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this computation, which is what we found. The situation is analogous to memory systems with a
cache where cache misses are much slower than cache hits, and the hit rate is 50% to 75%: most of
the time in the system is spent resolving cache misses.

Therefore, the problem of efficiently computing nonlinear operationsis still open.

Global Image Operations and Extensions To Other Compression Stan-
dards

Another areafor future research liesin extending the class of operations that can be performed
on compressed images. For example, scaling, rotating, trand ating, shearing, and perspective trans-
formations would all be useful operations to perform on compressed images. Although the block
oriented nature of transform based coding presents difficulties, we have found the basis of ageneral
solution which we believe captures most of the nuances of this problem. Our resultswill be reported
in alater publication.

Finally, thereisthe problem of extending these methods to the motion video compressing stan-
dards such asthe CCITT H.261 standard (often called p x 64), and the proposal of the ISO Motion
Picture Experts Group (MPEG). Since these standards use motion compensation, the extension is
not as straightforward as could be hoped.
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for basic operations on images, many operations cannot be computed as a combination of additions
and multiplications. For example, consider the operation of contrast adjustment. In this operation,
the value of the luminance component of a pixel in the output image, h[i,j], is afunction @ of the
value of the luminance component of the corresponding pixel intheinput image, f[i,j]. Thefunction
@isshowninfigure 11 below. Ascan be seen from thefigure, if the luminance component of a pixel
is below the threshold value t1, it is mapped to black, if it is above the threshold value t2, it is
mapped to white, and if it between the two values, it is linearly scaled. Although this operation is
straightforward on uncompressed images, when we applied the techniques used in section 3 to find
the corresponding operation on compressed images, the non-linearity of the mapping function ¢
induced mathematical problems to which we could find no simple solution.

@(fLij])

tk IE ]

Figure 11: Mapping Function for Contrast Adjustment

To circumvent these difficulties, we tried the following strategy. We know the function @ is
piecewise linear. If we could quickly determine the range of pixel values in a block, and if those
valueslay within one of the linear sections of ¢, then we could use the results of section 3 apply the
appropriate linear function to the block. If, however, the range of values of the block spanned linear
sections of the mapping function, then we could fall back on the more expensive brute force
approach to apply the operation. We expect this strategy would work well since, in most pictures,
the pixelswithin most 8 by 8 blocks are similar, and so the range of valueswithin the block issmall.
Indeed, thisis one of the reasons that transform based coding methods compress data well.

To quickly find the range of valuesin a block, we used the following method, which we state
without proof: the range of valuesin ablock iswithin the range defined by

DC, AC
8 4

where DC is the value F[0,0], and AC is the sum of the absolute values of the terms FJi j], where
[i,j] # [0, Q] . The DC valueisthe mean value of the block, derived from direct current, which
is the mean value of an electrical signal. Similarly, the AC values are the deviation from the mean
value, derived from alternating current, which isthe deviation from the mean value of an electrical
signal. AC can be computed with a single pass over the SC block with a small number of adds.

When we implemented this method, we found that it ran only 2-4 times faster than the brute
force method, depending on theimage. The reason isthat even if 75% of the blocks have arange of
pixelsvalues that allow an SC algorithm to be applied, the remaining 25% must still go through the
time consuming compression and decompression of the brute force algorithm. The execution time
of decompression and compression is much larger than any other part of the computation, so we
would expect the overall execution timeto be four times faster if 25% of the data must go through
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stati ¢ gamaSH] 64] ;

Subtitlelnit (fQr, sQT, hQm
float *fQT, *sQI, *hQr;

{

int x;
Convol velnit (1/256.0, fQr, sQr, hQr);

for (x=0; x<64; Xx++)
gammaSH x] = sQI[ x]/ hQT[ x];

Figure 10b: C Code Implementation of Subt i t 1 el ni t Function

Time (sec)
Algorithm Mean Std Dev
Brute Force 33.84 0.64
Semi Comp. 0.68 0.13

Table 3: Performance Measurements of Dissolve Operation

5. Discussion

This section describes the problems encountered when we tried to extend the technique to other
basic operations, our attempts to circumvent these problems, and suggested areas for further
research. It also discusses related work.

