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Abstract: A new image retrieval algorithm based on the improved doudlelesity contourlet transform(DDCT) is proposed in this
paper. The improved double density contourlet transforve flae property of shift invariance and non-Gaussian fohigk frequency
sub-bands. In order to obtain the high frequency textureufeawe design the quantization histograms using the higguency
direction sub-bands. The 0/1 quantization is used to dehlthé energy matrix of high frequency sub-bands. A textoiatgs defined
as an 8-D vector by integrating different channel valuemfrigh frequency sub-bands and the quantization histogeaensomputed.

In order to get the texture-spatial features, the localyipattern is used to describe the texture feature of lowueeqy sub-band.
Then the quantization histograms and the local binary pafté8P) can be used to denote the texture features of thedntageriments
show that the proposed algorithm using the improved doubtesity contourlet transform outperforms the SD algorithasda on the
contourlet transform in the natural image retrieval.
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1 Introduction represent images containing contours and textdrgg].
Rao[7] proposed the SD algorithm based on the
With the rapid growth of digital image and video, contourlet transform that outperforms the Gabor-Zernike
content-based image retrieval (CBIR) has become amigorithm in the face image database. §ufroposed the
important issue to help people to search and retrievaGGD algorithm of the contourlet transform using the
useful information. The wavelet transform has theimproved maximum likelihood (ML) parameter
advantage of time-frequency analysis and has been usesstimation method.Recently, B[ presented the
widely in CBIR. Hanfl] proposed the Gabor texture nonsampled double density contourlet transform that be
algorithm that yields a fairly poor performance in ysed in the field of eliminating the image noise
retrieving the rotated and scaled texture image.effectively. Although these algorithms based on the
Maneshp] have proposed the texture image retrieval contourlet transform have the good performance in the

algorithm using new rotated complex wavelet filters thattexture images, the retrieval performance is still poor in
significantly improves retrieval performance over the the nature images.

traditional approach and retains comparable levels of

computational complexity. Wang[ presents an image In order to reduce the time-frequency invariant
retrieval algorithm that efficiently integrates color sensitivity and improve retrieval rate, a new image
features and Gabor texture features. retrieval algorithm based on the improved double density

However, in high-dimensional case, the waveletcontourlet transform(DDCT) is proposed. The rest of this
transform doesn't make full use of the geometric paper is organized as follows. In Section 2, we introduce
characteristics, and can not describe high-dimensionathe improved DDCT and analysis the property of the
signal effectively. Therefore, contourlet transform haveimproved DDCT. In Section 3, the image retrieval
been proposed for image processing that can efficienthalgorithm using the improved DDCT is presented. In
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section 4, the procedure to retrieve texture images and th
experimental results are presented. Finally, we discuess th
results and conclusion in section 5.

Double density wavelet tr ansform,
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In order to reduce the time-frequency invariant sensitivit

of the wavelet, Selesniclk ]proposed the double density

wavelet transform(DDWT). There are three-channel filter

bank in the frame of DDWT. The scaling(t) and wavelet

functionsyi(t)(i = 1,2) are defined implicitly through the i ,

dilation and wavelet equations Fig. 1: The structure of the improved double density
contourlet transform

@(t) = V2ho(n) (2t — ) ey
Wi(t) = \thi(n)(p(Zt n)i=12 @) gg;\i:‘oeudrlzgtransform. The generalized Gaussian density is
wherehg(n) is low frequency filters andhi(n)(i = 1,2)
are high frequency filters.For the single level decomposed f(xa,B) = Lef(\xvu)” (3)
of DDWT, there are nine channels that consist of 2ar (1/B)

{HoHo,HoH1,HoH2,H1Ho,H1H1,H1H2,HoHo, HoH, ) o
HaH,} where HHo is the low frequency filter and others Where a is the GGD model parameters indicating the
are the high frequency filters. width of probability q«_ansny fqnctlon a_mﬁ indicating the

Traditional Contourlet transform has the advantage ofP€@kness of probability density functidri]. Herer™ (x) is
excellent multi-directional resolution capability, busi e Ga‘g;lrrl?x_iunctlon and can be defined as
translational sensitivity limits its application in image | (X) = Jo € U "dt(x > 0) . The parameters: and 8
processing to some extent. In recent yearsg]lgfoposed ~ €an .be cal'culgted by the moment estimator or by the
the double density contourlet transform(DDCT) that is amaximum-likelihood estimator for every level wavelet
cascade of a DDWT decomposition followed by Sub-band. _ , o
directional filterbanks applied on each bandpass subband. N the paper, we will use the maximum-likelihood
However, the DDCT has a larger complexity than the eStimator for - GGD. Suppose that the sample
traditional contourlet transform. X = {X1,X,"-- , X}, is independent component and the

