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Abstract— The following paper presents a comparative 
analysis on the efficiency of two search algorithms for Content–
Based Image Retrieval. Both algorithms are designed using the 
Dual-Tree Complex Wavelet Transform for image feature 
extraction and Hausdorff distance for similarity distance
computation. The difference in the steps of the algorithms 
produces difference in the final result. To estimate the efficiency 
of the algorithms, we performed some experiments and 
compared their results. They clearly show that one of the 
algorithms provides much higher retrieval rate and system 
performance than the other.
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I. INTRODUCTION

In the recent decade the amount of digital information has 
been continuously increasing. This process imposes the 
availability of large storage spaces to store the information and 
large databases to manage it. There are two basic approaches 
for image retrieval according to the type of the query: Text -
Based Image Retrieval (TBIR) and Content-Based Image 
Retrieval (CBIR). The first approach uses text keywords. The 
user is given the option to enter a keyword (or some keywords) 
in a text field which is (are) used to accomplish the image 
searching process. This approach is most widespread but it is 
remarkable for its three drawbacks: first, it is expensive since it 
requires the human participation to annotate the images in the 
database. Second, entering the annotations makes it time-
consuming. And third, the retrieved result depends mostly on 
the human perception which takes part in annotating images.

These drawbacks lead to the second and more efficient 
Content- Based Image Retrieval approach. A CBIR system 
implements two basic tasks: first, image feature extraction 
where according to the used techniques a set of features 
(feature vectors, image signatures) is generated. This set brings 
image information and represents it in an image database 
occupying much less storage space. The second task is 

similarity measurement. It computes the distance between the 
image query submitted by the user and all the images in the 
database using their feature vectors. The most similar to the 
query images are displayed as a result of the searching process.

The implemented techniques for image feature extraction 
use low-level features like color, shape, texture and layout. 
They may be classified into two groups: spatial and spectral. 
The first one relies on computing statistical values and suffer 
from rotation irresistance, insufficiency of number of features 
and sensibility of image noise. Such methods are [1], [2], [3]. 
In contrast to this, the spectral group of methods effectively 
measure image energy, generates rotataion resistant image 
feature vectors which cannot be influenced by image noise. 
This methods include Gabor filters [4], [5], wavelet [6], [7], 
[8], Discrete Cosine Transform [9], curvelet [10], Discrete 
Wavelet Transform [11], contourlet [12], [13], [14], [15].

This paper presents a comparative analysis on efficiency 
between two search algorithms for Content-Based Image
Retrieval, using the Dual-Tree Complex Wavelet Transform. It 
is arranged as follows. Section II discusses the Dual-Tree 
Complex Wavelet Transform as a filter bank (FB) structure, 
running process, conditions for shift-invariance and 
applications. Section III is divided into two subsections. 
Subsection III A introduces and compares the two search 
algorithms for Content-Based Image Retrieval, using the Dual-
Tree Complex Wavelet Transform and computing the 
similarity distance through Hausdorff distance. Subsection III 
B describes the accomplished test experiments, the 
experimental results and compares them in terms of the two 
algorithms.

II. THE DUAL-TREE COMPLEX WAVELET TRANSFORM

In 1998 Nick Kingsbury introduced an effective Complex 
Wavelet Transform (CWT) method called the Dual-Tree 
Complex Wavelet Transform (DT CWT). It is CWT based on 
complex valued scaling function and complex-valued wavelet:
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)()()( tjtt irc (1)

where )(tr - real and even part, )(tj i - imaginary and 

odd part, )(tc - analytic signal;

Kingsbury’s idea was to develop a transform which 
produces analytic signal on the analogy of Fourier transform 
and which possesses the following properties:

smooth non-oscillating magnitude;

nearly shift-invariant magnitude;

significantly reduced aliasing effect;

directional wavelets in higher dimensions;

For the DT CWT realization Kingsbury uses two Discrete 
Wavelet Transforms (DWTs) performed on two different 
binary wavelet trees A and B (Fig. 1) for each. Thus he designs 
the real and the imaginary part of DT CWT to produce the 
analytic signal.

