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Abstract—Bitplane coding is a common strategy used in
current image coding systems to perform lossy, or lossy-to-
lossless, compression. There exist several studies and applications
employing bitplane coding that require estimators to approximate
the distortion produced when data are successively coded and
transmitted. Such estimators usually assume that coefficients are
uniformly distributed in the quantization interval. Even though
this assumption simplifies estimation, it does not exactly corre-
spond with the nature of the signal. This work introduces new
estimators to approximate the distortion produced by the suc-
cessive coding of transform coefficients in bitplane image coders,
which have been determined through a precise approximation
of the coefficients’ distribution within the quantization intervals.
Experimental results obtained in three applications suggest that
the proposed estimators are able to approximate distortion with
very high accuracy, providing a significant improvement over
state-of-the-art results.

Index Terms—Distortion estimation, bitplane coding, image
coding, rate-distortion optimization, JPEG2000.

I. INTRODUCTION

INCE the seminal work of Mallat [1] introducing the

use of the wavelet transform for the coding of images,
and of Shapiro [2] introducing the bitplane coding strategy
to successively refine image distortion in wavelet image
coding, most of the proposed lossy image coding systems
encode wavelet coefficients in a bitplane by bitplane basis.
Let [tx—1,tx—2,...,t1,t0] be the binary representation for
an integer v which, in the discussion below, denotes the
magnitude of the index obtained by quantizing a wavelet
coefficient y, and with K denoting a sufficient number of
bits to represent all coefficients. Bitplane coding strategies
generally define a bitplane j as the same bit ¢; from all
coefficients, and encode the image from the most significant
bitplane K — 1 to the lowest bitplane 0. The first non-null
bit of a coefficient, i.e., that t;, = 1 such that ﬂ s’ > s with
ty = 1, is called the significant bit of the coefficient. The
remaining bits ¢,.,7 < s are called refinement bits.

A valuable advantage of bitplane image coding is that
it can generate a quality progressive bitstream that can be
successively transmitted and decoded at increasing bitrates.
When the bitstream is truncated, wavelet coefficients may not
be fully transmitted, and thus the decoder carries out a de-
quantization operation consisting of assigning a reconstruction
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value ¢ that lies somewhere in the corresponding quantization
interval. If ¢tp denotes the last transmitted bit of v, in the
case of a deadzone scalar quantization with step size ®, the
reconstruction procedure is expressed as

. ]0 it P>s 0
Yo+ 0)-02° itP<s
where 0 = [tx-1,tK-2,..,tp], and 6 € [0,1) adjusts
the reconstruction value y within the quantization interval
[@2F ®2P+1),

The most common approach to carry out the reconstruc-
tion procedure is to set coefficient § to the center of the
quantization interval, for both significance and refinement
coding, which corresponds to setting 6 = 1/2. Mid-point
reconstruction satisfies the minimax criterion and minimizes
mean squared error if the wavelet coefficients are uniformly
distributed within the quantization interval. It has been sug-
gested [3, Ch. 10.5.1], [4] that other § parameters might better
represent the signal, and that the distribution of wavelet coef-
ficients can be modeled by a generalized Laplacian distribu-
tion [5]. However, this issue has not been carefully addressed
in the context of bitplane coding, and it has implications that
go beyond the reconstruction procedure carried out in the
decoder.

Some encoders, for instance, employ approximations of
the image distortion to optimize the construction of the
codestream [6], while other applications need to estimate the
distortion of the image after coding [7]. When the distortion
metric is Mean Squared Error (MSE), image distortion is ap-
proximated as D = Y, [Gy - (y[k] — 9[k])?], with y[k] and §[k]
respectively denoting transform coefficients and their quan-
tized representation after transmission, and with G denoting
the energy gain factor of subband b to which the coefficients
belong. When the original coefficients y[k] are not available,
or when computational resources are restricted, distortion may
be estimated rather than actually computed. One strategy is
to estimate the initial squared error and the squared error
decreases that can be expected from coding significance and
refinement bits. Such an approach was proposed by Li and
Lei [8] to determine a rate-distortion optimized scanning order
that could be implicitly followed by both the encoder and
the decoder. In [9], an estimator was used to adapt the Set
Partitioning In Hierarchical Trees (SPIHT) [10] to memory
constrained environments, and in [4] image distortion was
estimated to protect real-time image and video transmissions.
Within the framework of JPEG2000, the a priori computation
of distortion-rate slopes using expected distortion decreases
helps to reduce the computational load of the encoder [11],
and to model the rate-distortion characteristics of codeblocks



for transcoding purposes [12]. Several other studies and ap-
plications have employed mid-point reconstruction when de-
coding the image, estimating distortion, or optimizing coding
procedures.