In order to reduce the complexity and time-frequency likelihood function can be defined as:
invariant sensitivity, we designed the improved DDCT L
based on the integrated DDWT and the nonsubsampled L(x;a,B) =log 1 p(xi; a,B) (4)
directional filter bands(NSDFB). According to the two =1
high frequency filter$l; andH,, we integrated the fHo,
HiHi, HiH, and HH; as a high frequency filters
H1(Z1,Z7) . And the HHo, HoH1, HoH> and HyH, are
integrated as a high frequency filterg(#1,Z»). Then the
improved DDCT has a fast implementation based on th
two high frequency filters HZ1,Z2) and H(Z1,Z2 B
followed by NSDFB. Figurg(l sh)ows the(impro)ved oLxa.p) L <BklaPf _

+ Z 0 (5)
|

wherea and 3 are parameters to be estimated by the
estimator. The maximum likelihood estimator in the
following likelihood equations will have a unique root in

eprobability.

DDCT structure. da  a a
Since the double density wavelet transform and

NSDFB has the property of shift invariance, the improvedaL(X.aB) L Lw@/B) L x| B x|

DDCT have shift invariance. For the improved DDCT, =—_+ = Zi(_) log((—))=0
there are only two high frequency sub-bands that be used. 9P B B = a

Thus, the improved DDCT have the lower complexity . _ o (6)
with the shift invariance over the DDCT. where is the digamma function, i.&(z) = I"'(2) /I (2) .

The contourlet transform can be described by theFix B > 0, then (5) has a unique, real, and positive solution
Generalized Gaussian Density (GGD) model. It is @S .
necessary to study the GGD model of texture image in the 3 _ (E % |/3)1/p @)
improved DDCT domain since it is different from the L i;
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Substitute (7) into (6), the shape parameter is the solution
of the following transcendental equation which can be Lo Jso
solved numerically. [C—{ o Jswr
NI | T
L 7 A A —CT o b |
‘IJ(l/[/B\) 5 [xilPloglx| log(£ 5 |x[?) B B N T PO
14— -= 4 = =0 (8) N | B
B o N e BT
B z |XI| B —s[- [ }s»
In order to analyze the improved DDCT sub-band o1 o
whether fitting the GGD model or not, we use the fitness _ The g E e BTN Sl
to describe the differences between the GGD model and "‘;,‘;;g;d = o
the wavelet coefficients histograms. The fitness is defined Hyzozy [T 1 g,
as: o1 bs»
: 13
fitness = N Z\(h(Xi) —h*(x)) 9) T T hsor
i= 1 v s
whereh(x;) denotes the actual coefficient histograms and iz |—Continu
h*(x) denotes the actual coefficient histograms. In the "ZoZa) ontine

experiments, a subset of the Brodatz image database is
used. This subset contains 50 different textures of size
512x512. Table 1 is the mean of the fitness of improved
DDCT for the 50 different textures.

Fig. 2: Texture point generation of DDCT

matrix of each sub-band is computed using the
Table 1: The fitness of the improved double density Magnitudes of sub-bands coefficients.

Contourlet transform Secondly, the 0/1 quantization is used to deal with the
energy matrix of DDCT decomposition. In order to make
The high frequency sub-banfi The improved DDCT| CT the threshold self-adoptive, we will make use of the mean
0 0.0032 0.0022 of sub-band as threshold. Suppose that wli, j] is a
1 0.0038 0.0025 coefficient of sub-band and Tmean is threshold such that:
2 0.0025 0.0027 o
: oo = {§VETe o
5 0.0033 0.0017
6 0.0041 0.0020 Each coefficient of sub-bands is quantified as 0 or 1.
7 0.0024 0.0019 Then a texture point is defined as an 8-D vector by

considering texture channel values from the same location
of all eight bands. Figure 3 shows the quantization data
From table 1, we can find that the fitness of the set of the improved DDCT. These binary data can be
improved DDCT is very small for the texture images.
Then the GGD model can be used to describe the high
frequency subband coefficients histograms.

