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Abstra t

Given a video frame or image in terms of its 8  8
blo k-DCT oeÆ ients we wish to obtain a downsized
(lower resolution) or upsized (higher resolution) version of this frame also in terms of 8  8 blo k-DCT oeÆ ients. We propose an algorithm for a hieving this
dire tly in the ompressed domain whi h is omputationally mu h faster, produ es visually sharper images
and gives signi ant improvements in PSNR (typially 4 dB better ompared to other ompressed domain
methods based on bilinear interpolation). The downsampling and upsampling s hemes ombined together
preserve all the low-frequen y DCT oeÆ ients of the
original signal. This implies tremendous savings for
oding the di eren e between the original (unsampled
image) and its predi tion (the upsampled image). This
is desirable for many appli ations based on s alable enoding of video.

1 Introdu tion

The notion of hierar hi al representation of a signal has been used in many ontexts. For example in
s ale spa e theory [1, 2, 3, 4℄, the signal is represented
from oarse to ne levels of detail to extra t important
stru ture at a ontinuum of s ales, by onvolving it
with a Gaussian kernel whose standard deviation plays
the role of s ale. During the last few de ades a number of other approa hes to multi-s ale representation
like pyramids and wavelets have also gained popularity. The main di eren e between s ale-spa e representation and the pyramid or wavelets representation is
that the s ale spa e representation uses the same spatial sampling density at all s ales whereas in pyramid
representations the main obje tive is to de rease the
sampling density with oarser and oarser s ales (or
approximations). To redu e aliasing ltering is performed before subsampling. Hen e with proper hoi e
of lters (e.g. orthogonal wavelet representation) we
an say that the multi-resolution (or pyramid) representation is non-redundant whereas the s ale-spa e
representation is maximally redundant [1℄. Moreover
the rapidly de reasing image size in the pyramid representation allows omputationally eÆ ient oarse-tone pro essing. Due to su h reasons the pyramid
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stru ture using wavelet de omposition [5℄ is very suitable for ompression or progressive en oding of the signal where as the s ale-spa e approa h is more suitable
for immediate a ess to stru ture within the signal at
all levels of s ale.
However, the standards urrently in pra ti e do not
use wavelet de ompositions. Blo k-DCT is by far the
most popular method for image ompression. Keeping
this in mind, we shall present in this paper a method
for de reasing and in reasing the resolution of images
or video frames stored in terms of their blo k-DCT
oeÆ ients. For many appli ations one needs to produ e a ompressed bitstream ontaining the video at
a di erent resolution than the original bitstream. For
example for browsing a remote video database it would
be more e onomi al to send low-resolution versions of
the video lips to the user and depending on his or her
interest progressively enhan e the resolution. A typi al video onferen ing appli ation will require ompositing video bitstreams at di erent resolutions into
one bitstream ontaining the individual video frames
at possibly lower resolution. Similarly for transmitting video over dual-priority networks we an transmit a low-resolution version of the video over highpriority hannel and an enhan ement layer over the
low-priority hannel. Similarly one solution to transmitting video over bandwidth- onstrained hannels is
to transmit a low-resolution version of the video. Spatial s alability is also used in HDTV for maintaining
ompatibility with standards other than MPEG-2 (e.g.
MPEG-1) and to allow for varied bitrate and omputational apabilities of di erent users.
The straightforward approa h of de ompressing,
arrying out the downsampling in spatial domain and
then re ompressing involves unne essary work and is
omputationally too intensive to be feasible in realtime on urrently available workstations. Hen e reently there has been mu h work [6, 7, 8℄ in arrying
out downsampling as well as other operations on video
sequen es dire tly in the ompressed domain without
requiring de ompression and re ompression.
Most previous approa hes for downsampling in the
ompressed domain (say in the DCT domain) rely on
the fa t that the DCT, being a linear orthonormal
transform, is distributive over matrix multipli ation
[9, 6, 7℄. Let 1 ; 2 ; 3 ; 4 denote four adja ent 8  8
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Figure 1: Downsampling 4 onse utive blo ks to get a
single blo k.
blo ks in the spatial domain as shown in Figure 1 then
the
P4 downsampled 8  8 blo k an be written as: =
i=1 hi i gi where the downsampling lters hi ; gi are
usually taken as
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and similarly for the other hi 's and gi 's. Let T denote
the 8  8 DCT operator matrix. Sin e T T t = T t T = I
we have
4
X
DCT(hi )DCT( i )DCT(gi )
DCT( ) = T T t =
i=1