The main purpose of the research described here is to accu-
rately determine the squared error and squared error decrease
expected from significance and refinement bits considering a
probability distribution model that better captures the nature
of the signal. We show that, through the proposed estimators,
distortion can be approximated with very high accuracy. This
has several practical applications: rate-distortion models can be
better adjusted, the computational complexity of implementa-
tions can be reduced, and transcoding procedures can obtain
essentially the same performance whether or not the original
image is available. We restrict our attention to three scenarios
in which the accuracy of estimators is evaluated for the 9/7
discrete wavelet transform (DWT), and the 5/3 integer wavelet
transform (IWT). Our conclusions can be easily extended to
other applications and wavelet-based approaches.

This paper is structured as follows: Section II formulates
the expected squared error and squared error decrease per
coded bit in a general manner, and proposes the use of an
accurate probability distribution conceived from experimental
evidence; Section III describes three applications in which the
estimators can be employed to approximate image distortion;
and Section IV assesses the performance of the proposed
approach through experimental results. The last section draws
conclusions.

II. EXPECTED SQUARED ERROR PER CODED BIT
A. General formulation

For notational simplicity, we assume that coefficients are
normalized by the quantization step size ® in what follows.
Let us first consider the squared error produced by those
coefficients that become significant at bitplane P*. If  denotes
the magnitude of such a coefficient, i.e., 2P < g o< 2P
and p(x) denotes the conditional probability density function
for x, the initial squared error D3¢ of such coefficients can

be determined as

2P*+1

DY :/ p(z) 2° da.
2P

Following the same notation, we determine the squared
error decrease that can be expected when such coefficients
are encoded to bitplane P* as

2)
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2P

(3)

where dp~ stands for the reconstruction factor § used at
bitplane P*. The distortion decrease in this expression is
determined as the squared error before coding bit P*, minus
the squared error after coding bit P*. Since coefficients that

become significant in bitplane P* are recovered as zero for
previous bitplanes, ADRY =0, P > P*.

When assuming a uniform probability distribution within
the significance interval, p(z) = 1/2° and the p- value
that maximizes the average distortion decrease is at the center
of the interval, i.e., 6p- = 1/2. Substituting dp- = 1/2 and
p(z) =1/27 in (2) and (3) results in DY = 7/3-22F" and
ADR? =9/4 - 22P"  which corresponds to [8], [9], and [4].

The squared error after the significance bit is transmitted is

2P*+1

ref P* P* 2
DP*_lz/zp* p(a:)(zf(Q + 5p« - 2 )) dx, (4)

and the squared error decrease expected for refinement coding
at bitplane P* — 1 is determined according to

1.5.27" i N2
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where the first and the second integrals denote the average
distortion decrease when the refinement bit is 0 and 1, respec-
tively. Note that with some abuse of notation, the densities may
be different in the two integrals. In each integral, the distortion
decrease is determined as the squared error after coding the
significant bit minus the squared error once the refinement bit
is transmitted.

When mid-point reconstruction is used and a uniform
distribution is assumed, expressions (4) and (5) simplify to
Dyl | = 1/12-22F" and ADY | = 1/16 - 227", More
generally, D;ff =1/3-2%F and AD;ef =1/4-2?7, P < P*,
which also corresponds to [8], [9], and [4].

In addition to considering D¢ and Drpef when estimating
the image distortion (see below), it is worth considering the
distortion produced by coefficients with null contributions for
the given quantizer step size, i.e., the distortion caused by co-
efficients = € [0, 1). Such distortion is denoted as D™ in this
work, and is determined according to D"/ = fol p(x) 22d.
In the case of the uniform distribution, this simplifies to
1)nu” ::1/3.

