
Fig. 3. The test image Barbara (672 X 560 with 8 b/pel). 
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A 1-D DCT (Butterworth-IIR-BWT) [Daubechies-BWT] {SB- 
BWT} of size N = 8 can be implemented by performing 12 (8) 
[22] {62} multiplications. 

In many image coding applications, scalability of the coded bit 
stream is a desirable property [9]. If a low-resolution signal can 
be recovered from the bit stream, it can be displayed in low-res- 
olution display. The low-resolution images (336 X 280) recov- 
ered from the first 4 x 4 BWT coefficients are compared to the 
low-resolution signal that can be extracted from a DCT-based 
scheme. In Fig. 4 the low-resolution images are shown. It is clear 
that the low-resolution image obtained from BWT [Fig. 4(a)] is 
better than the one obtained from DCT [Fig. 4(b)]. Aliasing 
effects are more disturbing in Fig. 4(b). If a scalable coded bit 
stream is desired, then the BWT is more suitable than DCT. 
One can extract better quality low-resolution images in BWT- 
coded bit streams than in DCT-coded ones. 

From any given PR filter bank one can construct a linear 
block transform. Since the class of PR filter banks is quite large, 
the corresponding BWT class is also large. The choice of BWT 
for a given application remains as an interesting problem. 
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Fig. 4. (a) Details of the low-resolution image recovered from the first 
4 X 4 DCT coefficients of the 8 X 8 BW transformed Barbara. (b) 
Details of the low-resolution image recovered from the first 4 X 4 DCT 
coefficients of the 8 X 8 discrete cosine transformed Barbara. Aliasing 
effects are more disturbing than Figure 4(a) (see the scarf of Barbara). 

Consider the test image Barbara (672 X 560 with 8 b/pel) 
shown in Fig. 3. The Barbara image is coded by both an 
implementation of the JPEG standard and a BWT coder. The 
BWT coder is actually the JPEG coder, which employs a BWT 
instead of the DCT. In both coding schemes, 8 X 8 image 
subblocks and the default weighting matrix of the JPEG stan- 
dard [3] are used. The JPEG (IIR-BWT) [Daubechies-BWT] 
coder compressed the image to 1.349 (1.44) [1.487] b/pel. All of 
the coded images are visually indistinguishable from the original 
one (figures are omitted). 

Vector Quantization of Images Using 
Input-Dependent Weighted Square Error Distortion 

Anamitra Makur 

I. INTRODUCTION 
The measure of quantization distortion in a vector quantiza- 

tion (VQ) [l] coder for image is vital to the perceptual coder 
performance. The distortion function should ideally quantify 
human visual discomfort towards quantization errors. Mean 
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square error (MSE) distortion is most popular for image coding: 

1 

K d M s E ( X , Y ) = - [ X -  Y ] ' . [ X -  Y ] .  ( 1 )  

Here X and Y are K-dimensional column vectors, and t indi- 
cates transpose. Unlike in speech coding, where more involvcd 
distortion measures such as the Itakura-Saito distortion func- 
lion [l] have been used alongside the classical ones, there have 
been few investigations in image coding. It is known that MSE 
distortion is not a true measure of the psychovisual distortion. 
Earlier attempts to incorporate psychovisual effects in MSE 
consist of performing some complex operation before applying 
RISE, such as power-law, filtering [2], transform [3], etc., and 
performing the inverse operation after VQ. Few other measures 
of interest, such as weighted square error (WSE) distortion 

dws,(X, Y = [ X  - Y 3'. w. [X - Y ]  ( 2 )  

nhere W is a weight matrix of size K X K ,  may be found in [I].  

11. INPUT-DEPENDENT WEIGHTED S Q U A R E  ERROR DISTORTION 

We suggest a general class of distortion measure by extending 
WSE such that W may depend on the input vector. Thus, the 
input-dependent weighted square error (IDWSE) distortion [ 11, 
[1], [5] is given by 

dlDws,(X,Y) = [ X  - Y l ' .  W ( X ) .  [X - Y l .  ( 3 )  

Since the distortion function is no more commutative, we need 
to specify X as the input vector and Y as any codeword. 

The generalized Lloyd algorithm (GLA) [l] to design an 
optimal VQ codebook requires that the centroid exists (prefer- 
ably easily computable) for any given distortion function (for 
centroid condition and other necessary and sufficient conditions 
for optimality, see [l]). Computationally simple centroids such as 
mean (for MSE) or median (for mean absolute error) are possi- 
ble if dimensional independence exists in the distortion function. 
If W ( X )  is constrained to be diagonal, then dimensional inde- 
pendence is achieved in IDWSE, and the centroid simply be- 
comes 

c = E { W ( X ) } - '  . E { W ( X )  . X I .  (4)  

Er! replacing the centroid expression of arithmetic mean (for 
MSE) in GLA with (4), it is possible to design a VQ codebook 
optimum in the IDWSE sense. 