Much work has been done on image processing technigues in the spatial domain to perform
image enhancement (e.g., [18]). Most of these techniques can be extended into the DCT domain
using the results of sections 3 and 4. Duff and Porter [1] suggest that o channel composition is an
effective technique for compositing digital images. The results of sections 3 and 4 show how o
channel techniques can be applied to compressed images.

Intheareaof DCT domain image processing, Chitprasert and Rao [17] presented a convolution
agorithm for the DCT, and showed how it could be used for image processing in certain special
cases. His technique is concerned mainly with high and low pass filtering, and doesn’t adapt well
to the block by block encoding nature of most compression technologies.

Chang [7] apparently independently discovered a technique similar to the one presented this
paper for compositing imagesinthe DCT domain. Hiswork isaspecial case of the results of section
3, and does not contain experiment results. However, it also presents the solution to arelated prob-
lem. When two images are to be composited and are not correctly aligned, one image may require
tranglation. Chang shows how such atrandation operation can be performed in the DCT domain.

Limitations

Although the algebraic primitives discussed in section 3 represent a solid mathematical basis
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1
H = Vs, HS+ Convolve (M, F, 555" Jg, Os: dy)

with
102495 (x)

M[x] = -S[X + 4510]

The C code in figures 10a and 10b implements this operation. The code is divided into two
phases, the Subtitl el nit function, which is called once when the QTs are defined for the
image or sequence of images, and the Subt i t | e function, which is called for each SC block in
theimage. Like the dissolve operation, theSubt i t | e function usesazig-zag vector hz z to stored
the intermediate results.

Subtitle (s, f, h, fQr, sQI, hQI)
SC Bl ock *s, *f, *h;
float *fQT, *sQI, *hQr;

{

float hzz[64];
SC Bl ock *tnp;
int x;

Zero (hzz);
for (x=0, tnp=s; tnp !'= NULL; tnp = tnp->next)
{

X += tnmp->skip;
hzz[ x] += gammaSH[ x] *t np- >val ue;

t np- >val ue = -t np->val ue;
}

/* Convert S into mask... */

if (s->skip) /* No (0,0) value! */
s = NewSC Bl ock(s->next); /* Insert a 0 value */
s->skip = 0;

s->val ue = 0;

}
s->val ue += Round(1024.0/sQr[0]);
Convol ve (f, s, hzz);
Parti al Conpress (hzz, h);
}

Figure 10a: C Code Implementation of Subt i t | e Function

Aswith the dissolve operation, the performance of programs that implemented the brute force
algorithm and the SC algorithm on images resident in main memory were compared. The test
parameters were the same as with the dissolve operation. Table 3 summarizes the results, showing
a speedup of nearly 50 to 1 over the brute force algorithm.
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' (A)

(B)

Figure 9: Two sample images and their mixing with a = 0.5 using
a) the brute for algorithm, and b) the semi-compressed algorithm

The Subtitle Operation

The second example operation is subtitle, which overlays a subtitle on a compressed image .
Although a workstation could support this operation in many ways (such as displaying the text of
the subtitle in a separate window), we chose this operation because it is a common operation which
most people are familiar with and it serves as a specific example of the common operation of image
masking, which is used when aportion of oneimageisto be combined with another image. Another
example where this technique is commonly used is in the chroma-key operation. In this operation,
aforeground image (e.g., aweather forecaster) isoverlaid onto a background image (e.g., aweather
map). The mask is generated by positioning the foreground object (i.e., the weather forecaster) in
front of abright blue or green screen. Only the non-blue (or green) pixels of thisimage are present
in the mask.

The subtitle is assumed to be a compressed image of white letters on a black background
denoted S, with white and black represented by pixel values 127 and -128, respectively (these are
the values obtained from the luminance component of an image). The output image can be con-
structed by adding together S and an image obtained by multiplying f by a mask that will blacken
the areas on f where the text should go. Such a mask, m, can be constructed from Sif we define
m[i,j] = 127 —-s[i,]] . The output image with subtitling, h, is then given by:

hii,j]l = s[i,]] +2516(128-S[i,1])f[i,j] (EQ 15)

Using table 1, we see that the corresponding operation on an SC block is symbolically represented
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defined by

gammal[x] Vg b (x)

gammaz2 [X] (1-0a) Ys2 b ()

These values can be precomputed once for each image or sequence of images with the same QTSs,
whereasthe Di ssol ve function is called for each SC block in animage.

