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Abstract 
 
Images can be compressed using different algorithms such 
as JPEG and JPEG 2000.  Retrieving these kinds of images 
typically require processing them onto the uncompressed 
spatial form in which features are extracted for further 
analysis.  This approach incurs many pre-processing 
operations, especially for large image archives.  The 
objective of this paper is to study features that are common 
in these domains so that indexing can be done directly 
from their compressed domain.  By deriving expressions 
for the lowpass filters in both block-based discrete cosine 
transform (DCT) and wavelet transform (WT), it is found 
that these two filters are very similar.  In fact, it is shown 
that they are the same for the Haar wavelet kernel.  Both 
theoretical and experimental studies show that features that 
are common to DCT and WT domains can be extracted.  
Also, the effect of compression ratios on these two 
formulations has been studied.  It is found that despite the 
high compression ratio, features that are extracted from 
these two compressed domains still can have a large 
similarity. 
 

1.  Introduction 
 
With the rapid growth of Internet and multimedia systems, 
the use of visual information has increased enormously. 
Indeed, image indexing and retrieval techniques have 
become important.  These techniques are often required to 
extract meaningful information (features) from an image so 
that images can be classified and retrieved efficiently based 
on their contents.  Example application areas include 
digital libraries systems, video on demand applications and 
multimedia information systems. 
 
In the past few years, many retrieval systems, such as 
QBIC, Virage, have been proposed [1-2].  A common 
ground between these systems is that features used for 
indexing are obtained directly from the spatial image data.  
Recently, image/video compression standards such as 
JPEG and MPEG have been used to reduce the bandwidth 
and storage requirements [3-4].  Hence, images are 
expected to be increasingly stored in compressed form.  If 
one could obtain features directly from its compressed 
form, unnecessary decompression operations can be 
avoided.  However, different compression techniques result 
in different transformed coefficients which could affect the 
features that can be extracted.  Thus, the compressed 

domain-based indexing method greatly depends on the 
techniques that are used in compression. 
 
Most of the compression systems proposed are based on 
either the DCT or the WT.  DCT has been selected as part 
of the international standards such as JPEG and MPEG-
1/2.  An image is sub-divided into 8x8 blocks and DCT 
will then transform each block independently into the DCT 
domain. DCT-domain based indexing techniques involve 
extracting features by analyzing these DCT coefficients 
[5].  Recently, wavelet transform has emerged as a new 
tool in compression.  In fact, the new compression 
standard, JPEG 2000, had adopted wavelets in its 
compression algorithm.  Various wavelet-domain based 
indexing techniques have been proposed in which 
significant wavelet magnitudes are used as features [6]. 
 
Due to the various compression standards, it is expected 
that images would be available in heterogeneous nature, 
i.e., some might be stored using DCT-based technique 
while some in WT-based technique.  It is very much 
desirable if we can explore features that are common in 
these domains so that indexing can be done directly from 
their original domain for comparison.  The objective of this 
paper is to study the features that are in common between 
the DCT and the WT domains.  Both theoretical and 
experimental analysis will be carried out.   
 
The paper is organized as follows.  In section 2, both JPEG 
and JPEG2000 compression schemes are briefly discussed.  
Common features in DCT and WT domains will be 
investigated in section 3.  Section 4 then discuss the 
similarity measurements between DCT and WT.  In section 
5, experimental results are included.  Finally, section 6 
concludes the paper. 
 
2.  Transform Techniques  
 
2.1 JPEG compression scheme 
 
JPEG compression scheme employs DCT in a block-by-
block manner [3].  The whole image in spatial domain is 
divided into a number of 8×8 pixels blocks.  Each block 
then undergoes a 2D DCT to transform to frequency 
domain.  Mathematically, let x(k,l) be the original image, 
where k and l are from 0 to N-1 and N is the size of the 
image.  Then,  the DCT-transformed coefficients Xm,n(u,v) 
at (u,v) can be written as, 
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In particular, Xm,n(0,0) is the DC coefficient which 
measures the average pixel intensity inside the 8×8 block.  
The other 63 coefficients of Xm,n(u,v) for u,v≠0 are AC 
coefficients which reflect the frequency content of the 
blocks other than DC.  If 2D DCT is applied to an N×N 
image, Xm,n(0,0) in each block can be put together to form 
an N/8×N/8 image which represents a blurred version of 
the original image as shown in Figure 1a.   
 