A. Codebook Design Using Image Activity 

Image activity is a measure of the amount of visible detail 
present in an image block. Local image activity has been previ- 
ously used to adaptively encode an image in order to maintain 
near-uniform subjective quality. For image VQ, it is known that 
an MSE codebook does not represent the edges (high-activity 
parts) of an image well. Therefore the training sequence (TS) is 
scgmented into separate classes such as edge or shade, and 
siibcodebooks designed for each class are concatenated to pro- 
duce the final codebook [6]-[8]. This technique offers flexibility 
in  reinforcing certain types of codewords in the codebook. 
However, TS segmentation, as well as the subcodebook sizing, is 
arbitrary and no longer optimal in MSE or any other sense. Only 
if the PDF of each class is known U priori may optimum sizing of 
siibcodebooks be found asymptotically [8]. This leaves open any 
optimization for a practical codebook design. 

In this case, if the encoding search for some input vector is 
limited to the corresponding subcodebook, the resulting distor- 

tion measure is 
w ( X , Y )  

d ( X , Y )  = ___ [ X  - Y ] ' .  [X - Y ]  ( 5 )  
K 

where 

1 ,  
x, 

if X and Y belong to the same class, 
if X and Y belong to different classes. 

(6) 
Thus, for a set consisting of vectors from more than one class, 
the centroid cannot be determined. Therefore it is not possible 
to design an optimum codebook for the entire TS. In order to 
achieve optimization, we have to allow the codewords belonging 
to some class to be influenced by training vectors from other 
classes. This is not undesirable. In fact, it actually compensates 
for an arbitrary segmentation of TS to some extent. If x in ( 6 )  is 
replaced by a large but finite value, determination of the cen- 
troid is possible. However, this would always force a codeword of 
the same class as the input vector to be chosen as nearest. This 
may not be the case, since the segmentation is arbitrary. In 
order for us to allow flexibility in choosing a match across class 
boundaries, along with flexibility in reinforcing certain classes, 
IDWSE distortion may be used. 

Consider IDWSE distortion of (3) having the weight matrix of 
the form 

where a ( X ) ,  a positive scalar, is the activity of X .  Negative or 
zero value of a( X )  may lead to inconsistent distortion measure. 
Ideally, a( X) should reflect the relative importance or visibility 
of X. Thus, if an edge block is assigned a higher activity than a 
shade block, in effect less distortion is tolerable for edges, which 
produces a codebook having plenty of edge codewords. Since the 
centroid for IDWSE is defined across class boundaries unlike 
(61, a single codebook may be generated on entire TS and the 
encoder has to search the entire codebook. The resulting code- 
book is optimized for a given a ( X ) .  When a ( X )  is optimized for 
perceptual quality, the codebook is also subjectively optimal. 
Since IDWSE measure itself depends on a ( X ) ,  it can not be 
optimized using IDWSE distortion unless some iterative algo- 
rithm is used. Since no explicit classification is performed, the 
number of (activity) classes is unconstrained. By choosing a 
continuous activity, infinitely many classes may also be realized. 
Finally, since X is the input vector, IDWSE encoding and MSE 
encoding are equivalent for (7), and no extra encoding computa- 
tion is needed. 

B. Encoding Using Boundary-Sensitii,e Distortion Measure 

While a coding error may not be noticeable at the interior of 
a block, it may become annoying at the block boundary, espe- 
cially if the adjacent block has an error of opposite sign. In other 
words, distortion of peripheral pixels is more serious than that of 
interior pixels. Proposed schemes, such as [9], improve this 
impedimcnt for a few extra bits. We propose incorporation of 
positional sensitivity in the IDWSE distortion measure, which 
requires no extra bit. Replace W in (3) [or I in (7) if used along 
with activity] by 

D = {dt,I3 

i w ( X , Y )  = 

W ( X )  = a ( X )  . I  (7) 

0 i f i # j  
1 
q i f i = j = l o r n o r m n - n + l o r m n  1 p otherwise 

( 8 )  
if n < i = j < mn - n + I ,  i mod n > 2 

for an m X n block ( K  = m n ) .  Here, elements corresponding to 
interior pixels, geometrical boundaries, and four vertices, have 
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values 1, p ,  and q respectively. Naturally 1 ~p I q,  since dis- 
tortion in a vertex is most annoying and that in the interior is 
least annoying. 