Di ssolve (f, g, h, gamml, gamma2)
SC Bl ock *f, *g, *h;
fl oat *gammal, *ganma?2;

hzz[ 64];

— —hm

oa
t

| oat
nt x:

Zero (hzz);
for (x=0; f !'= NULL; f = f->next)

x += f->skip;
hzz[ x] += gammal[x] *f->val ue;

for (x=0; g !'= NULL; g = g->next)
{

X += g->skip;
hzz[ x] += gamma2[ x] *g- >val ue;

Parti al Conpress (hzz, h);
}

Figure 8: C Implementation of the Dissolve Operation

To test the performance of thisimplementation, we wrote programs that executed both the brute
force and the SC agorithm on images resident in main memory and compared the performance.
Both algorithms were executed on 25 separate pairs of images on a sparcstation 1+ with 28 MBytes
of memory. The test images were 640 X 480, and 24 bits per pixel. A sample image pair is shown
in Figure 9. The images were compressed to approximately one bit per pixel (24 to 1 compression).
Table 2 summarizes the results. As can be seen from the table, the speedup of the semi-compressed
algorithm is more than 100 to 1 over the brute force agorithm.

Time (sec)
Algorithm Mean Std Dev
Brute Force 36.86 0.01
Semi Comp. 0.34 0.00

Table 2: Performance Measurements of Dissolve Operation
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Entropy Decoding

Partial Entropy
Compression  Encoding
Compressed Compressed
Irr?age > S2gc[X] @ Dzz[X] | Dsclx] Irr?age
Compressed
Irrl?age - S3gc[X]

Figure 7: Strategy for Manipulating Images

The remainder of this section presents two examples that illustrate this strategy and compares
the performance of these new algorithms with the brute force algorithm.

The Dissolve Operation

The entropy encoding and decoding stepswill be omitted to simplify the presentation. Suppose
a sequence of images S1[t] isto be dissolved into a sequence of images S2[t] in atimeAt (typically
0.25 seconds). In other words, at t=0 we should display S1[0], at t=At, we should display S2[At],
and in between we want to display the linear combination of the images:

D[ =a()SL[f +{1-a(t)} S2[1] (EQ 14)

where a (t) isalinear function that is 1 at t=0 and O at t=At.

Using table 1, we can map this operation into the corresponding operation on SC blocks asfol-
lows. From the table, we know that the scalar multiplies can be performed directly on the SC blocks
if the coefficient a ischanged to Ay, o (X) inthefirst half of the expression and asimilar sub-
stitution is performed for the multiplication by { 1 — a} . Also from thetable, we know we can add
the coefficients together directly to get the desired result, since the QTs of these two new SC blocks
are the same, namely g, (X) . Thus, the expression in equation 14 can be implemented as

D,,[X = A¥s1 b (X)S1,,[X + {1_G}V52,D (X) S2,, X

We can implement this equation efficiently by noticing that the SC format of the data will skip
over zero terms. The C code to implement this operation on an SC block is shown in figure 8. The
function Zer o zeros the array passed to it, and the function Par t i al Conpr ess performs the
partial compression step into h. The arrays gammal and gamma2 have the precomputed values
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Summary of Operations

This section showed how pixel addition, pixel multiplication, scalar addition, and scalar multi-
plication can be implemented on quantized matrices. As noted earlier, these transformations can be
implemented using zig-zag ordering, so they can operate directly on SC blocks. Table 1 summarizes
the mapping of image operations into operations on SC blocks. In the table, the symbol YE H (x)
is defined as

ag [X] _ ae[u, V]
Ay [X ~ ayl[u V]

Ve () =

and the function Convolve(F, G, a,qg,qg,0dy) isdefinedin equation 13 and implemented
infigures5 and 6.