(2)
DCT(hi ) and DCT(gi ) for i= 1 to 4 an be pre omputed. Hen e given DCT( i ) for i= 1 to 4, DCT( )
an be omputed as matrix multipli ation. However
even though the lter matri es hi and gi are sparse,
DCT(hi ) and DCT(gi ) are not sparse at all. Hen e the
matrix multipli ation in (2) an have omplexity omparable to downsampling in spatial domain (by rst
taking inverse DCT, ltering and taking DCT ) using
fast algorithms for omputation of the DCT. In [6℄ a
fast algorithm has been developed for the omputation of (2) based on fa torization of the DCT matrix
orresponding to the Winograd algorithm. However
their approa h is mainly aimed at the downsampling
matrix in Eq. (1) and it has been ommented in that
paper that it is not guaranteed that for every reasonable anti-aliasing lter the method would have lesser
omplexity than spatial domain methods.
Hen e we see that the previous approa hes view the
downsampling operation as lowpass ltering followed
by downsampling and try to implement this in the
DCT domain. The lowpass lter is hosen independent of the DCT transform. In our approa h we shall
show that it is possible to design a low-pass lter so
that DCT of the lter matrix is sparse rather than the
lter matrix itself.
We shall rst give an outline of our s heme for 1-D
signals. Let B1 and B2 denote the 8-point DCT of
two onse utive 8-sample blo ks b1 and b2 . We wish

to generate the 8-point DCT B of the 8-point blo k
got by downsampling (b1 , b2 ) with an appropriate
lter. The downsampling has to arried out as far as
possible in the ompressed domain. In prin iple the
proposed s heme an be viewed as follows: Take 4point inverse DCT of the 4 lowpass oeÆ ients in B1
and similarly for B2 . Con atenate these two 4-point
blo ks and then take its 8-point DCT. The resulting
blo k is the desired blo k B . In se tion 2 we shall
des ribe an algorithm for implementing this operation
and show that it is omputationally inexpensive ompared to matrix multipli ation in Eq. (2). The s heme
works be ause taking 4 point inverse DCT of the 4
lowpass oeÆ ients of 8-point DCT of a blo k gives
a low passed and downsampled version of the original
8-point blo k [10℄.

2 Downsampling in the DCT domain

In this se tion we shall elaborate on the downsampling s heme and give a omputationally eÆ ient algorithm for it. We shall derive the relevant equations in
1-D and then extend them to 2-D. As in the previous
se tion let b1 and b2 denote two onse utive 8-pixel
blo ks in the spatial domain. Let B1 and B2 be their
b1
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Hen e b^ is a low-pass ltered downsampled version of
^ dire tly from B1 and B2
b . We need to ompute B
^
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(i.e. from B1 and B2 ). Let T (8  8) denote the 8point DCT operator matrix and let T4 (4  4) denote
the 4-point DCT operator matrix. Then we have the

following equation:  b^ 
^1 
1 = [T T ℄ T4tB
^ = T b^ = T
B
L R
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^ 1 + TR T4t B
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= TL T4t B
(4)