B. Determination of the probability distribution

Assuming a uniform probability distribution within the
quantization intervals enormously simplifies the expressions
above. However, the parameters dp and p(z) should ideally
be chosen to reflect the actual nature of the signal.

The primary objective when reconstructing coefficients is
to minimize the average distortion between the dequantized
coefficients and the original ones. This is ideally achieved
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Fig. 1: Experimental results in (a),(b) depict the estimated d p, parameter for the “Portrait” image (gray scale, size 2048 %2560, 5
wavelet decomposition levels) when using the DWT and IWT respectively. (c) depicts the resemblance to exponential functions.
Horizontal axes represents the bitplane number normalized to [1,0].

when, for instance, coefficients that have to be recovered
within the quantization interval [27,2°+1) are reconstructed
as the centroid of this interval. If #C' stands for the number of
coefficients that have non-null contributions just after bitplane
P is transmitted, i.e., those = > 2%, the centroid Ipy of
subband b at bitplane P can be estimated as

where |- | denotes the floor operation. Note that no distinction
between significant and refinement coefficients is made since
experimental evidence suggests that no substantial gains are
achieved in doing so.

We have estimated the centroids for the “Portrait” image
of the ISO 12640-1 corpus using 5 levels of the 9/7 DWT.
To ease the visual interpretation, instead of depicting Zp
for each subband and bitplane, Figure 1(a) depicts the cor-
responding values of the reconstruction factor, calculated as
dpp = Ipp/ 2P with the bitplane number P normalized to
the nominal range, i.e., we plot P/Kj on the horizontal axis,
K, denoting the number of bitplanes needed to represent the
coefficients in subband b. Except for the lowest frequency
subband (not depicted in the graphs), all subbands have similar
statistical centroids, which are significantly different from 1/2,
especially for the higher bitplanes. Similar results are obtained
for other images of the corpus.

Taking dp as an indicator of the actual probability distribu-
tion within the quantization interval, it is clear that different
probability distributions rather than the uniform one should
be considered. The objective is to unbalance the probability
of coefficients within the quantization interval, especially for
the highest bitplanes. We assume that the probability density
function (pdf) takes the lineal form p’(z) = ¢+ « - z, though
others functions are valid and achieve similar results. We
also assume that the centroid occurs at a point within the
quantization interval at which the acctllgmulalged probability of
coefficients is 1/2. More precisely f22p o2 p'(x) de = 0.5.
The solution to the linear system
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Fig. 2: Probability density functions calculated for different
values of the parameter dp.
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with respect to variables ¢ and «, allows us to express p’(x)
as a function of bitplane P and parameter dp as

)

, 5P . 217P - 3. 2717P 4 (5P)2 27P
p'(z) = 5 _
(513) _5P (8)
272P(2.6p— 1)
(0p)? —dp

When §p = 1/2, expression (8) simplifies to p/(z) = 1/2F.
As shown in Figure 2, when 6p # 1/2, p'(x) slopes down
or up balancing the probabilities of coefficients within the

quantization interval. As seen in Figure 2, when dp < 1 — g
or op > \2f p'(x) becomes the max between the lineal form
and 0.

Preferably, the values for fog , ADfDig, DTPef , and ADTPef
are determined through the estimated centroids from each
individual image, as described above. However, this may not
be practical. A simple yet effective strategy is to approximate



the centroids through some function, since our experience
suggests that a coarse estimation, roughly approximating low
reconstruction factors for the highest bitplanes and high re-
construction factors for the lowest bitplanes, is sufficient to
approximate distortion with high accuracy (see Section IV).
Figure 1(c) depicts, for example, some exponential functions
that resemble the experimentally calculated values for épp.
Since all subbands have similar statistical centroids, a single
function can be employed for all of them. Experiments in
Section IV approximate dp through

logio (£452)
— + 0475,

o
Pb =

©))

except for the lowest frequency subband, which has mid-point
centroids. Variations on this function, or even the consideration
of different functions for each subband, do not change results
significantly.