Image Space SC
Operation Definition for h i, j] Definition for H,, [X]
Scalar Multiplication af [i,]] aye (X)) Fzz[X
Scalar Addition f[i,i] +B Ve o (0 Fp[4 + 830 (x)
’ ay (O]
Pixel Addition f[i,j] +ali,]] Ye i () Fzz[X] +Yg 1 (X) G2z [X]
Pixel Multiplication fli,j19li,jl Convolve(F, G,a,qg,05.dy)

Table 1. Mapping of Operations

4. Applications

Video data is typically transmitted as a sequence of compressed images. While the entropy
encoded data cannot be directly manipulated, section 3 showed how pixel or scalar addition and
multiplication can be performed on SC blocks. Thus, if we entropy decode the images, perform the
operation, and then entropy encode the result, we can shortcut the rest of the decoding and encoding
of the images which will be afaster algorithm.

These simple operations can be combined to form more powerful operations such as dissolve
(the simultaneous fade out and fade in of two sequences of images) and subtitling. The implemen-
tation of these operationstypically involvesthe computation of an output image that isan algebraic
combination of one or more input images. One way to perform the combination on a pair of SC
blocksisto use zig-zag vectors as the intermediate representation to compute the expression. Thus,
to multiply two SC blocks and add a third, we would zero the zig-zag vector, call the Convol ve
function of figure 6 on thefirst two SC blocks (the zig-zag vector ishz z in thefigure), add the third
SC block to the zig-zag vector, and then perform the partial compression and entropy coding steps.
Figure 7 graphically depicts our strategy.
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Convol velnit (al pha, fQT, gQrT, hQr)
float al pha, *fQT, *gQI, *hQr

int ul, u2, vi, v2, wl, wZ2;
int x, vy, z;

loat t1, t2;
for (ul=0; ul<8; ul++)

for (v1=0; v1<8; vl1++)
for (wl=0; wl<8; wl++)

if ((t1 = Wul][vl][wl]) !'= 0.0)

for (u2=0; u2<8; u2++)
for (v2=0; v2<8; v2++)
for (w2=0; w2<8; wW2++)
if ((t2 = Wu2][v2][w2]) != 0.0)

{
X = ZigZag(ul, u2);
y = ZigZag(vl, v2);
z = ZigZag(wl, w2);
W= t1*t2*al pha*f QI[ x] *gQT[y]/ hQI[ z] ;
conb[ x,y] = AddConbElt(z, Wconb[x,y]);
}
}
Figure 5: Initialization of the Combination Array
Convolve (f, g, hzz)
SC Bl ock *f, *g; [* The input images */
float *hzz; /* Array of 64 elements */
{
int x, vy, z;
float W tnp;

SC_BLOCK * gt np;
COVB_LI ST *cl ;

for (x=0; f !'= NULL; f = f->next) {
x += f->skip;
for (y=0, gtnmp = g; gtnp !'= NULL; gtnp = gtnp->next) {
y += gt np- >sKki p;
tnp = f->val *gt np->val ;
fo

r (cl = conmb[x,y]; cl = NULL; cl = cl->next) {
z = cl->z;
W= cl->W

hzz[z] += tnp*W
}

Figure 6: Implementation of the Convolve Function
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WQ isvery sparse.

When we implement this method, care must be taken to evaluate only those terms that might
contribute to the sum. We take advantage of (1) when we implement this method on SC blocks,
since the zeros are easily skipped. To take advantage of (2), the data structure described in the fol-
lowing paragraphs is used. Since the algorithm operates on SC blocks, the zig-zag ordered indices
are used to reference data elements. By convention, we will let x, y and z represent the zig-zag
ordered indices of the pairs (v1,v), (Wq,W,) and (uy,u,), respectively. With this substitution, equa-
tion 12 can be written as

H(z) = ZF(X)G(y) Wi (Vg Vo, Wy, Wy, Uy, Up) (EQ 13)
Xy

with the sum running for x and y running from 0 to 63.