2.2 JPEG 2000 compression scheme 
 
JPEG 2000 compression scheme uses WT to map images 
from spatial domain into spatial-frequency domain.  Since 
wavelets are well localized in both spatial and frequency; 
hence they can produce a multiple resolution view of an 
image.  As can be seen in Figure 1c, the low-low band 
gives coarse information while the other subbands give 
details of the original image. 
 

   
             (a)                         (b)                        (c) 
Figure 1:  (a) DC image from DCT (b) lowpass image from 
WT with a three decomposition level (c) low-low band and 
subbands in three decomposition level. 
 

3.  Common Features in DCT and 
Wavelet Domain  
 
In both transformed domains, spatial and frequency 
information regarding the original image are preserved.  
The DC image from DCT and the lowpass image from WT 
can be extracted from their respective compressed domains 
for further analysis due to their similarity [7].  In this 
section, mathematical formulations regarding the DC 
image and the lowpass image are formed which is used to 
theoretically study the similarity between these two images. 
 
Both DCT and WT belong to the class of separable 
transform since the 2D transform is obtained from 1D row 
transform followed by 1D column transform.  Thus, the 
mathematical formulation is done in 1D for simplicity. 
   
 
 

3.1 DC Signal from DCT 
 
The DC coefficient in each block is concatenated together 
to form a blurred version of the original image/signal.  It is 
called the DC signal in the following discussion.  Let 

nx be the original signal, then the DC signal becomes, 
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where ( )0nX  is the DC coefficient at the n-th block and 

( )11111111
22

1
81 =xA       (4) 

( )0000000081 =x0           (5) 
Using Z transform, the DC signal and the original signal 
can be expressed respectively as, 
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From eqn.3, we can see that, 
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Using eqn.6 to eqn.8, it can then be shown that, 

( ) ( ) ( ) 8
~~~ ↓= zXzFzX DCDC  (9) 

where  8↓ denotes a down-sampling by 8 operation and,  
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Eqn.9 shows that the DC signal can be obtained by 
employing a filtering operation followed by a sub-
sampling operation.  The characteristics of the DC signal is 
thus dependent on the filter ( )zFDC

~
.  Figure 2 shows the 

resultant implementation.  This reformulation helps us to 
compare the DC signal and the lowpass signal from the 
WT under the same framework. 
 

 
Figure 2: the relationship between the DC signal and the 
original signal from the perspective of a filtering operation. 
 
3.2 Lowpass Signal from WT 
 
The lowpass signal from WT is obtained by a three-level 
decomposition of the original signal as shown in Figure 3. 
In each decomposition level, the signal is lowpass and 
bandpass filtered which is followed by a sub-sampling by 2 
operation.  Three level of decomposition is chosen so that 
the size of the lowpass signal is same as that of the DC 
signal.  Mathematically, in each decomposition level, the 
wavelet filter, FWT, can be constructed as,  
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where ih  and ig  denote respectively the lowpass and the 
bandpass filters.  To obtain the lowpass signal, the original 
signal is lowpass-filtered followed by a subsampling by 
two operation three times as in Figure 3.  Equivalently, the 
filtering and the subsampling operations can be reversed in 
orders which result in the implementation as shown in 
Figure 4.  Note that the filter FLOW can be written as, 

25612864 ==== NLNLNLLow FFFF  (12) 
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In Z-domain, the lowpass signal can be expressed as, 
( ) ( ) ( ) 8

~~~ ↓= zXzFzX LowLow   (14) 
where the lowpass filter can be constructed as, 

( ) ( ) ( ) ( )42 ~~~~
zFzFzFzFLow =   (15) 
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By using this formulation, the characteristics of the 
lowpass signal depends on the filter ( )zFLow

~
.  Therefore, 

to compare the DC signal and the lowpass signal, we need 
to study the lowpass filters ( )zFDC

~
 and ( )zFLow

~
.   

 

 
 

Figure 3: Lowpass signal from three level wavelet 
transform. 
 

 
 
Figure 4:  the relationship between the lowpass signal and 
the original signal from the perspective of a filtering 
operation. 
 
4.  Lowpass Filters Analysis 
 
The formulation in Section 3 (Figure 2 and Figure 4) 
provides a foundation for theoretical analysis between the 
DC signal in DCT and the lowpass signal in WT.  As can 
be seen in eqn.10, the expression of ( )zFDC

~
 is fixed.  In 

contrast, the expression of ( )zFLow
~

 depends on the choice 
of the wavelet kernel.   
 