Fig. 1 illustrates graphically the 1-D DT CWT analysis 
filter bank (FB) structure. 
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Fig. 1. The 1-D DT CWT analysis filter bank (FB) structure

The input signal p is decomposed by the lowpass filters 
R0(k) for the real part and J0(k) for the imaginary one and 
decimated by 2:1 generating its lowpass components p0 and 
p2. The highpass filters R1(k) and J1(k) and decimation by 2:1 
produce the highpass components p1 and p3 of the signal p. 
This process continues as far as required for levels l=1, 2, 3, 4. 
The final result of the decomposition of p is: p1, p01, p001, 
p0001 for the real part and p3, p03, p003, p0003 for the 
imaginary part. The filters used for DT CWT are chosen to be 
linear-phase satisfying the Perfect Reconstruction (PR) 
condition [16] and are joined so that the final result of the 
transform is approximately analytic:

)()(:)( tjtt JR (2)

where: )(tR , )(tJ - wavelets generated by the two 
DWTs.

In addition, both low-pass filters R0(k) and J0(k) have 
to be designed to possess a property so as the corresponding 
wavelets to form an approximate Hilbert transform pair:

)()( tHt RJ (3)

where: 

)()(2)( 1 tkRt R
k

R (4)

k
RR tkRt )()(2)( 0 (5)

where: )(0 kR - low-pass filter, )(1 kR - high-pass filter.

For this goal one of the two low-pass filters has to be nearly 
half-sample shift to the other:

)()()5.0()( 00 tHtkRkJ RJ (6)

This half-sample delay leads to nearly shift-invariant 
wavelet transform.

Besides one-dimensional application, DT CWT may be 
used for two dimensional tasks through 2-D DT CWT relying 
on the M-D dual-tree wavelets properties to be approximately
analytic and oriented. Thus, it is suitable for edge and surface 
detection in image processing. The process of filtering is 
performed by two different groups of filters providing two 2-D 
separable DWTs and six subbands: two HL, two LH, and two 
HH subbands.

2-D DT CWT finds application in image segmentation [17], 
motion estimation [18], texture analysis and synthesis [19],
feature extraction [20].

III. COMPARATIVE ANALYSIS BETWEEN TWO SEARCH 
ALGORITHMS USING DT CWT FOR CBIR AND EXPERIMENTAL 

RESULTS

A. DT CWT search algorithms for CBIR
In the following section, we propose a comparative analysis 

between two search algorithms for image retrieval using DT 
CWT for the goals of a CBIR system. The first one (A) is 
remarkable for DT CWT performance on the entire image 
while in the second one (B) the same transformation is 
performed on subimages obtained in the image division.

The steps order of algorithm A is designed as follows:

The source image (I), shown in Fig. 2, is resized to the 
size of M x N for M=N=256 where M – number of 
rows, N – number of columns through the Matlab 
function imresize (A,[mrows,ncols]) which performs 
image resize without information loss. The obtained 
result )'(I is shown in Fig. 3.
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The result )'(I of step 1 (Fig. 3) is converted from a 
RGB color space image )'(I into a grayscale color 
space image )''(I with values of the pixel in the range 
of [0,1], as shown in Fig. 4.

DT CWT is performed on each of the images 
)( ''

999
'
0 II obtained in step 2 at level 4l to 

decompose them and generate their lowpass and 
bandpass components. Each image has 10 components 
(2 lowpass and 8 bandpass), imaginary and real parts.

The extracted wavelet features form the image feature 
vectors which are stored in a CBIR database.

The user is given the option to submit a query-image 
(Q) which is decomposed using the first four steps of 
the algorithm and thus form a query-image feature 
vector.

To compute the similarity distance between the query-
image feature vector and each of the image feature 
vectors in the CBIR database, Hausdorff Distance 
executes according to the following equation:

)),(),,(max(),( ABhBAhBAH (7)

where: },...,{ 1 maaA , },...,{ 1 nbbB are two finite 
point sets and:

baBAh
BbAa

minmax),( (8)

The final result is sorted and displayed.

Fig. 5 depicts the flowchart of algorithm A and B in Matlab.