We introduce the following data structure to compute equation 13 efficiently. A combination
element isa pair of numbers z and W where z isan integer and Wis afloating point value. A com-
bination list isalist of combination elements. A combination array, is a 64 by 64 array of combi-
nation lists. The C code shown in figure 5 initializes the combination array conb| x, y] . Thearray
contains empty lists when the code is entered. The function AddConbElt (z, W com
b[ X, y] ) appendsthe combination element (z, W) to the combination list stored in the global com-
bination array conb[ x, y] and returns the modified combination list. Thearray W 8] [ 8] [ 8] is
assumed to be initialized with the values of the W function of equation 12.

Using the initialized combination array, the C code shown in figure 6 efficiently implements
equation 13 on two SC blocksf and g. We call this algorithm the convolution algorithm. Notice
that conb[ ] isaconstant in the code; it need only be computed once for the given QTs.

The code operates asfollows: Thearray hzz, which represents a zig-zag vector, is assumed to
be al zero. For each pair of SC values in the two input imagesf and g, we compute the zig-zag
indicesx andy, and the product of their datavalues, whichisstoredint np. Wethen usethez value
of each combination element in the combination list storedinconb[ x, y] to determinewhich ele-
ments in the output array hzz are affected and accumul ate the product W t np into each element.
In this way, only the multiplies which result in non-zero products accumulate in hzz. When used
in a program, afinal passis needed to run-length encode the zeros, perform integer rounding, and
construct the resulting SC block.
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wherea isascalar value. The scalar a, although mathematically superfluous, is convenient to scale
pixel values as they are multiplied. This formulation is used, for example, when the image g con-
tains pixel valuesin the range [0..255] and we want to interpret them as the range [0..1), asisthe
case when g isamask. This operation isrealized by setting a to 1/256.

Let F(vy, V), (wy,w,) and H(uy, u,) be the quantized values of the compressed
imagesfor f, g, and h, respectively. Then using equations (1), (2) and (11), we can compute thevalue
of H (uy, u,) asfollows:

1 . . .
H(up,u,) = 4qH[UPUZ]IszC(Lul)C(j,uz)h(l,J)

a H . - ..
g, [y, 1) 2.2 (0 C U ) T 1) 9 ()

a

WZZC(L up) C(j, uy)

T ]

(GS S Cl0v2) C Vo) Ge [vy, Vol F (v, v,)

Vi V2

G Cliwy) C (i w,) dg [y, W) G (wy, wy))

W W,

= Z F (vq, Vp) G (Wy, Wp) W (Vg Vo, Wy, Wy, Uy, Up) (EQ12)

Vy, Vo, Wy, W,
where
W (Vy, Vo, Wy, Wy, Uy, Uyp)

_ A0 [vy, Vol g [wy, W)l
64qy [uy, Uy

W (ug, vy, wy) W (U, V,, W,)
with
W(u,v,w) = ZC(i, u) C(i,v) C(i,w)

We can compute this rather lengthy sum efficiently by noticing several facts:

(1) for typical compressed images, G (Wy, W,) and F (v,, Vv,) arezero
for most valuesof (v, V,) and (Wq, W,) .

(2) Of the 256K elements in the function W, (Vs Vo, Wy, Wy, Uyg,Uy)
only about 4% of the terms are non-zero. In other words, the matrix



assumes a particularly simple form expressed in the equations:

8p

_ EQ8b
dy (0, 0) A

HQ[O, 0] :yFQ[O, 0] +
HQ[u, V] =yFQ[u, V] (EQ 8c)

Again we see that the operation of scalar addition can be performed directly on the quantized coef-
ficients. Moreimportantly, in the common case wherey=1, i.e., when the quality of the output image
is the same as the quality of the input image, this operation involves much less computation than
the corresponding operation on uncompressed images, since only the (0,0) coefficient of the quan-
tized matrix is affected.