4.1 Lowpass Filter For Haar Kernel 
 
The Haar kernel can be written as, 

( ) ( )zzF += 1
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which gives, 
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It can be seen that ( )zFDC
~

 and ( )zFLow
~

 from Haar kernel 
are the same.  Therefore, we can conclude that the DC 
image from DCT and the lowpass image from WT using 
Haar kernel are exactly the same.  In other words, same 
features can be found from these two compressed domains. 
 
4.2 Lowpass Filters For Other Kernels 
 
Besides the Haar kernel, we need to study other commonly 
used wavelet kernels in compression.  In this section, we 
consider the Daubechies-4 kernel, the commonly used 
Biorthogonal (9,3) and (9,7) kernels. 
 
Due to the long length of these filters, it is impossible to 

write down the expression for ( )zFLow
~

.  Instead, with 

N
k

j
ez

π2

= , ( )kFLow
~

 for these kernels are plotted and 

compared with ( )kFDC
~

.  Figure 5a shows the plot of 

( )kFDC
~

 while Figure 5b shows that of ( )kFLow
~

 using 

various wavelet kernels.  In general, we can see that all of 
them match very well with each other.   
 
To quantify their similarity, one can use the similarity 
measure which is defined as, 
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for functions A and B. The similarity measure tries to find 
out how similar A and B are.  Its value lies between 0 and 
1.  Large value means the shapes show a good match while 
a low value means they are not similar. 
 
As expected, S equals to 1 in the Haar kernel case.  The 

similarity between ( )kFDC
~

and ( )kFLow
~

 are 0.9831, 

0.9522 and 0.9659 respectively for the Daubechies 4, 
Biorthogonal (9,3) and Biorthogonal (9,7) kernels.  They 
are all over 0.95 which means that they are very similar.  In 
other words, the DC image from DCT and the lowpass 
image from WT should have similar spectral content. 



 

 
(a)    (b) 

Figure 5:  The plots of (a) ( )kFDC
~

 and (b) ( )kFLow
~

 for 

various wavelet kernels.  
 
4.3 1D Signal Analysis 
 
The DC filter in DCT and the lowpass filter in WT have 
been shown to be similar to each other.  In this part, we 
will analyze the similarity between DCX  and LowX . 
Using the average of all the rows of Lena image as our 1D 
signal, DCX  and LowX  are calculated using eqn.3 and 
eqn.12 respectively.  Their similarities in both spatial and 
spectral domains are then calculated.  Figure 6 shows the 

plots of ( )kX DC
~

 and ( )kX Low
~

 using the four wavelet 

kernels.  The similarities are 1, 0.9981, 0.9867 and 0.9976 
using Haar, Daubechies 4, Birothogonal (9,3) and (9,7) 
kernels respectively.  Thus we can see that the spectral 
content between DCX  and LowX  are more or less the 
same. 
 
Similarly, similarity value between DCX  and LowX  in 
spatial domain is calculated.  The similarities in spatial 
domain are 1, 0.9449, 0.9499 and 0.9721 using Haar, 
Daubechies 4, Birothogonal (9,3) and (9,7) kernels 
respectively.  We can see that the similarity is high which 
implies that the DC signal in DCT and the lowpass signal 
in WT are similar in both spatial and spectral domains.  
Therefore, common feature should be able to define using 
DC signal and the lowpass signal. 

 
 
 
 
 
 
 
 

 

Figure 6: Plots of ( )kX DC
~

 and ( )kX Low
~

.  

 

5.  Experimental results 
 
Section 4 shows that the DC signal from DCT and the 
lowpass signal from WT share great similarity.  In this 
section, the similarity study will be carried out on various 
images.  In our image database, there are four different 

kinds of images: 21 natural scenes, 11 structured texture 
patterns, 9 random texture patterns, and 15 man-made 
(artificial) object images.   Figure 7 shows some sample 
images in each image type. 
 

    
             (a)                (b)                  (c)                 (d) 
Figure 7: Sample images from (a) natural scene, (b) 
structured texture pattern, (c) random texture pattern, and 
(d) man-made object image. 
 
5.1 Similarity Analysis on Images 
 
Haar, Daubechies 4, Biorthogonal (9,3) and (9,7) wavelet 
kernels are used to extract the low frequency information 
and DCF

~
 filter is used to obtain the DC coefficients.    

Similarity analysis is carried out on each type of images in 
both spatial and spectral domains.  Table 1 summarizes the 
similarity values.  The similarities of structured texture 
patterns are smaller than that of natural scenes and random 
texture patterns.  It is because structured texture patterns 
contain many high frequency components and these 
components are neglected by DCF

~
 and LowF

~
 in various 

degrees.  However, in consistent with our theoretical study, 
the Haar kernel can achieve the maximum similarity for all 
kinds of images.  For other wavelet kernel, the similarities 
are all over 0.9 which means that there is a great similarity 
between the DC image in DCT and the lowpass image in 
WT.   Therefore, it is possible to extract common features 
from JPEG and JPEG 2000 without decompression for 
direct comparison. 
 