Fig. 2. Source image ( I )

Fig. 3. Resized image )'(I

Fig. 4. Converted grayscale image )''(I
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Fig. 5. Flowchart of algorithms A and B for image retrieval

On the other hand, the algorithm B uses the same steps 
except for steps 3 and 4 where:

The image )''(I is divided into nn )8(n non-

overlapping subimages )( ''
64

''
1 II .

DT CWT is performed on each of the subimages 
)( ''

64
''

1 II obtained in step 3 at level 4l to 
decompose them and generate their lowpass and 
bandpass components. Each subimage has 10 
components (2 lowpass and 8 bandpass), imaginary and 
real parts.

Table 1 contains the comparison of the steps of algorithms 
A and B. The differences between the two algorithms are 
marked by Italic font.

B. Experimental results
For the goal of the proposed algorithm, Wang image test 

database, containing 1000 RGB images, was used. The images 
are classified into 10 groups: nature, architecture, vehicles, 
dinosaurs, elephants, flowers, horses, food and two groups of 
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people each of 100 images. They are distinguished for size 
256x384 px and 384x256 px in JPEG format.

TABLE I. COMPARISON OF THE STEPS OF ALGORITHMS A AND B

Step 
Number

DT CWT on 
entire image

DT CWT on 
subimages

1 Image Resizing Image Resizing
2 Image Conversion 

from RGB into 
grayscale color 

space

Image Conversion 
from RGB into 

grayscale color space

3 DT CWT
performance on the 

entire image

Image division into 
64 non-overlapping 

subimages
4 Feature vectors 

storing in a CBIR 
database

DT CWT 
performance on each 

of the subimages
5 User’s query-

image submission
Feature vector’s 

storing in a CBIR 
database

6 Similarity distance 
computation

User’s query-image 
submission

7 Sorting and 
displaying of the 

final result

Similarity distance 
computation

8 Sorting and 
displaying of the final 

result

The algorithm is tested via the software for mathematical 
and engineering computation Matlab R 2008b on personal 
computer with the following configuration: Intel (R) Core 
(TM) 2 Duo 2,40 GHz, 32-bit Operating System.

The two algorithms are designed for a CBIR system 
development.

In [21] we present a comparative analysis on the 
effectiveness of the two algorithms. The goal of the following 
research work is to implement experiments to estimate and 
compare the efficiency of the two algorithms at level 1, 2, 3, 4 
( 4,3,2,1l ). With regard to this, we computed feature 
extraction time and distance measure time for both algorithms.

1) Feature extraction time:
To calculate feature extraction time, we used the following 

technique, aiming to reduce the influence of any running 
processes in the computer system. First, each feature extraction 
was accomplished ten times and each extraction time was 
calculated and marked as kt , nk 1 , 10n . Second, we 
computed the arithmetic average using these ten time 
measurements using the formula: 

n

t
avg

n

k
k

i
1 (9)

where: i - treated image.

This procedure was applied over all 1000 images of the test 
image database. And third, we defined the arithmetic average 
on the base of the obtained arithmetic average values of each of 
the images. The used formula for this calculation is:

J

avg
avg

J

i
i

f
1 (10)

where: f - final arithmetic average value, J - number of 
the images in the test image database ( 1000J ).

The obtained result is tabulated in Table 2. Fig. 6 and 7 
introduce it graphically.

Comparing the results, it is clearly seen that the search 
algorithm A exceeds the rate of algorithm B in the range of five 
and seven times for iavg and between five and six times for 

favg , showing better time results. The reason for this is the 
algorithm essence itself. Thus, applying DT CWT on the entire 
image requires short period of time, increasing the feature 
extraction rate. Respectively, applying DT CWT on image 
which is first divided into 64 subimages and then the feature 
vectors are extracted from each of the subimages, takes a 
longer period of time. This process influences on the feature 
extraction rate, decreasing it.

In addition, for both algorithms the time necessary for 
image feature extraction increases at each level. It is related to 
the required time for image energy computation by the 
highpass and lowpass filters used at each level separately.