Pixel Addition

The operation of pixel addition is described by the equation
h{i,jl =f[i,j] +g[i,]] (EQ9)

Using equations (1), (2) and (9), the quantized coefficients in the output image are

1

HQ[U’V] = W.Z ch(i7u)c(j,v)h[i,j]

_ 4qH(1u’V)ZJZC(i,U)C(j,V) (FLi,01 +9liil)

e (uV) 0 (U, V)

= qH(TV)FQ[U,V] + Golu V]

qy (u,v) Q@ (EQ 10a3)

Once again we see that if we account for the QTs of the images, the operation can be performed
directly on the quantized coefficients, and that if the QTs for al the images are proportional (with
proportionality constants Y. and Y,;), the equation is simplified to:

Holu, vl =YeFqlu, V] +ysGqlu, V] (EQ 10b)

Pixel Multiplication

Finally, the operation of pixel multiplication is expressed in the equation
h[i,j] =af[i,j]lglij] (EQ11)



zag vector. When implemented this way, useless multiplies where FQ [u, V] iszero are avoided.

For these reasons, the operation is very fast.

Scalar Addition

Now consider the operation of scalar addition. In this operation, if the value of a pixel in the
original imageisf[i, j] , the value of the corresponding pixel in the output image h [i, j] isgiven

by
hii,j] = f[i,j] +B

Using equations (1), (2) and (6), the quantized coefficients in the output image are

Holu v = (u V)ZZC(I u) C(J, v) h{ii]

4qH
- WZ]ZC(LU)C(],V) (F[i,i1 +B)

e (U, V) P

= 4y (Folu + 3 3Cuehv)

40: (4, V) 4

The last term can be summed explicitly. If we use the result

Y T C3i,u)C(j,v) = 325 (u)5()
T T

where
1 u=0
o(u) =
W) ={, L0
we can simplify equation 7 to
Hqolu, V] :MF [u, V] +87[36(u)6(v)
Q™ gy (U, v) Q™ ay (U, v)

(EQ6)

(EQ7)

(EQ 8a)

If the QTs of both images are proportional, with proportionality constant y, this equation



QT of the compressed image H, and the letters x, y, and z will represent zig-zag ordered indices.
Oftenwewill index QT’ sby asingle zig-zag index (such asx). In such cases the conversion to indi-
cessuch as[u,v] isimplied and will be clear from context.

Scalar Multiplication

Consider the operation of scalar multiplication of pixel values. In this operation, if the value of
apixel in the original image is f[i, j] , the value of the corresponding pixel in the output image
h[i,]j] isgivenby

hli,j] =affij] (EQ4)

Using equations (1), (2) and (4), the quantized coefficients in the output image are
oluV = 4%OHOZZCUMCGWhDH

- WZ,ZC(LU)C(LV”[L”

_ age(u,v)

unw(mguwZZCUWCGWHun

where g (U, v) and g, (U, v) arethe QTs of the input and output images, respectively. Recog-
nize that the term in parentheses is the quantized coefficients of the input image, FQ [u, V] ,sothis
becomes

_ OQg (u,v)

HQ[u, v] = 7%(“1 v

Folu v (EQ5)

with the final integer rounding of the right hand side implicit. In other words, to perform the oper-
ation of scalar multiplication on a compressed image, we can perform it directly on the quantized
coefficients, as long as we take the QTs of the images into account. Note that if the QTs of both
images are proportional with proportionality constant y, the equation simplifies to

Holu, vl =ayFq[u, V]

If the quality of the input and output images are the same, we have the common special case where
y=1. Note also that if avalueintheinput, F [ u, V] , iszero, the corresponding valuein the output,
H [u V] , isalso zero. Thus, we can |mplement this operation on an SC block by simply scaling
the valuesin the data structure - there is no need to reconstruct the quantized array or even the zig-



DCT (IDCT):

N

yliil =35 SCEWCEV) YUY (EQ3)

Note that equation 3 is very similar to equation 1, but the summation is over u and v rather than i
and j. Figure 4 graphically depicts this process.

Using this method, the compression ratio can be adjusted by altering the values in the QTs.
Experience indicates that a compression ratio of about 24 to 1 (i.e., one bit/pixel) can be achieved
without seriousloss of image quality. At acompression ratio of 10 to 1, the decompressed imageis
usually indistinguishable from the original. The entropy coding reduces the data size by about 2.5
to 1, so the data size of the SC blocksis typically 10 times smaller than that of the original image,
if we assume 25 to 1 overall compression.

