33], we
chose the first letter of each author’s last name (i.e., “B”, “A”, and “C” in,
respectively) and connected these letters as "BAC’ to stand for their respective
methods.
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Fig. 6. Results on rotated 18-class Smithsonian datasets. (a) Precision-recall curves. (b) Average retrieval performance corresponding to the dataset containing
the rotated images. (c) Precision-recall curves and (d) average retrieval performance corresponding to the dataset containing the rotated and scaled images.
For both of these datasets, the proposed RSICD achieves the best precision rates for almost all recall rates and outperforms other methods.

100 == : 100 :
—e—RSICD —e—RSICD
——DC ——DC
S 80f o LBP | = gol ——LBP ]
= —=—Mod. Gabor|| & —=—Mod. Gabor
g —+—BAC % —*—BAC
= e —4—]DSC+DP o —4—]DSC+DP
2 60r SC | .S 60 SC 5
2 2
8D 8D
IS 5]
3 3
- -
~ 40r 1 = 40r -
g g
| |
£ £
= 201 1 = 20r 3
0 1 1 1 1 1 0 1 1 1 1 1
0 20 40 60 80 100 0 20 40 60 80 100
Percentage of missing pixels Percentage of missing pixels
(a) (®)

Fig. 7. First-rank recognition rates on 18-class Smithsonian datasets with missing pixels. (a) Experiment with the dataset with rotated images. (b) Experiment
with the dataset containing both rotated and scaled images. These results show the proposed RSICD is robust to effects of missing pixels.

Recall is the portion of total relevant images retrieved whereas always equals 100% for any recall rate. Given a certain
precision indicates the capability to retrieve only relevant number of retrieved images, the average retrieval performance
images. An ideal retrieval should give precision rate that is defined as the average number of relevant retrieved images
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TABLE 11
RANK RECOGNITION RATES (%) CORRESPONDING THE DATASET CONTAINING 18-CLASSES WITH ROTATED IMAGES FROM THE SMITHSONIAN

ISOLATED LEAF DATABASE

Rank | 1 2 3 4 5 6 7 8 9 10 11
Modified Gabor [21] | 60.65 | 27.78 | 31.02 [ 31.48 | 30.09 [ 25.93 [ 25.00 | 21.30 | 22.22 | 15.28 [ 19.44
LBP [35] 77.78 | 49.54 | 35.19 | 34.26 | 25.46 | 22.69 | 23.15 | 20.83 | 18.06 | 15.74 | 14.35
DC [15] 7454 | 5556 | 48.61 | 40.74 | 32.41 | 27.78 | 25.00 | 20.83 | 23.61 | 17.59 [ 17.13
SC [30] 9120 | 80.09 | 74.54 [ 68.98 | 5833 | 51.39 | 40.28 | 39.81 | 36.57 | 26.39 [ 17.13
IDSC+DP [32] 92.13 | 7870 | 73.15 | 68.98 | 66.67 | 55.09 | 48.15 | 43.06 | 35.19 | 29.63 | 24.07
BAC [33] 9120 | 92.13 | 85.19 | 75.93 | 66.20 | 54.17 | 49.07 | 40.28 | 3333 | 33.33 | 25.46
RSICD 100 | 100 [ 100 | 9954 | 100 | 97.69 | 99.54 | 99.07 | 100 [ 99.54 | 93.52

TABLE III

RANK RECOGNITION RATES (%) CORRESPONDING THE DATASET CONTAINING 18-CLASSES WITH ROTATED AND SCALED IMAGES FROM THE

SMITHSONIAN ISOLATED LEAF DATABASE

Rank | 1 2 3 4 5 6 7 8 9 10 11
Modified Gabor [21] | 48.61 | 32.87 | 31.48 [ 24.54 | 20.83 | 17.59 [ 18.06 | 1296 | 9.72 [ 12.96 [ 10.65
LBP [35] 41.67 | 20.83 | 13.89 | 20.83 | 16.20 | 1528 | 8.80 | 12.50 | 8.80 | 10.65 | 5.09
DC [15] 55.09 | 35.65 | 26.39 | 23.61 | 18.98 | 19.44 | 16.20 | 1528 | 16.67 | 14.81 | 1111
SC [30] 96.30 | 9352 | 87.96 | 83.80 | 78.70 | 67.13 | 58.33 | 54.63 | 53.70 | 45.83 | 40.74
IDSC+DP [32] 99.07 | 99.07 | 93.52 | 86.57 | 79.17 | 73.61 | 69.91 | 62.96 | 6343 | 56.02 | 49.07
BAC [33] 67.59 | 49.07 | 42.59 | 34.26 | 2639 | 2546 | 21.30 | 16.67 | 17.59 | 12.96 | 8.80
RSICD 100 | 100 [ 100 | 99.07 | 99.54 | 100 [ 99.07 | 99.54 | 99.07 | 98.15 | 95.37

over all query images of a particular class. On the other hand,
the rank-n recognition rates indicate how well the recognition
performance of an approach can maintain from the best-match
retrieval up to the n-th best-match retrieval. An ideal retrieval
should also maintain 100% recognition rate for any rank-n
retrieval.

A. Smithsonian Isolated Leaf Database

The original Smithsonian isolated leaf database consists of
93 different leaves [32]. From the original database, we created
two challenging datasets, one containing rotated images and
the other containing both rotated and scaled images. For the
first set of experiments using this dataset, one representative
image is selected from each of the last 18 leaves. We created
an 18-class Smithsonian dataset by generating 11 additional
in-plane rotated images with the following angles

18°,36°,54°,72°,90°, 108°, 126°, 144°,162°, 180°, 198°.