If D is independent of X ,  the centroid is simplified from (4) 
to the mean of the cluster. However, extra computation is 
required during both codebook design and encoding. The num- 
ber of elements not equal to 0 or 1 in D is 2(m + n )  - 4. Since 
m and n are of the order of fi, the additional multiplication is 
of @( N f i )  per vector for a codebook of size N. These multipli- 
ers could be avoided in hardware by choosing p and q as integer 
powers of two and implementing them as shift operations. 

111. SIMULATION RESUL TS 

Though IDWSE may be used on 1-D signal, we present only 
image coding results, since the suggested schemes of activity and 
boundary sensitivity are image specific. In order to better 
demonstrate the effects of using IDWSE distortion on the 
decoded image, separate simulation results for these two schemes 
are presented. The MSE codebook performance for same TS 
and same input image is taken to be the basis for comparison. 
Initialization is done by splitting and optimizing every size of 
GLA until the final size of N = 1024 on a TS having about 20 
training vectors per codeword, and block size taken is 8 X 8. 

A proposed multiplierless function for computing activity is 
shown to offer subjective improvement. Consider the absolute 
difference in value between a random pair of pixels in an image 
block. For a high-activity block, this value is likely to be high. 
For better estimation, the absolute difference from m such 
random pairs is summed up. These m random positions are 
generated beforehand and stored for use in every block. If n 
classes are desired, the activity a ( X )  is produced by applying an 
n-level quantizer (or a look-up table) on this value. Fig. 1 
demonstrates the effectiveness of our scheme to extract edges of 
all orientations and high-detailed parts of an image. While Fig. 
l(a) is the original image of Leena, in Fig. l(b) the activity for 
each block is computed using eight pairs of pixels, and an 
appropriate shade is chosen for the entire block such that higher 
activity produces darker shade. 

Four activity classes, equiprobable in TS, have been defined by 
nonuniformly quantizing the activity. Thus, a ( X )  takes only one 
of four possible values a,, a2, a3,  and a4 after quantization. Two 
sets of such quantized values have been considered. Firstly, 
using arithmetic progression, we’ve chosen a, = 1 + ( i  - 1)6 
for some positive S .  Secondly, using geometric progression, 
we’ve chosen a, = (1 + 6)l-l for some positive 6. Note that 
6 = 0 is equivalent to MSE distortion in both cases. The simula- 
tion results show that with increasing value of 6, the edges and 
the contrasting blocks are indeed encoded better. Fig. 2 shows 
the average MSE/pixel of the decoded image from the IDWSE 
codebooks for various values of 6 at a rate of 0.156 b/pixel. 
IDWSE distortion is not shown along the Y-axis since 6 itself is 
changing along the X-axis, resulting in different IDWSE mea- 
sures for each point. Slightly smaller distortion than S = 0 case 
(MSE) has been achieved for small values of 6. This is not a 
contradiction, since GLA promises minimum average distortion 
only for TS. Though the MSE distortion is higher, improved 
subjective quality is observed for higher values of 6. Fig. 3 shows 
the coding results for the image of Fig. 1. While Fig. 3(a) is the 
decoded image for 6 = 0 (MSE), Fig. 3(b) is the result for 6 = 2 
with arithmetic progression (IDWSE). The edges are better 
represented in the second image than in the first one. 

To incorporate boundary sensitivity, we have chosen p = q = 

6 for some 6 > 1. Here 6 = 1 is equivalent to MSE distortion. 

Fig. 1. Irwge activity of 8 X 8 blocks: (a) original; (b) image activity. 
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Fig. 2. MSE distortion for image activity schemes. 



1 i s  IEEE TRANSACTIONS O b  CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY. VOI.. 3. NO. 6 ,  DECEMBER lYY3 

142 ~~ 

141 

1401 

1391 

3 138- 

3 137 

1 3 d  

135 ' 
134 

6 

Fig. 4. MSE distortion for  boundary sensitivity schemes. 

Fig. 5.  Boundary sensitivity coding result: Decoded image for 6 = 2.5 
(IDWSE) at 0.156 b/pixel, SNR 26.81 dB. 

(bi 

Fig:. 3. Image activity coding result: (a) decoded image for S = 0 (MSE) 
ar 11.156 b/pixel, SNR 26.88 dB; (b) decoded imagc for S = 2 with 
ai-itlimetic progression (IDWSE) at 0.156 b/pixel, SNR 26.81 dB. 

Fig. 4 shows the average MSE/pixel of the decoded image for 
various values of 6. Though for small values of 6 the IDWSE 
codebook shows a lower distortion than the conventional codc- 
buok, the subjective improvement becomes noticeable for higher 
viilues of 6. Fig. 5 shows the coding result for 6 = 2.5 (IDWSE). 
which should be compared to Fig. 3(a). The blockiness has 
indeed been reduced from earlier results. Moreover, the edges 
ai-t. better represented now. The codebook generated by thc 
IDWSE distortion incorporating boundary sensitivity has an- 
other advantage over the MSE codebook. It is desirable from 
eniropy considerations that all members of a codebook are 
utilized nearly equally often. It has been observed that the 
utilization of codewords for these IDWSE codebooks are closer 
to uniform compared to that for MSE codebook. This is because 

choosing a codeword now depends more on the boundaries, 
which arc distributed more evenly than entire image blocks. 