Compressed

Image
Image > Yoc[X] P Yzz[X]I | Yoluv] P Y[uv] ag

yli]

Entropy Expansion ZigZag Deguantization IDCT
Decoding

Figure 4: Decompression of a Block

3. Algebraic Operations

This section shows how the four algebraic operations of scalar addition, scalar multiplication,
pixel-wise addition and pixel-wise multiplication of two images are performed on SC blocks.

In the calculations that follow, we will be deriving equations of the form

HSC = (p(FSC1 GSC)

where F o~ and Gg- are the SC representations of the input images, Hg isthe SC representation
of the output image, and @ is areal-valued function. In an implementation, the values stored in the
Hg. data structure would be integers, so the value returned by the function ¢ must be rounded to
the nearest integer. To simplify the notation in the calculations that follow, this rounding will be
implicit.

To further simplify the notation, we perform all calculations on the quantized arrays
FQ [u,v], GQ [u,v] and HQ [u, v] . Since an SC block is a data structure that represents these

arrays, the derived equations will be valid on SC blocks provided the appropriate index conversion
is performed.

Finally, we will use capital letters such asF, G and H indexed by u, v and w to represent com-
pressed images and lower case letters such asf, g, and h indexed by i, j and k to represent uncom-
pressed images. Greek letters such asa and B will be used for scalars, g, [u, V] will stand for the
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Figure 2: Zig Zag Scan Ordering

In most images, the zig-zag vector Y, will contain alarge number of sequential zeros, so the next
step in the algorithm, called the partial compression step, run length encodes the zerosinto an array
of (skip, value) pairs. Skip indicates how many indicesin the Y, vector to skip to reach the next
non-zero value, which is stored in value. By convention, the pair (0,0) indicates that the remaining
vauesin Y,, are all zero. We call the block at this point a semi-compressed (SC) block. A (skip,
value) pair is called an SC value, and sequences of SC valuesthat represent azig-zag vector iscalled
an SC block. The SC block isdenoted Yg- [X] , with Ygo[X].skip and Yg[X].val ue denoting the skip
and value of the xth element in the array. Our algorithms will operate on SC blocks.

In the final step, a conventional entropy coding method such as arithmetic compression or
Huffman coding compresses the SC blocks. Figure 3 graphically displays all the steps in the
processing of one block.

| Zig-zag vector SC block C
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Figure 3: Compression of a Block

The processisreversed to decompressthe data. Thefirst step of decompression recoversan SC
block from the entropy coded bit stream. By making a single pass through the SC block Yg[X], we
recover the zig-zag vector Yzz[X]. From Yzz[x] we recover Yo[u,v] by inverting the zig-zag scan.
Then we multiply each element of Yg[u,v] by g[u,v] from the appropriate QT to recover an approx-
imation of Y[u,v]. In the final step, we obtain the image block y[i,j] from Y[u,v] using the inverse



The second step in the algorithm converts this 8 by 8 matrix into anew 8 by 8 matrix using the
two dimensional discrete cosine transform (DCT) [6]. This step is called the DCT step. If we call
the new matrix Y[u, v] , with u, v 0...7, we have by definition

1

YIu = 73 3 CG,u) G v YL (EQY)
T ]
where
C(i,u) = A(u) cos(Zizg)un
ml foru =0
A(u) = 0J2
U1 foruzo

The third step in the algorithm divides each element of Y [u, v] by an integer and rounds the
result. This step, called quantization, is defined by
Y[u, V]

Yolu vl = IntegerRound(m) uvio...7 (EQ2)

Thematrix of integers q [ U, V] iscalled the quantization table (QT). In most images, different QTs
are used for the luminance and chrominance components. The choice of the QT determines both the
amount of compression and the quality of the decompressed image [4]. The JPEG standard includes
recommended luminance and chrominance QTSs. Very often, different image qualities are obtained
by scaling the values of the default QTs: in other words, given two imageswith QTs g, [u, V] and
g,[u, V] , thenfor al u,v and some constant gamma, it is very often the case that

qluv _
G, [U,V

We will use this fact | ater.