(20)
This sub-dataset contains rotated images of different leaves.
We also created a dataset that contains both rotated and scaled
images. This dataset is created by using the same rotated
images as before. However, a random scaling that ranges from
0.25 to 1, is further applied to these rotated images. As a
result, both of these sub-datasets have 18 classes and each
class contains 12 different images. Fig. 5(a) and (b) show the
resulting datasets containing rotated as well as rotated and
scaled images, respectively. In both of these datasets, the final
images were resized to 100 x 80 pixels.

1) Results on the Smithsonian Dataset With 18 Classes:
In the first experiment using this dataset, we selected the last
image (i.e., the 12-th image) of each class to form a query
set (with 18 query images), and all the other images to form

an unsupervised* training set (with 216 — 18 = 198 training
images). The dictionary D is of size 288 x 90. Five atoms
per class dictionary are learned and concatenated to form the
dictionary D. Here, 288 is the dimension of the vectorized
sinogram.

The results of this experiment are shown in Fig. 6(a) and (c).
From the precision-recall curves we see that the proposed
RSICD achieves ideal precision rates for all recall rates and
outperforms other competitive methods. Fig. 6(b) and (d) show
the total average retrieval performance over all shapes. For
the sub-dataset containing rotated images only, on average
RSICD obtained 7.9352 out of 8 retrieved images per shape.
Whereas the BAC [33], IDSC+DP [32], SC [30], DC [15],
LBP [35] and Gabor-based methods [21] obtained 5.5417,
5.2593, 5.0463, 2.9630, 2.8809 and 2.5324, respectively.

For the dataset containing rotated and scaled images, our
RSICD obtained 7.9815 out of 8 retrieved images per shape.
The BAC, IDSC+DP, SC, DC, LBP and Gabor-based methods
obtained 2.8333, 6.6389, 6.2037, 2.1343, 1.5000 and 2.5324,
respectively.

In our CBIR experiments, to determine the class label of
a given test image, we find its nth nearest neighbor among
the training images, and then assign that training image’s
estimated class label (given by our RSICD algorithm) to the
test image. The nth rank recognition rate is therefore defined
as the ratio of the number of test images’ nth nearest neighbors
(among the training images) that are assigned with the same
class labels as the true labels of the test images, to the total
number of test images. Tables II and III show the rank
recognition rates for the above two 18-class datasets. Numbers
in the abscissa of Table II, and III are the values of n (same

4Here ‘unsupervised’ means samples’ class labels are unknown to the
algorithm initially.
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Fig. 8. Kimia datasets containing (a) rotated images and (b) rotated and
scaled images.

for Tables IV, V, VI, VII, VIII, and IX). We observe that the
proposed RSICD performs favorably in comparison to other
methods.

2) Results on All 93 Classes of the Smithsonian Dataset:
In the second set of experiments with the Smithsonian leaves
dataset, we used all 93 classes to evaluate the rank recognition
rates of different methods. Similar to the 18-class sub-datasets,
we created rotated and scaled images for all 93 classes. Five
atoms per class dictionary are learned and concatenated to
form the dictionary D of size 288 x 465.

Tables IV and V show the rank recognition rates of
the 1st up to the 15th rank retrieval. For both datasets, the
recognition rates of the RSICD are the highest and at least 10%
above those of the others for all rank retrievals. Comparing
the RSICD results in Table II and Table III, the average
recognition rate goes from 98.99% (18-classes) to 90.95%
(93-classes). This decrease is only 8.04%, which shows that
the RSICD is robust in maintaining recognition performances
on rotated and scaled leaf databases across different class
numbers.

3) Robustness of RSICD to Missing Pixels: We com-
pare the results obtained by different methods when pixels
are randomly removed from the query and probe images.
The results are shown in Fig. 7 where we compare the
rank-1 recognition rates of different methods as we vary the
percentage of missing pixels. We can see that both dictionary
methods (RSICD and DC) outperform the other methods. The
RSICD is able to maintain its recognition rate at 75% even
when 80% of the pixels are missing and it performs better
than the DC.

B. Kimia Shape Database

The Kimia database [31] consists of 216 images, where
there are 18 shapes with small rotation, and each shape has
12 different images. Similar to how we generated new datasets
for the Smithsonian Leaf database in the previous experiments,
we created two sub-datasets from the original Kimia database:
one containing the rotated images and the other containing the
rotated and scaled images.

To obtain the rotated images, we selected one representative
image from each of the 18 shapes in the original Kimia dataset.
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For each selected shape, 11 in-plane rotated images with the
same angles as in (20) were created. We created a dataset
that contains rotated and scaled images by scaling the rotated
images as before. The resulting datasets are shown in Fig. 8(a)
and (b), respectively. They possess more rotation and scale
challenges than the original Kimia’s dataset.

We selected the last image (i.e., the 12-th image) of each
class to form a query set, and used all the other images to
form an unsupervised training set. The precision-recall curves
are shown in Fig. 9(a) and the average retrieval performance
curves are shown in Fig. 9(b) for the datasets containing the
rotated images. The dictionary size is set as 288.