C. Other considerations

A practical advantage derived from using a function to
approximate the values of dp is that the distortion and dis-
tortion decrease expected per coded bit can be pre-computed
for different values of K3, and used through lookup tables
in implementations. Table I depicts, for example, the lookup
table of the squared error and the squared error decrease
for significance and refinement coding when K; = 8. For
comparison purposes, this table! also shows the estimators for
0 = 1/2. Another practical advantage derived from using a
function to approximate the values of dp; is that the decoder
can use pre-computed lookup tables containing the estimated
value for the non-transmitted bits of the coefficient, thus the
reconstruction procedure can be carried out through a bitwise
operation joining transmitted and non-transmitted bits. This
operation has negligible computational costs.

Regarding the use of the IWT, the decoder must take
into account that when integer transformations are employed,
wavelet coefficients are represented in a discrete space, and
the reconstruction procedure must carry out a rounding oper-
ation [13]. Furthermore, estimators need to consider the fact
that the quantization interval is [27,27+1 — 1] rather than
[2F,2P+1), To the best of our knowledge, this issue has not
previously been studied in the context of distortion estimation.
As we will see in Section IV, it may have a significant impact.
Even though the approach described above still holds, the
expressions need to be re-written to consider the discrete space
as

2P+
Dpf= > p@)i?, (10)
#=2P"
2P 1 9
ADEE =S (@) {:@2(:3R(2P*+5P*.2P*))] ,
a=2P"
(11)

!Extended lookup tables can be found at http://www.deic.uab.es/~francesc

TABLE I: Squared error and squared error decrease expected

at each bitplane from significance and refinement bits.

Dy I I DT
P =1 8’ ;, (according exp. (9)) =1
7 || 3822933 | 3012028 || 6’ — 0.294
6 955733 | 8256.06 || &' = 0.355 || 94645 | 1365.33
5 238933 | 2152.14 || &' = 0.389 || 301.79 | 341.33
4 597.33 55240 || & = 0.415 80.34 8533
3 149.33 14076 || & = 0.434 20.64 21.33
2 37.33 3572 || 6 = 0.450 523 533
1 9.33 9.04 8 = 0.463 1.32 1.33
0 233 228 || &' =0.475 0.33 0.33
s T
P =1 8’ ;, (according exp. (9)) =1
7 36864 29173.83 8 = 0.294
6 9216 795426 || & =0.355 || 61677 | 1024
5 2304 207179 || 6 = 0.389 || 21598 | 256
4 576 53176 || &’ = 0.415 58.83 64
3 144 13553 || 6/ = 0.434 15.27 16
2 36 3439 || 6 = 0.450 3.89 4
1 9 8.71 8 = 0.463 0.98 1
0 225 220 || &' =0.475 0.25 0.25
2PTH1_y
A * * 2
Dl = Y #@) (2R +op27)) L (12)
F=2P"
and
R 1.52P" 1 . 2
ADE = Y (@) {(w —R(2F" 4+ p- - 2P )) -
7=2P"
* * 2
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oP" 1y
* * 2
> b(&) [(x —R(2" +6p- 27 )) —
£=1.5-2P* )
(2 -RE™ +27 " 4 gp g 27 ) ] :
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where R(-) denotes the rounding operation, and p(Z)
f;“ p'(x) dx is an estimate of the probability that the
coefficient takes the value Z. In the case of the IWT, D4 g
obviously not relevant. As depicted in Figures 1(a) and 1(b),
statistical centroids are similar for both the DWT and the IWT
except for the lowest bitplane. Thus, experiments carried out
in Section IV use equation (9) for centroids estimated in the
case of both transforms. The one exception is for the lowest
bitplane for the IWT, in which 56,17 =0.

For the sake of simplicity, throughout this section we have
ignored the energy gain factor GG}, for each subband, that arises
when the transform is not orthonormal. When non-orthonormal
filter-banks are employed, the energy gain factor GG, must
multiply the values determined for the distortion estimators
for each subband.



III. APPLICATION CASES
A. Post compression rate-distortion optimization

A suitable application in which the proposed estimators
may be employed is in the post-compression rate-distortion
(PCRD) optimization process described in [6]. The PCRD
optimization process is often used in JPEG2000 encoders
to select those bitstream segments that minimize the image
distortion at a given target bitrate. Such a process is useful
since JPEG2000 encodes sets of wavelet coefficients (called
codeblocks) independently, producing one embedded bitstream
for each. These bitstreams can be potentially truncated at three
points per bitplane, coinciding with the end of each coding
pass as defined by the JPEG2000 standard. These coding
passes are named the Significance Propagation Pass (SPP),
the Magnitude Refinement Pass (MRP), and the Cleanup Pass
(CP). The coding pass SPP encodes the significance state of
those coefficients that are more likely to become significant
in the current bitplane; MRP encodes the refinement bits of
coefficients that have become significant in previous bitplanes;
and CP encodes the significance state of coefficients not
encoded in SPP or MRP.