3 Image Retrieval Using The Contourlet
Transform

3.1 The Quantization Histogram Sgnatures

In order to reduce the complexity of algorithms, we use Fig. 3: The quantization data set of the improved DDCT
the single level decomposition of improved DDCT and

3-level binary tree DFB. Therefore, for each high

frequency sub-bands, there will be 8 high frequencytransformed as the decimal data. Thus the quantization
sub-bands at each stad#y, H1, Ho, Hs, Ha, Hs, Hg and histograms can be obtained and there are 256 bins
H;. Here, we will extract the quantization histogram (because 8-bands). The quantization histograms describe
signatures of DDCT. Fig.2 shows the structure ofthe array information of high frequency sub-bands and
quantization histogram signatures. Firstly, the energycan be used as the texture features of image.The
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histogramsHist; and Hist, are integrated as the new denotes the texture feature of the low frequency sub-band

guantization histograms. of the improved DDCT. Then the similarity between two
Let Hgy denotes the quantization histograms of images can be defined as the distance:

queering image andHgn, denotes the quantization

histograms of an image. The texture similarity between D(P,Q) = w1y, + w0 gp(wr, w2 > 0,1+ wp = 1)

Hgh1 andHgnz can be calculated by the (11). (14)
whereaw; is the weight of quantization histograms asosl
& i R is the weight of the LBP. The image retrieval algorithm
2, min(hy, he) based on the improved DDCT can be described as follows
don(Hopa, Hono) = 1— ————— (1) P :
min(y h}, 3 h) Stepl: The retrieval image is decomposed by the improved
i=1 =1 DDCT.
where n is the number of bins. Step2: The quantization histograms are used to describe

the texture features of the high frequency sub-bands
and the similarity can be computed by the histograms

3.2 Local binary patterns Signatures intersection method. .
yp 9 Step3: The LBP can be used to describe the texture

The quantization histograms is not making full use of the ~ features of the low frequency sub-band and the
low frequency sub-bands. Therefore we will use the Local ~ Similarity can be computed by the histograms
Binary Pattern (LBP)[2] to describe the texture features _  intersection method. o _
of low frequency sub-band. The LBP operator can be seerptep4: The Gaussian normalization is used to normalize
as a unifying approach to the traditionally divergent  thedgranddigp. o
statistical and structural models of texture analysis. TheStepS: The texture similarity of the querying image and
LBP feature is created in the following manner. Firstly, ~ Otherimages is computed by the weighted distance.
we compare the every pixel with its 8 neighbors. If the

center pixel's value is greater than the neighbor, the cente

pixel's value can be set as 1". Otherwise, the center4 Retrieval Performance Analysis

pixel's value can be set as "0”.The quantization can be

defined as: In the retrieval experiments, a subset of COREL image
1,6 > go _ database is used. This subset contains 2000 different

(9o, i) = {0’ gf <g (1<i<y) (12)  images, including flowers,horses,dinosaurs,bus,etc. The

o0 retrieval accuracy was measured by the recall and

wheregy denote the gray values of the center pixel andPrecision. Through the use of human subjects, the image
g denote the gray value of the center pixel of the localSet can be divided into two sets: the set of images relevant

neighborhood. for the query g, R(g) and its complement, the set of
Secondly, follow the pixels along a circle, i.e. irrelevantimage®(q) . Suppose that the query q is given

clockwise or counter-clockwise can give an 8-digit binary to a data set and that it returns a set of images A(q) as the

number. Finally, the histograms of each "number” can beanswer. Precision is the fraction of retrieved image that

texture feature vector of image. Therefore, thBP>r  are relevantto the seard:

histograms can be used to describe the texture feature of

low frequency sub-band. . orecision — |A(a) NR(a)] (15)
Let I; denotes low frequency sub-band of queering |A(9)]
image andl, denotes low frequency sub-band of an . ] ) )
image. Then, the texture similarity betwelarandl, can Recall is the fraction of relevantimages that is returned
be calculated by the (13). by the query:
noo . Al R
3 min(higps,higp2) recall = W (16)
diep(Hiep1, Hiep2) = 1— .-:1 T n_ (13) g
m'”(izlhi_splvizlhi_spz) We compare the proposed algorithm with the SD
- B algorithm in the paper. The parameter settings are:
where n is the number of bins. w, = w = 0.5 in this paper. We random select 20 images

as the query,where each query is set as an entire image

because we need to automatically perform the experiment
3.3 The algorithm description on the large query set: 400 query images. Figure 4 shows

the experimental data for the different algorithms, where
The quantization histograms denote the texture feature othe vertical and horizontal coordinates denote the
the high frequency sub-band and the LBP signatureprecision and the recall.
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Fig. 4: Performances of different algorithms

From Figure 4, it is observed that the proposed
algorithm vyields better retrieval accuracy than the SD
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