As can be seen from both these figures, our method out-
performs other competitive methods. Regarding the overall
retrieval performance, our RSICD obtained 7.0324 out of 8
retrieved images per shape. Whereas the BAC [33], IDSC+DP
[32], SC [30], DC [15], LBP [35] and Gabor-based methods
[21] obtained 6.5185, 4.0231, 3.8935, 2.0926, 2.3657 and
1.2778, respectively. Table VI shows rank recognition rates
for the above two 18-class datasets. The rank recognition
rates of our RSICD remains the second while they still are
close to the best results from BAC, for up to the 5th rank
recognition.

Figs. 9(c) and (d) show the results obtained using the
dataset containing both scaled and rotated images. For the
overall retrieval performance, our RSICD obtained 7.0463 out
of 8 retrieved images per shape. The BAC, IDSC+DP, SC,
DC, LBP and Gabor-based methods obtained 6.5185, 7.8472,
7.2269, 1.2500, 1.3889 and 1.3426, respectively. Table VII
shows the corresponding rank recognition rates.

C. Brodatz Texture Database

In addition to shape-based datasets, we demonstrate the
effectiveness of our RSICD on the Brodatz texture dataset [44].
We selected 25 textures and 60 textures from the Brodatz data-
base, which are the dataset 1 and the dataset 3 defined in [36].
For each selected texture, we generated its in-plane rotated
versions at the following angles: 10°,20°, 30°, ..., 170°. Each
original texture image and its 17 rotated images form a new in-
plane rotated class. Fig. 10 shows the resulting sample images
from the 25-class dataset. The dictionaries are of size 192x300
and 192 x 720 for 25 and 60 class datasets, respectively. Here,
192 is the size of vectorized sinogram.

Experimental results using 25 classes and 60 classes are
compared in Table VIII and Table IX, respectively. The
modified Gabor method gives 100% recognition rate on its
first rank retrieval but degrades faster than the other methods
within the first 4 rank retrievals. The average recognition rates
of the RSICD are 60.17% (25-class) and 53.18% (60-class),
which are higher than those of CD: 39.86% (25-class), 34.17%
(60-class); LBP: 44.24% (25-class), 30.14% (60-class); and
modified Gabor: 46.54% (25-class), 36.41% (60-class). This
experiment shows that the RSICD is general enough that it can
also perform well on a dataset that contains rotated textures.

D. Discussion

In this section, we discuss our experimental results in the
aspects of performance, complexity and limitation.
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TABLE IV
RANK RECOGNITION RATES (%) CORRESPONDING THE SMITHSONIAN DATASET CONTAINING 93-CLASSES WITH ROTATED IMAGES

Rank [ 1 ] 2 3 4 5 6 7 8 9 10 11
Modified Gabor [21] 48.66 | 19.44 | 17.29 | 1147 | 12.10 | 1004 | 968 | 9.68 | 995 | 932 | 824
LBP [35] 56.09 | 31.09 | 24.55 | 16.58 | 17.65 | 11.29 | 1138 | 1039 | 9.68 | 7.44 | 8.06
DC [15] 5475 | 3459 | 2527 | 2213 | 17.74 | 1478 | 1398 | 12.99 | 11.83 | 11.38 | 9.95
SC [30] 85.13 | 7231 | 64.78 | 59.95 | 51.16 | 43.10 | 37.90 | 31.81 | 28.76 | 22.85 | 18.91
IDSC+DP [32] 89.07 | 80.11 | 71.77 | 64.25 | 56.54 | 46.51 | 4229 | 37.19 | 30.65 | 27.06 | 22.40
BAC [33] 83.87 | 7572 | 68.46 | 55.73 | 44.09 | 35.93 | 2832 | 27.33 | 22.94 | 18.91 | 16.58
RSICD 99.28 | 97.49 | 9579 | 95.25 | 93.55 | 90.41 | 91.49 | 90.23 | 87.46 | 83.78 | 75.72

TABLE V

RANK RECOGNITION RATES (%) CORRESPONDING THE SMITHSONIAN DATASET CONTAINING 93-CLASSES WITH ROTATED AND SCALED IMAGES

Rank [ 1 2 3 4 5 6 7 8 9 10 11
Modified Gabor [21] 2643 | 16.40 | 12.10 | 10.39 | 10.84 | 10.30 | 9.23 9.41 6.72 6.99 6.63
LBP [35] 26.16 | 11.47 8.87 6.36 6.27 4.93 4.12 4.21 4.93 3.41 3.67
DC [15] 29.75 | 1586 | 11.02 8.33 7.97 6.27 6.54 5.73 5.56 5.38 3.94
SC [30] 92.13 | 81.81 | 73.03 | 63.35 | 55.11 | 48.48 | 44.00 | 36.65 | 33.87 | 29.57 | 27.06
IDSC+DP [32] 97.58 | 92.83 | 83.96 | 72.85 | 62.01 | 54.84 | 49.73 | 43.28 | 43.37 | 36.83 | 32.08
BAC [33] 50.54 | 31.54 | 20.52 | 19.27 | 15.50 | 14.52 | 11.20 | 11.11 9.95 8.60 7.44
RSICD 98.21 | 95.52 | 92.83 | 91.85 | 90.95 | 89.16 | 86.29 | 86.65 | 81.36 | 78.23 | 73.03
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Fig. 9. Results on Kimia dataset. (a) Precision-recall curves. (b) Average retrieval performance of the dataset containing rotated images. (c) Precision-recall
curves. (d) Average retrieval performance of the dataset containing rotated and scaled images.