The PCRD algorithm employs a generalized Lagrange mul-
tiplier formulation for a discrete set of points. In brief, PCRD
first identifies the convex hull of the operational distortion-
rate function for each codeblock bitstream. It then selects
from the union of all codeblocks those segments with the
highest distortion-rate slopes. When the distortion metric is
MSE, the distortion of the bitstream segments corresponding to
codeblock B; are computed as D! = G > res, (Yk] — k)2,
where 7'[k] denotes the quantized representation of wavelet
coefficients y[k] when the bitstream for B; is truncated after
coding pass [,0 < I < lpqz- ! identifies the coding pass
as | = P -3+ cp, where P is the bitplane number, and
cp = {2,1,0} respectively for the SPP, MRP, and CP coding
passes. The distortion-rate slope of coding pass [ is computed
as

Sl_ ADi _ Di_l_Di

= = 14
7 AR’ll Ré . Ré/il ’ ( )

with R! denoting the length (in bits) of the bitstream at
truncation point [.

Since PCRD is used in many JPEG2000 implementations,
this optimization process has been widely studied in the
literature and several different methods have been proposed. In
some cases, inexpensive estimations of the distortion decrease
A D! are employed in order to reduce the computational load
of the encoder (see [7], [11], for instance). In other cases,
the optimization of the distortion computation is a cause of
concern, especially in software and hardware implementations.
Kakadu?, for example, which is well known for its excellent
compression performance, uses a lookup table considering the
5 most significant bits of the coefficients to reduce computa-
tional costs and, more recently, a novel strategy for hardware-
based architectures has been presented in [14].

2See http://www.kakadusoftware.com

Through the estimators introduced in the previous section of
this paper, the distortion decrease of bitstream segments can
be estimated by considering only the number of significant
and refinement bits encoded in each coding pass, referred to
as #S5' and #R', according to

AD! = Gy - [Apf;'g 4SS + ADY 4R (15)

where P is the bitplane to which coding pass [ belongs. To
count the number of significant/refinement bits is a computa-
tionally inexpensive operation during the encoding process [4],
and has a low complexity when it is carried out before
coding [11]. In addition to speed-up of the bitplane coding
engine, the use of this technique may also help to reduce the
memory requirements of the block coder [3, Ch. 17.2.4].

B. Intrinsic distortion estimation

The second application in which the use of the proposed
estimators can be beneficial is image distortion estimation.
It may be desirable to target image quality rather than the
bitrate [7], or to approximate image distortion without com-
paring to the original samples. This latter case may be useful
to minimize computational resources, or to aid in transcoding
procedures [12].

Still within the framework of JPEG2000, and considering
Dﬁ as an additive metric [6], the distortion of the image is
determined as D =}, D;\ D where A(l) denotes the optimal
set of truncation points given for a target bitrate, or quality.
In this paragraph, we treat the case for the DWT. The IWT
case is addressed in the paragraph that follows. The distortion
produced by the quantized representation of the coefficients in
B; at coding pass [ is estimated according to

D= G-

-1

L St
D #SE Dl +
L=0

lmax
L ref (16)
( > #S ) Dljsj1
L=l
#Rl—l . ADT_;/J;J + #N . Dnull ,

where the floor operation |-]| is used here to determine a
bitplane number from a coding pass. The first term of this
expression accumulates the distortion produced by coefficients
that become significant below the current coding pass. The
second term accounts for the distortion produced by coeffi-
cients that become significant in the current or previous coding
passes. This term is valid even when all bitplanes have been
encoded (i.e., [ = 0). In this case, the distortion is due to
the initial quantization. In the case of § = 1/2, for example,
this is D™/ = 1/12 according to expression (4). The third
term accounts for the distortion decrease produced when the
MRP pass of the current bitplane is coded, and therefore it is
only non-null when the current coding pass is the SPP. The
last term of the expression takes into account the distortion
caused by coefficients with null contributions, # /N denoting
the number of such coefficients.