where TL and TR are 8  4 matri es denoting the rst
and last four olumns respe tively of the 8-point DCT
operator T . Let us have a look at TL T4t and TR T4t
and see how about 50% of the terms in the produ t
turn out0to be zeros (see also Eq. (3) at top): 11
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The following points an be noted immediately from
Eqs. (3) and (5) :
1 The normalizing onstants in these matri es have been
omitted sin e they do not a e t our on lusions.
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1. For k = 0; 1; 2; 3, the (2k )th row of TL is same as
the k th row of T4 and the the (2k )th row of TR is negative of the k th row of T4 .
2. Sin e the rows of T4 are orthogonal, point 1 above
implies that every 2k th row of TL (and also of TR ) is
orthogonal to every row of T4 ex ept the k th row for
k = 0; 1; 2; 3. Hen e in the 8  4 matri es TLT4t and
TR T4t every (2k)th row has all its entries as zeros exept the k th entry. Hen e we see that about 50% of
the entries of these matri es are zero.
3. Odd rows of T are anti-symmetri and even rows are
symmetri . Also odd rows of T4 are anti-symmetri
and even rows are symmetri . These two fa ts together imply that all the orresponding entries of TL T4t
and TR T4t are identi al ex ept possibly for a hange of
sign. Spe i ally TL T4t (i; j ) = ( 1)i+j TR T4t (i; j ) for
i = 0; 1; : : : ; 7 and j = 0; 1; 2; 3. This fa t an be exploited to further redu e the omputations in Eq. (4).
Grouping the terms for whi h i + j is even into one
matrix C and the remaining terms into another matrix D we have TL T4t = C + D and TR T4t = C D.
Hen e from Eq. (4) we have:
^ 1 + (C D)B
^2
B = (C + D)B
(6)
^
^
^
^
= C (B1 + B2 ) + D(B1 B2 )
(7)
Eq. (7) is omputationally mu h faster ompared to
Eq. (6) be ause ea h of the matri es C and D have
only half the number of non-zero entries ompared to
C + D or C D. Hen e the number of multipli ations
involved is redu ed drasti ally. Another way to look
at this is that instead of omputing expressions like
+ in Eq. (6) we are omputing ( + ) in Eq.
(7).
4. Sin e T and T4 are DCT matri es it is our belief
that mu h faster pro edures (based on fast DCT algorithms [11℄) ould be designed for the s heme ( f. Eq.
(4)) presented here. But we shall not pursue this in
the urrent paper.
Using the fa ts mentioned above it an be shown
that for the 2-D ase our downsampling s heme requires 1.25 multipli ations and 1.25 additions per pixel
of the original image.
2.1

The Downsampling Filter

In this se tion we shall derive the downsampling lter whi h orresponds to the downsampling operation
mentioned above. We have the following equation:
^ 1 = T4t [I O℄B1 = T4t [I O℄T b1 = T4t M t T b1
b^ 1 = T4t B
(8)
where I and O denote 4 4 identity
and
zero
matri
es

respe tively and M def
=

I
O . Hen e we have

j
j
j

1
os 716
os 8

1
os 516
os 38


1
os 316
os 38



1

os 16

os 8
..
.

1
C
C
C (3)
A

b^ 1 = MT t M t T b def
(9)
1 = hb1
4
0
where 0 is a 4  1 zero ve tor. Hen e we see that the
downsampling lter matrix h(8  8) is given by
h = MT4tM t T
(10)
Compare this with the lter matrix h1 in Eq. (1). h1
is hosen without onsidering the fa t that nally in
Eq. (2) it is the DCT of h1 that is used. It is more
desirable to have DCT(h1 ) to be sparse than to have
h1 as sparse. In our approa h the downsampling lter
h in Eq. (10) is derived from the DCT basis fun tions
so that DCT(h) is guaranteed to be very sparse:2
DCT(h) = T hT t = [TL TR ℄MT4t M t T T t = TL T4t M t
(11)
We have already seen above that TL T4t is very sparse.
The M t at the end makes sure that only the rst four
low-pass omponents of DCT(b1 ) are used in the omputation of b^ 1 . The produ t TR T4t appearsin the
^
0
whi h when added to b1
omputation of ^
0
b2
^
gives the desired low-pass downsampled ve tor b .
2.2