 
Natural 
scene 

Structured 
texture 
pattern 

Random 
texture 
pattern 

Man-
made 
object 

Haar (1.0000) 
1.0000 

(1.0000) 
1.0000 

(1.0000) 
1.0000 

(1.0000) 
1.0000 

DB4 (0.9972) 
0.9621 

(0.9934) 
0.9440 

(0.9968) 
0.9590 

(0.9985) 
0.9785 

B93 (0.9876) 
0.9575 

(0.9660) 
0.9149 

(0.9864) 
0.9589 

(0.9930) 
0.9748 

B97 (0.9970) 
0.9766 

(0.9914) 
0.9573 

(0.9968) 
0.9789 

(0.9983) 
0.9854 

 Table 1:  Similarities in both spectral and spatial domains 
between the DC image and the lowpass image.  Similarities 
inside bracket is in spectral domain while that outside is in 
spatial domain. 
 
5.2 Effect of compression 
 
The compression ratio could affect the features that can be 
extracted directly from the compressed domains.  This 
effect would certainly be big if the compression ratio is 
high.  In this sub-section, JPEG and JPEG 2000 
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compression schemes will be applied to compress images 
to various degrees.  Then the DC and the lowpass images 
are extracted from their respective compressed domains for 
similarity measure.  
 
 Five compression ratios are used, they are 2:1, 6:1, 12:1, 
25:1 and 50:1.  Under the five compression ratios, the 
similarities between DC and lowpass images are still all 
over 0.9.  As 50:1 is the largest compression ratio in this 
experiment, it is used as an example to illustrate the 
difference between DC and lowpass images.  Figure 8 
shows the extracted DC and lowpass images under 50:1 
compression ratio.  Differences between these two images 
can easily be seen.  Table 2 summarizes the similarities 
obtained.  Note that the Haar kernel can no longer achieve 
the maximum similarity.  It is because JPEG and JPEG-
2000 use different methods in their compression schemes.  
However, the similarity is still high and is close to 1 even 
under high compression ratios.   As the overall similarities 
are well over 0.9, compression does not have a big effect 
on extracting the common features from JPEG and JPEG-
2000 compressed images.  Therefore, feature 
characterization can be done directly on the compressed 
images, irrespective of whether it is compressed using 
JPEG or JPEG 2000.   

  
                            (a)                                 (b) 
Figure 8:  (a)  DC image from JPEG and (b)lowpass image 
from JPEG 2000 with a compression ratio of 50:1. 
 

 Natural 
scene 

Structured 
texture 
pattern 

Random 
texture 
pattern 

Man-
made 
object 

Haar (0.9963) 
0.9929 

(0.9972) 
0.9942 

(0.9968) 
0.9936 

(0.9982) 
0.9965 

DB4 (0.9947) 
0.9585 

(0.9928) 
0.9463 

(0.9950) 
0.9578 

(0.9973) 
0.9759 

B93 (0.9879) 
0.9544 

(0.9729) 
0.9236 

(0.9870) 
0.9572 

(0.9931) 
0.9728 

B97 (0.9944) 
0.9719 

(0.9918) 
0.9604 

(0.9949) 
0.9758 

(0.9970) 
0.9829 

Table 2: Similarities in both spectral and spatial domains 
between the DC image and the lowpass image at 50:1 
compression ratio.  Similarities inside bracket is in spectral 
domain while that outside is in spatial domain. 
 

6.  Conclusion 
 
Compression schemes such as JPEG and JPEG 2000 
employ block-based discrete cosine transform (DCT) and 
wavelet transform (WT) respectively.  In this paper, we 
have studied features that are common in these two 

domains so that feature can be extracted from their 
respective domains for direct comparison.  By deriving 
expressions for the lowpass filters in both block-based 
DCT and WT, it is found that these two filters are very 
similar.  In fact, it is shown that they are the same for the 
case of Haar kernel.  Both theoretical and experimental 
studies show that feature characterization can be done 
directly in the compressed domains, irrespective of 
whether it is compressed using JPEG or JPEG 2000.  Also, 
the effect of compression ratios has been studied.  It is 
found that despite the high compression ratios, features 
that are extracted from these two compressed domains still 
can have a large similarity. 
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