Due to the perfect reconstruction of the IWT from in-
teger coefficients, the estimation of the distortion for such
transforms must consider that null coefficients produce null
distortion, and that when coefficients are completely trans-
mitted there is no remaining distortion. On the other hand,
it is worth considering the noise introduced by the nonlinear
transform when coefficients are not perfectly reconstructed.
This was first studied in [13] through a model that considered
the degradation produced in the reconstructed coefficients due
to the rounding operations of the IWT’s lifting scheme. In
the case of the 5/3 IWT with 3 levels of decomposition, the
impact on the MSE was determined to be around S = 0.5.
For the experiments carried out in the next Section using the
5/3 IWT with 5 levels of decomposition, our empirical results
confirm that 5 = 0.5 is an appropriate choice. The distortion
of coefficients at coding pass [ for the IWT is estimated as

-1
l NS
P LZ#SL'DLLQ/BJ +
=0

lmax
(5e)
L=l

[1/3]—1
#R'HADL + #T -8

with #7' denoting the number of coefficients that have not
been perfectly reconstructed.

- , 17
. ,Dref + ( )

C. Extrinsic distortion estimation

When the number of significant/refinement bits per coding
pass is available or, in other words, when the intrinsic char-
acteristics of the coding process are available, distortion can
be determined through the previous approach. However, once
the image has been already encoded, this information is not
commonly available unless the codestream is fully decoded.
Applications such as real-time video rendering [15], or inter-
active image and video transmission [16], require distortion
estimation, but may have limited computational resources.
Therefore, decoding the codestream to estimate distortion may
not be an option.

An effective strategy to avoid decoding is to estimate the
number of significant/refinement bits encoded in each coding
pass. This can be carried out by considering only the length
of the bitstream generated for coding passes, which can be
obtained for JPEG2000 by decoding only packet headers?.
This operation is computationally inexpensive. In other coding
systems, the length of coding passes might also be extracted
without needing to decode the full codestream [4].

With £! standing for the length (in bits) of coding pass
l, the number of significant/refinement bits can be simply
estimated as #S = v - L., where  represents the efficiency
factor achieved by the coding engine, i.e., the number of
significant/refinement bits that are encoded per emitted bit,
on average. For the JPEG2000 coding engine, ~ has been
experimentally determined as 1.075 for MRP coding passes.
For SPP coding passes (CP, respectively), v shows a lineal

3We assume that the restart coding variation is active [3, Chapter 12.4].

increase from 0.25 (0.15, respectively) at the highest bitplane,
to 0.3 (0.2, respectively) at the lowest bitplane.

IV. EXPERIMENTAL RESULTS

We report the performance of the proposed estimators for
the images “Portrait” and “Cafeteria” of the ISO 12640-1
corpus (8-bit gray-scale, size 2560x2048). Similar results
are obtained for all images of the corpus. In all results®,
both the encoder and the decoder use the same values for
the reconstruction factor ¢, and the performance is reported
when: 1) the actual centroids of the image are used (denoted
as actual §); 2) the § values are approximated through
expression (9) (denoted as approx §); and 3) when mid-point
reconstruction is employed (denoted as § = 0.5).

For the first application (PCRD minimization of distortion
for a given target bitrate), images are encoded at 600 target
bitrates uniformly distributed between 0.01 to 6 bits per
sample (bps). The images are then decoded and compared
with the originals. To fairly assess the proposed estimators,
the images are also encoded at the same bitrates with Kakadu
v6.1 employing its lookup table-based strategy to compute
distortion (denoted as K DU), and decoded using mid-point
reconstruction. Figures 3(a) and 3(b) depict the Peak Signal
to Noise Ratio (PSNR) difference between the usual strategy
of Kakadu (horizontal line) and the proposed estimators when
the lossy mode of JPEG2000 is used. Labels in these plots
report the actual PSNR at several points. Results suggest that
the mid-point estimator achieves similar coding performance
to that of Kakadu, and that pdf-based estimators improve it
slightly, though the differences are minimal (no more than
0.07 dB). Figures 4(a) and 4(b) depict the results of the same
test when using the JPEG2000 lossless mode. In this case,
the best performance is achieved with pdf-based estimators,
especially at high bitrates, where improvements around 1 dB
are achieved. The figure also includes a plot labeled § =
0.5 (DWT) which depicts the coding performance achieved
by the estimator determined for the DWT case (paragraph 2
of Section III-B) to stress the low performance of such an
estimator in the IWT case.