1) Performance: For texture-based approaches, the Gabor efficient multiresolution approach based on uniform local
method [21] extracts features using a modified Gabor filter to  binary patterns and nonparametric discrimination of sample
achieve independence of orientation and scale in the textures. and prototype distributions for rotation invariant texture classi-
The LBP [35] is a computationally simple method, but an fication. Both methods are designed for texture-based images.
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TABLE VI
RETRIEVAL RESULTS (RANK RECOGNITION PERCENTAGE RATES) ON KIMIA DATASET CONTAINING ROTATED IMAGES

Rank | 1+ [ 2 3 [ 4 s | e ] 7] 8 ]9 | 1w] |
Modified Gabor [21] | 42.13 | 2130 | 1528 | 13.43 | 741 | 1250 | 833 | 741 | 417 | 463 | 9.26
LBP [35] 62.96 | 4537 | 26.85 | 29.17 | 24.07 | 1528 | 1620 | 16.67 | 1L.11 | 10.65 | 12.50
DC [15] 60.65 | 3843 | 23.61 | 21.76 | 17.59 | 17.59 | 1620 | 13.43 | 17.59 | 12.04 | 10.19
SC [30] 86.11 | 66.67 | 59.26 | 48.61 | 4028 | 32.41 | 2824 | 27.78 | 25.00 | 15.28 | 12.04
IDSC+DP [32] 86.57 | 69.91 | 57.41 | 48.61 | 42.13 | 37.50 | 31.94 | 28.24 | 2824 | 21.30 | 12.04
BAC [33] 100 | 97.69 | 88.89 | 90.28 | 84.72 | 70.37 | 63.89 | 56.02 | 48.61 | 32.41 | 41.67
RSICD 98.15 | 92.13 | 89.81 | 88.43 | 82.87 | 84.26 | 81.48 | 86.11 | 81.02 | 69.91 | 62.50

TABLE VII

RETRIEVAL RESULTS (RANK RECOGNITION PERCENTAGE RATES) ON KIMIA DATASET CONTAINING ROTATED AND SCALED IMAGES

Rank | | 2 [ 3 ] 4« 5 [ e | 7] 8 [ 9 [ 10 ] 1]
Modified Gabor [21] | 36.11 | 1528 | 16.67 | 1343 | 1528 | 11.11 | 1343 | 1296 | 11.57 | 833 | 11.57
LBP [35] 4167 | 2176 | 1759 | 13.89 | 9.72 | 1481 | 1065 | 880 | 972 | 741 | 7.41
DC [15] 4352 | 1852 | 13.89 | 10.19 | 1157 | 11.11 | 11.57 | 880 | 648 | 741 | 6.48
SC [30] 99.07 | 98.61 | 9583 | 9537 | 92.50 | 84.26 | 82.41 | 7454 | 75.93 | 67.59 | 56.94
IDSC+DP [32] 100 | 99.54 | 98.15 | 99.07 | 98.61 | 97.69 | 9630 | 95.37 | 90.74 | 84.72 | 76.85
BAC [33] 100 | 97.69 | 88.89 | 90.28 | 84.72 | 70.37 | 63.89 | 56.02 | 48.61 | 3241 | 41.67
RSICD 9722 | 94.44 | 89.81 | 89.81 | 85.19 | 84.72 | 81.94 | 84.26 | 79.17 | 76.39 | 56.94

Fig. 10. Samples images from the 25-class in-plane rotated Brodatz texture database. (a) 1st ~ 12th classes: D01, D04, D06, D19, D20, D21, D22, D24,
D28, D34, D52, and D53. (b) 13th ~ 25th classes: D56, D57, D66, D74, D76, D78, D82, D84, D102, D103, D105, D110, and D111.

TABLE VIII
RANK RECOGNITION RATES (%) ON 25-CLASS (DATA SET 1 IN [36]) IN-PLANE ROTATED BRODATZ DATABASE

| Rk [ 1 [ 2 [ 3 [ 4 | 5 | 6 [ 7 [ 8 [ 9o [ [ [ 12] ] i]i |
Modified 100 [ 8044 [ 81.33 [ 57.11 | 57.56 | 43.33 [ 44.44 [ 3844 [ 40.89 | 3578 | 34.89 | 3356 | 3422 | 27.78 | 26.44
Gabor [21]

LBP [35] 79.33 | 67.78 | 56.89 | 49.78 | 46.89 | 4578 | 46.22 | 43.11 | 41.56 | 39.78 | 38.89 | 39.11 | 37.11 | 33.11 | 30.44
DC [15] 88.22 | 69.56 | 59.33 | 55.11 | 47.33 | 44.44 | 41.78 | 38.00 | 3533 | 34.67 | 32.00 | 28.22 | 27.56 | 22.89 | 19.33
RSICD 92.00 | 86.89 | 85.56 | 82.00 | 76.00 | 75.56 | 71.11 | 63.56 | 57.56 | 53.11 | 52.67 | 46.67 | 45.11 | 42.22 | 38.00

As a result, they did not obtain good results on shape-based [32] uses the length of the shortest path within the shape
datasets, which can be seen from the experimental results in boundary (called inner-distance) to build shape descriptors,
Sections IV-A and IV-B. which were shown to be robust to articulation in complicated