Extension to 2-D

Let b1 , b2 , b3 and b4 denote four onse utive
8  8 blo ks numbered in the same way as 1 ; 2 ; 3
and 4 in Fig. 1. Following the same notation as in
1-D ase, let B1 , B2 , B3 and B4 denote the DCTs
^ 1 et . denote the
of these blo ks respe tively. Let B
4  4 matri es ontaining the low-pass oeÆ ients of
B1 et . Let b^ 1 et . denote the4  4 inverse DCT of
b^ b^
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2 Note that DCT(hb )
1
DCT(h)DCT(b1 ).
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Thb1 = ThT t T b1 =

We have already seen that (TL T4t ) and (TR T4t ) are
very sparse. We know from 1-D ase that (TL T4t ) =
C + D and (TR T4t) = C D where ea h of C and D
ontain only half as many non-zero entries as (TL T4t )
or (TR T4t ) . Hen e it an be shown that
^ = (X + Y )C t + (X
B

Y )Dt

(16)

where
^1 + B
^ 3 ) + D (B
^1 B
^ 3)
X = C (B
^2 + B
^ 4 ) + D (B
^2 B
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Y = C (B

(17)
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We know from the 1-D ase that Eqs. (17) and (18)
are omputationally inexpensive. Again from 1-D ase
we know that Eq. (16) is also omputationally inexpensive. Hen e for the 2-D ase the pro edure is:3
ompute X and Y as in Eqs. (17) and (18) and then
^ as in Eq. (16). As mentioned before, it
ompute B
an be shown that our downsampling s heme requires
1.25 multipli ations and 1.25 additions per pixel of the
original image. Compare this to 4 multipli ations and
4.75 additions (after assuming that the DCT of any
8  8 image blo k is 75% sparse) per pixel of original
image required by the method in [7℄.

3 Upsampling

In many appli ations it is required to obtain an upsampled version from a downsampled version of an
original image. For example for spatially s alable enoding of video [12, 13℄ a predi tion of the original
frame is obtained by upsampling the lower resolution
frame and the di eren e is en oded in the enhan ement or low-priority layer. A natural question is an
we design an upsampling s heme that works in the
ompressed domain and an keep all the low-frequen y
omponents of the original image in the upsampled image. In terms of our notation in the previous se tion
^1 , B
^2 , B
^ 3 and B
^4
the problem is: an we get ba k B
^
from B (see Eq. (15)). Sin e the matri es T and T4
are unitary the following inverse relationships an be
easily derived from Eq. (15):4
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B4 = (TR T4 ) B(TR T4 )

3 A tually due to the di erent sizes of the DCTs there would
be a fa tor of half that we have not a ounted for so far. Hen e
in pra ti e the a tual equations to be used for X and Y would
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2
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in C and D whi h would be pre- omputed.
4 As mentioned in footnote 3 we have to a ount for a fa tor
of half due to di erent sizes of the DCTs involved and hen e
^1 =
in pra ti e the equations used for upsampling would be B
^ (TL T4t ) et .
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et . give us the four blo ks in the upsampled image
^ in the downsampled imorresponding to the blo k B
age. Note that the pro ess of downsampling and then
upsampling has the e e t of trun ating to zero all
the high frequen y omponents in ea h 8  8 DCT
blo k in the original image while preserving all the
low-frequen y omponents of su h blo ks. Also note
the upsampling s heme an be applied to any given image irrespe tive of whether or not the given image is
obtained by the downsampling s heme outlined in Se tion 2. It an be shown that our upsampling s heme
requires 1.25 multipli ations and 1.50 additions per
pixel of the upsampled image.
Then