The improvement in performance over that of Kakadu
for the IWT case is due to both the encoder and decoder.
As mentioned previously, the Kakadu encoder and decoder
assume mid-point reconstruction when they respectively com-
pute distortion decreases and dequantize coefficients, which is
a common approach in most studies and implementations [17].
The maximum gains are achieved at high bit-rates, when bits
belonging to the lowest bitplane are encoded. This suggests
that the employed centroid has a significant displacement.
To better appraise the improvement achieved with the pdf-
based estimators when the JPEG2000 lossless mode is used,
Figure 5 depicts the coding performance achieved when dif-
ferent assumptions are used in the encoder and the decoder.
More precisely, we evaluate the coding performance achieved
when the encoder computes the actual distortion decreases

4Coding parameters are: 5 levels of WT, 64x64 codeblocks, no precincts,
restart coding variation.
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Fig. 3: Evaluation of the proposed estimators when using the 9/7 DWT (JPEG2000 lossy mode).

assuming mid-point reconstruction or when it uses the pdf-
based estimators, respectively labeled as encode K DU and
encode approx 6, and when the decoder uses mid-point or
pdf-based reconstruction, respectively labeled as decode § =
0.5 and decode approx §. Results are reported as the PSNR

difference between coding and decoding using actual distor-
tion decreases and mid-point reconstruction — which is the
usual strategy of Kakadu and the most common approach in
implementations — against the other combinations. Note that
the plot labeled encode approx 6 / decode approx & reports
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Fig. 4: Evaluation of the proposed estimators when using the 5/3 IWT (JPEG2000 lossless mode).

the same results as the plot labeled approx ¢ in Figures 4(a) we remark that, in spite of recovering coefficients using mid-
and 4(b). Figure 5 suggests that, even though the encoder may point reconstruction, decoders may still enhance the quality of
compute actual distortion decreases in the usual way, assuming decoded images for the IWT case by using the dequantization
mid-point reconstruction, the decoder can enhance the quality interval [27,2P+1 — 1] instead of [2¥ 2P*1). Though this
of the image through pdf-based reconstruction. Furthermore, enhancement should be considered when evaluating bitplane
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Fig. 5: Evaluation of the coding performance achieved when different assumptions of mid-point and pdf-based reconstruction
are used in the encoder and the decoder, with the 5/3 TWT (JPEG2000 lossless mode).

coding engines or rate-distortion optimization methods, the
largest gains are achieved in a bitrate range that is typically
visually lossless.

For the second application (intrinsic distortion estimation),
the estimators can be either applied to target a quality for the
final codestream, or to estimate the image distortion given a
target bitrate. In both cases the results are the same, hence
a single graph is provided. Figures 3(c) and 3(d) depict the
difference between the estimated Root Mean Squared Error
(RMSE) and its actual value. Labels in these plots report the
bitrate at several points. For both the “Portrait” and “Cafeteria”
images, the estimated distortion when using pdf-based esti-
mation is close to the actual distortion, whereas the accuracy
achieved with the mid-point approach is poor, especially at low
bitrates. Similar results hold for the JPEG2000 lossless mode
(Figures 4(c) and 4(d)). The graphs also depict the extrinsic
distortion estimation (denoted as approx § (EXTRINSIC)) as
the third practical application for the estimators. Note that,
even though the values for §, and the number of signifi-
cant/refinement coefficients are approximated (i.e., there is no
reference to the original image), the difference between the
estimated RMSE and the actual one is never higher than £0.5
for the lossy mode, and +0.75 for the lossless mode.