1V. CONCLUSION 

The IDWSE distortion, which is computationally simple and 
usable with GLA, has been shown to offer subjectively better 
decoded images than the MSE distortion. With the image activ- 
ity, better edge representation has been achieved for low-bit-rate 
VQ image coding without sacrificing anything. This strategy 
produces optimal codebook in the IDWSE sense and is there- 
fore preferable to the equivalent subcodebook method. A simple 
way to compute the image activity has been proposed and shown 
to be quite effective. Introducing block boundary sensitivity in 
IDWSE distortion has produced a decoded image with less 
blockiness and better edge representation, while the encoder 
computation is marginally raised. Other modifications to incor- 
porate human visuality in the IDWSE distortion can also be 
thought of. Moreover, it is easy to use the IDWSE codebooks 
with the improved VQ coders suggested by others in order to 
gain the advantages of both. 
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Comments on “Iterative Procedures for Reduction 
of Blocking Effects in Transform Image Coding” 

Stanley J. Reeves and Steven L. Eddins 

I. INTRODUCTION 

In a recent paper, Rosenholtz and Zakhor [l] proposed an 
effective method for reducing blocking in transform coded im- 
ages. Their method uses two projection operators and the theory 
of projection onto convex sets (POCS) to guarantee convergence 
of the iteration. One projection operator is defined from the 
known quantization levels used to code the transform coeffi- 
cients. The other projection is based on the set of band-limited 
images with a given cutoff frequency. Unfortunately, the algo- 
rithm they actually implemented is only tenuously related to the 
theory of POCS. We offer a different basis for justifying their 
algorithm, one that provides an exact formal basis for establish- 
ing convergence and a more flexible theory for elucidating the 
possibilities of the algorithm. 

11. NATURE OF THE ALGORITHM 

As the authors indicated, a projection onto the set of band- 
limited images is equivalent to an ideal low-pass filter. However, 
the authors chose to approximate the ideal low-pass filter with 
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the following convolution kernel: 

As Fig. 1 shows, this kernel is far from an ideal low-pass filter. 
If it were a reasonable approximation of a projection operation, 
repeated application of the filter would change the image only 
slightly or not at all. However, the difference between 5 and 20 
iterations of the low-pass filter is dramatic, as shown by Fig. 4(c) 
and (d) in their paper. 

POCS is clearly inadequate as a basis for justifying the algo- 
rithm with the convolution kernel proposed. Instead, the algo- 
rithm can be justified as an iterative solution of a constrained 
minimization problem. We can write the iteration proposed by 
Rosenholtz and Zakhor as 

x ~ + l  = p Q L w ~  (1) 

where PQ is the projection operator onto the quantization set 
Q and L is the (nonideal) low-pass filter. We show that this 
iteration actually converges to the solution of a constrained 
minimization problem. 

Consider the constrained minimization problem defined as 
follows: 

Minimize xTHx ( 2 )  

subject to x E C, (3) 

where C is a convex set. This problem can be solved by a 
constrained steepest descent iteration of the form 

X , + l  = P i x ,  - P,Hx, l  (4) 

for P a projection onto C and p, chosen appropriately [2].  If we 
choose P = Pe, H = I ~ L, and p, = 1, then we obtain the 
following iteration: 

( 5 )  

= PeLx,  (6) 

This iteration can be shown to converge for any low-pass filter L 
whose magnitude response is less than or equal to one. The 
iteration is equivalent to the one proposed by Rosenholtz and 
Zakhor. Therefore, their algorithm actually solves the con- 
strained minimization problem 

x,+1 = PQIXl + ( L  - I ) x , l  

Minimize x‘(1 - L ) x  (7 )  

(8) subject to x E Q. 

This formulation of the algorithm shows that it minimizes 
frequency-weighted energy in the image while maintaining fi- 
delity to the known quantization constraints. For a low-pass 
kernel, the algorithm tends to minimize high-frequency energy 
more than low-frequency energy. This formulation has the fol- 
lowing advantages over POCS: 

Guaranteed convergence: This iteration is guaranteed to 
converge to a solution of the constrained minimization 
problem regardless of the cutoff frequency of L.  (This 
explains why Rosenholtz and Zakhor always experienced 
convergence of their algorithm.) The POCS iteration, on 