For shape-based approaches, the SC [30] is a shape match- shapes. The BAC [33] extracts features that characterize the
ing approach based on correspondences between points on two  geometric relationships between each pair of images. This
shapes. The SC descriptor essentially estimates the shape simi- method was shown to be invariant to articulations and rigid
larity and solves the correspondence problems. The IDSC+DP  transforms.
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TABLE IX
RANK RECOGNITION RATES (%) ON 60-CLASS (DATA SET 3 IN [36]) IN-PLANE ROTATED BRODATZ DATABASE

Rk | 1 [ 2 | 3 | 4] s [ e | 7] 8] o Juw ]| u| ] nB] ]|
Modified 100 | 7111 | 7241 | 4028 | 42.50 | 34.44 | 3444 | 2722 | 3037 | 27.41 | 2426 | 2120 | 2241 | 19.63 | 18.70
Gabor [21]
LBP [35] | 76.67 | 59.35 | 4333 | 38.15 | 31.30 | 30.28 | 27.50 | 25.28 | 25.37 | 25.00 | 22.31 | 1898 | 21.67 | 17.31 | 18.24
DC [15] 86.48 | 69.07 | 5843 | 51.48 | 46.11 | 39.72 | 33.80 | 31.57 | 26.11 | 25.83 | 22.50 | 21.57 | 19.17 | 14.44 | 12.41
RSICD 93.06 | 86.11 | 8213 | 75.74 | 70.09 | 66.39 | 62.69 | 54.17 | 46.57 | 44.44 | 42.41 | 40.19 | 35.65 | 32.87 | 31.48
TABLE X

COMPUTATION TIME OF DIFFERENT METHODS TO OBTAIN PRECISION-RECALL CURVES SHOWN IN FIG. 6(a)

Modified Gabor [21] ‘ LBP [35] ‘ DC [15] ‘ SC [30] ‘ IDSC+DP [32] ‘ BAC [33] ‘ RSICD ‘

Execution Time (s) 10.42 13.34

383.40 1226.34 1383.48 92.31 217.32

Unsupervised Clustering no no

yes no no no yes

The SC descriptor [30] relies on the correspondences
between points on two shapes, while the IDSC+DP descriptor
[32] is built based on the normalized inner distance. In
practice, SC and IDSC+DP descriptors remain the same for
similar shapes with different scales and change significantly
for different shapes with different scales. Therefore, introduc-
ing scale variations (shown in Fig. 5(b) and Fig. 8(b)) in
fact boosts the discriminative power of SC and IDSC+DP
features, in that between-class distances are increased due
to scale variations while within-class distances remain the
same. Hence, SC and IDSC+DP obtained better results on
the datasets containing both rotation and scale variations
(see Fig. 6, Fig. 9, Table II, Table III, Table IV, Table V,
Table VI and Table VII). Furthermore, pixels in the Smith-
sonian leaf images appear in different grayscales. Without
additional preprocessing, the shape contours as well as inner
distances-based and point correspondence-based descriptors
are sensitive to changes in grayscale or missing pixels (e.g.,
Fig. 7(a) and (b)). These two reasons explain why SC and
IDSCHDP in our experiments perform much better in the
Kimia dataset with both rotation and scale variations. The
BAC, too, obtained better results on the Kimia dataset. How-
ever, it is sensitive to both scale and rotation changes in
Smithsonian leaf images. On the other hand, the proposed
RSICD does not require any knowledge of the shape contour,
and is not sensitive to grayscale changes and missing pixels in
an image. In addition, the Smithsonian leaf datasets used in our
experiments consist of more directional leaves than isotropic
leaves, which are in favor of our assumption on directional
images described in Section II-A. Hence, the proposed RSICD
obtained good results on the Smithsonian leaf datasets. Finally,
from the experimental results, we observe that DC [15] does
not give satisfactory performances in both shape-based and
texture-based datasets because it uses pixel intensities as
features.

2) Complexity: We present the relative complexity of all the
methods by comparing the computation time required to obtain
precision-recall curves for the rotated 18-class Smithsonian
datasets in Table X. This table shows both the computation

time> and whether the unsupervised clustering is provided by
each method. Note that the RSCID provides both unsupervised
clustering and dictionary learning. As a result, its computation
time is higher than some of the other methods. Also, both SC
[30] and IDSC+DP [32] require a large amount of time for
image retrieval.

3) Limitation: We have examined the performance of our
method on various shape-based and texture-based datasets.
In practice, there may be objects with background clutter.
For our method to be effective, the background needs to
be removed before applying our algorithm to obtain good
retrieval performances. Hence, it may not provide good results
on datasets where images contain objects with background
clutter. The second limitation of our method is that it does not
work so well for texture-based images where there are more
within-class variations such as illumination changes, noise,
occlusion, variant distances with 3D rotations and spatial
shifts. Moreover, for textures where there are no linear trends
(e.g., isotropic textures) or inapparent linear trends, the Radon-
domain sinogram may no longer be used to accurately capture
the direction to give rotation-aligned features.

V. CONCLUSION

In this paper, we presented a rotation and scale invariant
clustering algorithm suitable for applications such as CBIR.
We extracted in-plane rotation and scale invariant features
of images in the Radon domain. The initial dictionaries are
learned through initial clusters that are determined using the
Hamming distance between nearest-neighbor sets of each fea-
ture pair. With a view to achieve rotation and scale invariance
in clustering, the proposed method learns dictionaries and
clusters images in the Radon transform domain. We demon-
strated the effectiveness of our approach by a series of CBIR
experiments on shape-based and texture-based datasets, its
robustness to missing pixels, and performance improvements
compared to other Gabor-based and shape-based methods.