4 Results

We have already shown the omputational eÆien y of our method to be superior to existing methods for downsampling in the DCT domain. That is
the main ontribution of this paper. Moreover, sin e
we preserve most of the signi ant energy (the lowpass oeÆ ients of ea h blo k) of the image, the image
obtained after downsampling and upsampling looks
mu h sharper ompared to the image obtained after
bilinear interpolation. The later looks blurred. Comparing the PSNR shows that the image obtained by
our downsampling and upsampling s heme is typi ally
about 4 dB better than the image obtained by bilinear
interpolation. This is an additional advantage of our
method.
Fig. 3 shows the lena image after pro essing by
our s heme and the bilinear interpolation s heme. We
see that the image obtained by our method is mu h
sharper ompared to the bilinearly interpolated image
whi h looks blurred. This is parti ularly noti eable in
the hair and the eye regions. The PSNR values are
given in Table 1 for di erent sets of operations on various original images. We see an improvement of 4.65
dB with our method ompared to the onventional
bilinear interpolation method [9, 6, 7℄. The downsampled images using our method and the method using
bilinear downsampling lter look equally good and are
not shown.
Figure 3 also shows similar results for a wat h image. The PSNR values for these images are given in
Table 1. Note that the numbers on the three ir ular
dials are mu h learer in our method than the one obtained by bilinear interpolation. Similarly the numbers on the rim of the wat h appear mu h sharper.
Similar results are obtained for the ap image shown
in Figure 2. It is seen that more texture is retained
by our method than by bilinear interpolation.
Comparing the olumns of d t-d t and on- on in
Table 1 we see that our s heme gives about 3 to 4

dB improvement ompared to using bilinear s heme.
Note that bilinear s heme is extensively used in papers reporting downsampling in the ompressed domain [9, 6, 7℄. Also note that the performan e of
on-d t is very lose to that of d t-d t and that of
d t- on is very lose to that of on- on. This implies
that in terms of PSNR the upsampling s heme is the
de iding fa tor. This in turn implies that we ould
hoose the downsampling s heme that is faster in the
domain in whi h the original images (video frames)
are available. For example if the original frames are
available in ompressed format (e.g. motion JPEG)
we should use our proposed s heme whi h is faster in
the ompressed domain (sin e the DCT of the downsampling lter matrix is sparse). On the other hand, if
the original frames are available in the raw format we
should use the bilinear s heme whi h is faster in the
spatial domain. In either ase the upsampling s heme
des ribed in this paper should be used to minimize the
energy in the residual image.

Image
Lena
Wat h
Cap

d t-d t
34.69
29.09
34.22

on- on
30.04
25.15
32.08

on-d t
34.06
28.63
33.73

d t- on
30.09
25.25
32.17

Table 1: PSNR values with respe t to the original image and images obtained by downsampling the original
image and upsampling the downsampled image. There
are 4 possible ways of doing this depending on whether
we use our s heme or bilinear s heme for downsampling and upsampling respe tively. d t-d t ( on- on)
refers to the ase in whi h our (bilinear) s heme is
used for both downsampling and upsampling. ond t (d t- on) refers to using bilinear (our) s heme for
downsampling and our (bilinear) s heme for upsampling.
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Figure 2: (a) Cap downsampled and upsampled by our
method (b) Cap downsampled and upsampled using
bilinear interpolation [9, 7℄. We see that the image in
(a) is sharper ompared to that in (b) whi h is blurred.
For example the letters on the white ap are mu h
sharper in (a). Also (a) has more texture on the left
side of the image.

(a)

(b)
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(d)

Figure 3: Lena downsampled and upsampled using (a) our method (b) using bilinear interpolation [9, 7℄. We see
that the image in (a) is sharper ompared to that in (b) whi h is blurred. Wat h downsampled and upsampled
using ( ) our method (d) using bilinear interpolation. We see that the number appear sharper in ( ). Results for
all these images have been tabulated in Table 1