Step four of the algorithm converts the 8 by 8 matrix Y, [u,Vv] into a 64 element vector
Y5, [X] using the “zig zag” ordering shown in Figure 2 below. The vector Y, is called the zig-
zag vector, and this step is called the zigzag scan step. By definition, the function ZigZag(u,v)
returns the zig-zag ordered index of the pair (u,v). For example, ZigZag(0,0)=1, and ZigZag(0,
3)=6.



the compressed datain the DCT domain. Since the volume of data has been significantly reduced
by compression, typicaly by factors of 25 or more, algorithms in this family can run much faster
than the corresponding brute force algorithms. Along with the speedup resulting from the smaller
data volume, most of the computation associated with compression and decompression is elimi-
nated, and the traffic to and from memory is reduced.

This paper describes how to apply this technique and eval uates the performance of some repre-
sentative algorithms. Section 2 describes the compression model and introduces associated termi-
nology. Section 3 shows how the algebraic operations of pixel-wise and scalar addition and
multiplication, which are the basis for many image transformations, can be implemented on com-
pressed images. Section 4 uses these operations to implement two common video transformations:
dissolving one video sequence into another and subtitling. The operations have been implemented
and their performance is compared with the brute force approach. Lastly, section 5 discusses the
limitations of the technique, extensions to other compression standards, and the relationship of this
research to other work in the area.

2. Compression M odel

This section describes the compression model used in transform based coding. A detailed
description of the CCITT Joint Photographic Expert Group (JPEG) proposed standard for transform
based coding is available elsewhere ([3], [4]). A detailed description of image formatsis presented
by Foley and Van Dam [5].

The discussion presented here is ssmplified by choosing a specific source image format. Sup-
pose the source image is a 24 bit image 640 pixels wide by 480 pixels high, and is composed of
three components, one luminance (Y) and two chrominance (I and Q) components. That is, for each
pixel in the source image, we associate a triplet of 8 bit values (Y,1,Q). Since each component is
treated similarly, we will describe the algorithm for only one component (e.g., the Y component).

The Y component and can be broken up into contiguous squares 8 pixelswide and 8 pixelshigh
called blocks. Each block is an 8 by 8 matrix of integers in the range 0...255. The first step of the
algorithm, called the normalization step, brings all values into the range -128...127 by subtracting
128 from each element in the matrix (this step is skipped on thel and Q components since they are
aready in the range -128...127). Let the resulting matrix be y[i,j], where i,j 0 0...7. Figure 1
illustrates the relationship of y[i,j] to the whole image.

. -

yli.j]

Figure 1. Definition of y[i,j].
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Abstract

This paper describes a new technique to implement operations on compressed dig-
ital video imagesthat allows many image manipulation operations to be performed
50 to 100 times faster than the corresponding algorithms operating on uncom-
pressed images. Thisis accomplished by performing the operations directly on the
compressed data in the DCT domain. In this paper, we show how to transform
image space operations into DCT space operations, we describe severa represen-
tative algorithms in the DCT domain and report their performance.

1. Introduction

Multimedia applications that operate on audio and video data will enable many new applica-
tions of computers. For example, a collaborative work system can include video conferencing win-
dows, or a hypermedia training system can include audio and video instructional material. While
most research on multimedia applications has focused on compression standards ([3], [9], [10],
[14]), synchronization issues ([11], [12]), storage representations ([ 12]), software architectures ([2],
[8], [11]), and application design ([13], [15], [16]), little work has been reported on techniques for
manipulating digital video datain real time, such as implementing special effects and image com-
position. The difficulties encountered in this problem area stem from several sources: the volume
of datato be manipulated, the computational complexity of image compression and decompression,
and video datarates (i.e., 27 MBytes/sec) all combine to make traditional agorithms, which operate
on uncompressed images, infeasible on current workstations. For example, an algorithm to imple-
ment brightening of acompressed image might decompress theimage, modify each pixel value, and
compress the resulting image. Such algorithms are brute force al gorithms.

This paper describes a new technique to implement operations on digital video datathat allows
many traditional image manipul ation operationsto be performed 50 to 100 timesfaster than the cor-
responding brute force algorithms. This is accomplished by performing the operations directly on

1. This research was supported by NSF grant M1P-9014940 and a grant from the Semiconductor
Research Corporation.