SWe conducted our experiments using MATLAB installed in the 64-bit
Windows OS on a machine with Intel(R) Core(TM) i5 CPU (2.8 GHz) and
8 GB RAM.
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Robustness to within-class variations of texture images is
one of the important research directions. We will continue with
the feature extraction from the Radon-domain sinogram, via
filtering or transformation techniques. We will also consider
using local features. One possible way is to divide the texture
(or its sinogram) into several patches, from each of which
the local feature is extracted. Then we combine all extracted
features using an efficient fusion technique, to improve the
recognition performance.

In addition, we will modify the Radon-domain sinogram
based approach for our algorithm to adapt for textures without
apparent line trends, and for isotropic textures. Furthermore, as
our method being based on heuristic K-SVD lacks theoretical
guarantee on convergence, we will also provide analytical
evidences on convergence.

ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers
for their many valuable comments and suggestions, which
significantly improved this paper. The identification of any
commercial product or trade name does not imply endorsement
or recommendation by NIST.

REFERENCES

[1] M. Aharon, M. Elad, and A. M. Bruckstein, “The K-SVD: An algorithm
for designing of overcomplete dictionaries for sparse representation,”
IEEE Trans. Signal Process., vol. 54, no. 11, pp. 4311-4322, Nov. 2006.

[2] J. Wright, Y. Ma, J. Mairal, G. Sapiro, T. Huang, and S. Yan, “Sparse
representation for computer vision and pattern recognition,” /IEEE Proc.,
vol. 98, no. 6, pp. 1031-1044, Jun. 2010.

[3] R. Rubinstein, A. Bruckstein, and M. Elad, “Dictionaries for sparse
representation modeling,” IEEE Proc., vol. 98, no. 6, pp. 1045-1057,
Jun. 2010.

[4] V. M. Patel, T. Wu, S. Biswas, P. J. Phillips, and R. Chellappa,
“Dictionary-based face recognition under variable lighting and pose,”
IEEE Trans. Inf. Forensics Security, vol. 7, no. 3, pp. 954-965,
Jun. 2012.

[5] K. Etemad and R. Chellappa, “Separability-based multiscale basis selec-
tion and feature extraction for signal and image classification,” IEEE
Trans. Image Process., vol. 7, no. 10, pp. 1453-1465, Oct. 1998.

[6] P. J. Phillips, “Matching pursuit filters applied to face identification,”
IEEE Trans. Image Process., vol. 7, no. 8, pp. 150-164, Aug. 1998.

[7]1 F. Rodriguez and G. Sapiro, “Sparse representations for image clas-
sification: Learning discriminative and reconstructive non-parametric
dictionaries,” Univ. Minnesota, Twin Cities, MN, USA, Tech. Rep. IMA-
2213, Dec. 2007.

[8] K. Huang and S. Aviyente, “Sparse representation for signal clas-
sification,” in Proc. Neural Inf. Process. Syst. Conf., vol. 19. 2007,
pp- 609-616.

[9]1 Q. Zhang and B. Li, “Discriminative K-SVD for dictionary learning in

face recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,

Jan. 2010, pp. 2691-2698.

M. Ranzato, F. Haung, Y. Boureau, and Y. LeCun, “Unsupervised

learning of invariant feature hierarchies with applications to object

recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun.

2007, pp. 1-8.

J. Mairal, F. Bach, J. Ponce, G. Sapiro, and A. Zisserman, “Discrimina-

tive learned dictionaries for local image analysis,” in Proc. IEEE Conf.

Comput. Vis. Pattern Recognit., Jun. 2008, pp. 1-8.

J. Mairal, F. Bach, J. Ponce, G. Sapiro, and A. Zisserman, “Supervised

dictionary learning,” in Advance Neural Information Processing Systems,

Ithaca, NY, USA: Cornell Univ. Press, 2008.

L. Bar and G. Sapiro, “Hierarchical invariant sparse modeling for

image analysis,” in Proc. IEEE Int. Conf. Image Process., Sep. 2011,

pp. 2397-2400.

V. M. Patel and R. Chellappa, “Sparse representations, compressive

sensing and dictionaries for pattern recognition,” in Proc. Asian Conf.

Pattern Recognit., Nov. 2011, 325-329.

[10]

[11]

[12]

(13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

(27]

[28]

[29]

(30]

(31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

2179

P. Sprechmann and G. Sapiro, “Dictionary learning and sparse coding
for unsupervised clustering,” in Proc. IEEE Int. Conf. Acoust., Speech,
Signal Process., Mar. 2010, pp. 2042-2045.

I. Ramirez, P. Sprechmann, and G. Sapiro, “Classification and clus-
tering via dictionary learning with structured incoherence and shared
features,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun. 2010,
pp. 3501-3508.

E. Elhamifar and R. Vidal, “Sparse subspace clustering,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., Jun. 2009, pp. 2790-2797.

S. Rao, R. Tron, R. Vidal, and Y. Ma, “Motion segmentation via robust
subspace separation in the presence of outlying, incomplete, or corrupted
trajectories,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Jun.
2008, pp. 1-8.

M. Soltanolkotabi and E. J. Candes, A geometric analysis of subspace
clustering with outliers. Ithaca, NY, USA: Cornell Univ. Press, 2011.
G. Haley and B. Manjunath, “Rotation-invariant texture classification
using a complete space-frequency model,” IEEE Trans. Image Process.,
vol. &, no. 2, pp. 255-269, Feb. 1999.