TABLE II. EXPERIMENTAL RESULTS ON FEATURE EXTRACTION TIME 
FOR ALGORITHMS A AND B

L
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Feature Extraction Time
DT CWT on entire 
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DT CWT on subimages

(B)

A
ve

ra
ge

 F
ea

tu
re

 E
xt

ra
ct

io
n 

Ti
m

e 
(s

ec
) f

or
  [

t 1
-t

10
] f

or
 

i=
[1

]

A
ve

ra
ge

 F
ea

tu
re

 E
xt

ra
ct

io
n 

Ti
m

e 
(s

ec
) f

or
 i=

[1
-1

00
0]

A
ve

ra
ge

 F
ea

tu
re

 E
xt

ra
ct

io
n 

Ti
m

e 
(s

ec
) f

or
 [t

1-
t 10

] f
or

 
i=

[1
]

A
ve

ra
ge

 F
ea

tu
re

 E
xt

ra
ct

io
n 

Ti
m

e 
(s

ec
) f

or
 i=

[1
-1

00
0]

1 0.027217 0.027012 0.152151 0.151758
2 0.039921 0.039035 0.216815 0.224086
3 0.043008 0.041958 0.2334464 0.26747172
4 0.044368 0.045356 0.3089891 0.276512
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Fig. 6. Feature extraction time of algorithms A and B
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Fig. 7. Feature extraction time of algorithms A and B

2) Distance measure time
To calculate distance feature time (in our case we used 

Hausdorff distance measure), we applied the same technique as 
for feature extraction time and treated each image of the test 
image database as a query-image q . However, for this time 
computation we worked with the following formulae: for 
Average Distance Measure Time (sec) for [t1-t1000] for q=[1], 
( qavg ): 

p

t
avg

p

r
r

q
1 (11)

where: q – treated query-image, rt - extracted time, 
pr 1 , 10p and for Average Distance Measure Time 

(sec) for q =[1-1000], ( favg ):

L

avg

avg

L

q
q

f
1 (12)

where: f - final arithmetic average value, L - number of 
the images in the test image database ( 1000L ).

The obtained result for distance measure time is tabulated 
in Table 3.

Unlike feature extraction time, in this case algorithm A
shows higher time values compared to the ones of algorithm B
which means lower rate of algorithm A and higher rate for 
algorithm B. The difference in Hausdorff distance measure 
time between the two algorithms varies in the range of three 
and twelve times for qavg and between nearly four and eleven 

times for favg to the advantage of algorithm B.

Once having extracted feature vectors and stored them in 
the CBIR database, a CBIR system should possess high 
distance measure rate to serve the query-images as fast as it is 
possible. In this respect, algorithm B shows better time results 
than algorithm A.

Fig. 8 and 9 illustrate the result in Table 3.

TABLE III. EXPERIMENTAL RESULTS ON HAUSDORFF DISTANCE 
MEASURE TIME FOR ALGORITHMS A AND B
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Fig. 8. Hausdorff distance measure time of algorithms A and B
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1 275.7872 277.2658 41.99445 41.66182
2 28.791086 28.22208 3.657405 3.614438
3 2.796026 2.939972 0.234023 0.274165
4 0.325272 0.364082 0.118365242 0.10163034
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Fig. 9. Hausdorff distance measure time of algorithms A and B

On the base of the implemented experiments and 
comparison analysis, it is evident that algorithm B distinguishes 
from algorithm A with higher feature extraction time values
and lower distance measure time values. However, it has the 
ability to form feature vectors and store them in a CBIR 
database for optimum time and serve a great number of query-
images in a higher retrieval rate than algorithm A.

IV. CONCLUSION AND FUTURE WORK

The presented report introduces a comparative analysis 
between the efficiency of two algorithms for Content-Based
Image Retrieval using the Dual-Tree Complex Wavelet 
Transform. The performed experiments and analyses show that 
the algorithm where the transform is applied on subimages 
obtained after image division, provides higher retrieval rate
than the algorithm where the transform is performed directly
on the entire image.

In the future, our research work is planned to include 
experiments implementation and analysis on such factors as: 
image size, parallel computing, number of subimages, feature 
selection.
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