C. S. Sastry, M. Ravindranath, A. K. Pujari, and B. Deekshatulu, “A
modified Gabor function for content based image retrieval,” Pattern
Recognit. Lett., pp. 293-300, 2007.

M. Do and M. Vetterli, “Rotation invariant texture characterization and
retrieval using steerable wavelet-domain hidden Markov models,” IEEE
Trans. Multimedia, vol. 4, no. 4, pp. 517-527, Dec. 2002.

C.-M. Pun and M.-C. Lee, “Log-polar wavelet energy signatures for
rotation and scale invariant texture classification,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 25, no. 5, pp. 590-603, May 2003.

H. Wersing, J. Eggert, and E. Korner, “Sparse coding with invariance
constraints,” in Proc. Int. Conf. Artif. Neural Netw., 2003, pp. 385-392.
Y. Tomokusa, M. Nakashizuka, and Y. liguni, “Sparse image representa-
tions with shift and rotation invariance constraints,” in Proc. Int. Symp.
Intell. Signal Process. Commun. Syst., Jan. 2009, pp. 256-259.

Q. Barthelemy, A. Larue, A. Mayoue, D. Mercier, and J. I. Mars, “Shift
and 2-D rotation invariant sparse coding for multivariate signals,” IEEE
Trans. Signal Process., vol. 60, no. 4, pp. 1597-1611, Apr. 2012.

L. Bar and G. Sapiro, “Hierarchical dictionary learning for invariant
classification,” in Proc. IEEE Int. Conf. Acoust., Speech Signal Process.,
Mar. 2010, pp. 3578-3581.

P. Ungureanu, E. David, and L. Goras, “On rotation invariant texture
classification using two-grid coupled CNNs,” in Proc. Seminar Neural
Netw. Appl. Electr. Eng., Sep. 2006, pp. 33-36.

K. Mikolajezyk and C. Schmid, “A performance evaluation of local
descriptors,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 27, no. 10,
pp. 1615-1630, Oct. 2005.

S. Belongie, J. Malik, and J. Puzicha, “Shape matching and object
recognition using shape contexts,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 24, no. 4, pp. 509-522, Apr. 2002.

T. B. Sebastian, P. N. Klein, and B. B. Kimia, “Recognition of shapes
by editing their shock graphs,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 26, no. 5, pp. 550-571, May 2004.

H. Ling and D. W. Jacobs, “Shape classification using the inner-
distance,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 29, no. 2,
pp. 286-299, Feb. 2007.

S. Biswas, G. Aggarwal, and R. Chellappa, “Robust estimation of albedo
for illumination-invariant matching and shape recovery,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 29, no. 2, pp. 884-899, Mar. 2009.
Y.-C. Chen, C. S. Sastry, V. M. Patel, P. J. Phillips, and R. Chellappa,
“Rotation invariant simultaneous clustering and dictionary learning,” in
Proc. IEEE Int. Conf. Acoust., Speech, Signal Process., Mar. 2012,
pp. 1053-1056.

T. Ojala, P. Matti, and M. Topi, “Multiresolution gray-scale and rotation
invariant texture classification with local binary patterns,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 24, no. 7, pp. 971-987, Jul. 2002.

K. Jafari-Khouzani and H. Soltanian-Zadeh, ‘“Radon transform orien-
tation estimation for rotation invariant texture analysis,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 27, no. 6, pp. 1004—1008, Jun. 2005.
J. A. Tropp and S. J. Wright, “Computational methods for sparse solution
of linear inverse problems,” Proc. IEEE, vol. 98, no. 6, pp. 948-958,
Jun. 2010.

E. van den Berg and M. P. Friedlander, “Probing the pareto frontier for
basis pursuit solutions,” Soc. Ind. Appl. Math. J. Sci. Comput., vol. 31,
no. 2, pp. 890-912, 2008.

J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, “Robust face
recognition via sparse representation,” /[EEE Trans. Pattern Anal. Mach.
Intell., vol. 31, no. 2, pp. 210227, Feb. 2009.



2180

[40] S.S. Chen, D. L. Donoho, and M. A. Saunders, “Atomic decomposition
by basis pursuit,” Soc. Ind. Appl. Math. J. Sci. Comput., vol. 20, no. 1,
pp. 33-61, 1998.

Y. C. Pati, R. Rezaiifar, and P. S. Krishnaprasad, “Orthogonal matching
pursuit: Recursive function approximation with applications to wavelet
decomposition,” in Proc. Conf. Rec. 27th Asilomar Conf. Signals, Syst.
Comput., pp. 40-44, 1993.

J. A. Tropp, “Greed is good: Algorithmic results for sparse approx-
imation,” IEEE Trans. Inf. Theory, vol. 50, no. 10, pp. 2231-2242,
Oct. 2004.

N. Shroff, P. Turaga, and R. Chellappa, “Video précis: Highlighting
diverse aspects of videos,” IEEE Trans. Multimedia, vol. 12, no. 8,
pp. 853-868, Dec. 2010.

P. Brodatz, Texture: A Photographic Album for Artists and Designers.
New York, USA: Dover, 1966.

[41]

[42]

[43]

[44]

Yi-Chen Chen (S’08) received the B.S. degree
in electrical engineering from National Tsing Hua
University, Hsinchu, Taiwan, and the M.S. degree in
communication engineering from National Taiwan
University, Taipei, Taiwan. He is currently pursuing
the Ph.D. degree with the Department of Electrical
and Computer Engineering, University of Maryland,
College Park, MD, USA.

His current research interests include computer
vision and pattern recognition, particularly face
recognition, salient view selection, clustering, and
content-based image retrieval.

=3

Challa S. Sastry (M’10) received the Ph.D. degree
in applied mathematics from the Indian Institute of
Technology Kanpur, Kanpur, India, in 2003.

He is currently with the Indian Institute of
Technology Hyderabad, Hyderabad, India. His cur-
rent research interests include wavelets, computed
tomography, and compressive sampling theory.

Vishal M. Patel (M’01) received the B.S. degree
in electrical engineering and applied mathematics
(Hons.) and the M.S. degree in applied mathemat-
ics from North Carolina State University, Raleigh,
USA, in 2004 and 2005, respectively, and the Ph.D.
degree in electrical engineering from the University
of Maryland, College Park, USA, in 2010.

He is currently a Member of the Research Fac-
ulty with the University of Maryland Institute for
Advanced Computer Studies, College Park. His cur-
rent research interests include signal processing,
computer vision, and pattern recognition with applications in biometrics and
imaging.

Dr. Patel was a recipient of the ORAU postdoctoral fellowship in 2010. He
is a member of Eta Kappa Nu, Pi Mu Epsilon, and Phi Beta Kappa.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 22, NO. 6, JUNE 2013

P. Jonathon Phillips (M’96-SM’06-F’10) received
the Ph.D. degree in operations research from Rutgers
University, New Brunswick, NJ, USA.

He is currently a Leading Researcher involved
in research on computer vision, face recognition,
biometrics, and human identification. He is with
the National Institute of Standards and Technology,
Gaithersburg, MD, USA, where he is involved in
directing challenge problems and evaluations in face
recognition and biometrics. He has contributed his
efforts in the Multiple Biometrics Evaluation 2010,
the Iris Challenge Evaluations, the Face Recognition Vendor Test (FRVT)
2006, and the Face Recognition Grand Challenge and FERET. From 2000
to 2004, he was involved in research with the Defense Advanced Research
Projects Agency as the Program Manager for the Human Identification at
a Distance program. His contribution is reported in print media of record
including The New York Times and The Economist. He has appeared on
NPR’s ScienceFriday. In an Essential Science Indicators analysis of face
recognition publication over the past decade, his published paper ranks at
2 by total citations and 1 by citations per paper.

Dr. Phillips was a recipient of the Gold Medal from the Department of
Commerce for his contribution on the FRVT 2002. He was an Associate
Editor of the IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE
INTELLIGENCE and a Guest Editor of an issue of the Proceedings of the IEEE
on biometrics from 2004 to 2008. He is a Fellow of the IAPR. He was the
Test Director of the FRVT 2002.

Rama  Chellappa (S’78-M’79-SM’83-F’92)
received the B.E. (Hons.) degree in electronics and
communication engineering from the University
of Madras, Chennai, India, and the M.E. (with
Distinction) degree from the Indian Institute of
Science, Bangalore, India, in 1975 and 1977,
respectively, and the M.S.E.E. and Ph.D. degrees
in electrical engineering from Purdue University,
West Lafayette, IN, USA, in 1978 and 1981,
respectively.

He was a Faculty Member with the Department of
of Electrical Engineering Systems, University of Southern California (USC)
from 1981 to 1991. Since 1991, he has been a Professor of Electrical and
Computer Engineering and an Affiliate Professor of Computer Science with
the University of Maryland (UMD), College Park, MD. He is also affiliated
with the Center for Automation Research, and is a Permanent Member with
the Institute for Advanced Computer Studies. In 2005, he was named a Minta
Martin Professor of Engineering. He holds three patents. His current research
interests include face recognition, clustering and video summarization, 3-D
modeling from video, image and video-based recognition of objects, events
and activities, dictionary-based inference, compressive sensing, domain
adaptation, and hyper spectral processing.

Prof. Chellappa was a recipient of the NSF Presidential Young Investigator
Award, four IBM Faculty Development Awards, the Excellence in Teaching
Award from the School of Engineering at USC, two Paper Awards from
the International Association of Pattern Recognition (IAPR), the K.S. Fu
Prize from IAPR, the Society, Technical Achievement, and Meritorious
Service Awards from the IEEE Signal Processing Society, the Technical
Achievement and Meritorious Service Awards from the IEEE Computer
Society, the Outstanding Innovator Award from the Office of Technology
Commercialization, the Outstanding GEMSTONE Mentor Award from the
Honors College, and the Outstanding Faculty Research Award and the
Poole and Kent Teaching Award for Senior Faculty from the College of
Engineering. At UMD, he was elected as a Distinguished Faculty Research
Fellow, and as a Distinguished Scholar-Teacher. In 2010, he was recognized
as an Outstanding ECE by Purdue University. He is a Fellow of the
IAPR, the Optical Society of America, and the American Association for
the Advancement of Science. He was the Editor-in-Chief of the IEEE
TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE.
He was the General or the Technical Program Chair of several IEEE
international and national conferences and workshops. He is a Golden Core
Member of the IEEE Computer Society and was a Distinguished Lecturer of
the IEEE Signal Processing Society. He has completed a two-year term as
the President of the IEEE Biometrics Council.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