V. CONCLUSIONS

Distortion estimation is an important issue in studies and ap-
plications of lossy, and lossy-to-lossless, image compression.
Most work estimates the distortion induced in wavelet coeffi-
cients assuming that they are uniformly distributed within the

quantization interval, even though this does not correspond
with the actual nature of the signal. The first contribution
of this work is the presentation of a theoretic approach
to determine distortion for non-uniform distributions. This
has lead to estimators that can accurately approximate the
distortion, and distortion decrease, due to bits emitted by
bitplane coding engines. The second main contribution of this
work is the introduction of the proposed estimators in three
applications within the framework of JPEG2000. Experimental
results suggest that, with the proposed approach, distortion
estimators agree closely with actual distortion computations,
significantly surpassing the performance of estimators using
mid-point reconstruction. Our estimators can be employed in
studies and applications to better adjust rate-distortion mod-
els, improve compression performance, reduce computational
costs, determine distortion with high accuracy, and optimize
transcoding procedures.

ACKNOWLEDGMENT

The authors thank the associate editor and the anonymous
reviewers for their valuable remarks.

REFERENCES

[1] S. Mallat, “A theory of multiresolution signal decomposition: the wavelet
representation,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 11, pp.
674-693, Jul. 1989.

[2] J. M. Shapiro, “Embedded image coding using zerotrees of wavelet
coefficients,” IEEE Trans. Image Process., vol. 41, no. 12, pp. 3445-
3462, Dec. 1993.



[3]

[4]

[51

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Jfundamentals, standards and practice.

D. S. Taubman and M. W. Marcellin, JPEG2000 Image compression
Norwell, Massachusetts 02061
USA: Kluwer Academic Publishers, 2002.

M. Farshchian, S. Cho, and W. A. Pearlman, “Optimal error protection
for real-time image and video transmission,” IEEE Signal Process. Lett.,
vol. 11, no. 10, pp. 780-783, Oct. 2004.

R. W. Buccigrossi and E. P. Simoncelli, “Image compression via joint
statistical characterization in the wavelet domain,” IEEE Trans. Image
Process., vol. 8, no. 12, pp. 1688-1701, Dec. 1999.

D. Taubman, “High performance scalable image compression with
EBCOT,” IEEE Trans. Image Process., vol. 9, no. 7, pp. 1158-1170,
Jul. 2000.

Y.-W. Chang, H.-C. Fang, C.-C. Cheng, C.-C. Chen, and L.-G. Chen,
“Precompression quality-control algorithm for JPEG 2000,” IEEE Trans.
Image Process., vol. 15, no. 11, pp. 3279-3293, Nov. 2006.

J. Li and S. Lei, “An embedded still image coder with rate-distortion
optimization,” IEEE Trans. Image Process., vol. 8, no. 7, pp. 913-924,
Jul. 1999.

F. W. Wheeler, “Trellis source coding and memory constrained image
coding,” Ph.D. dissertation, Rensselaer Polytechnic Institue, Troy, NY,
Sep. 2000.

A. Said and W. A. Pearlman, “A new, fast, and efficient image codec
based on set partitioning in hierarchical trees,” IEEE Trans. Circuits
Syst. Video Technol., vol. 6, no. 3, pp. 243-250, Jun. 1996.

K. Vikram, V. Vasudevan, and S. Srinivasan, “Rate-distortion estimation
for fast JPEG2000 compression at low bit-rates,” IEE Electronics Letters,
vol. 41, no. 1, pp. 16-18, Jan. 2005.

F. Auli-Llinas and J. Serra-Sagrista, “JPEG2000 quality scalability
without quality layers,” IEEE Trans. Circuits Syst. Video Technol.,
vol. 18, no. 7, pp. 923-936, Jul. 2008.

J. Reichel, G. Menegaz, M. J. Nadenau, and M. Kunt, “Integer wavelet
transform for embedded lossy to lossless image compression,” IEEE
Trans. Image Process., vol. 10, no. 3, pp. 383-392, Mar. 2001.

A. K. Gupta, S. Nooshabadi, and D. Taubman, “Novel distortion
estimation technique for hardware-based JPEG2000 encoder system,”
IEEE Trans. Circuits Syst. Video Technol., vol. 17, no. 7, pp. 918-923,
Jul. 2007.

F. Auli-Llinas and D. Taubman, “JPEG2000 block-wise truncation of
quality layers,” in Proc. IEEE/IET International Conference on Visual
Information Engineering, Aug. 2008, pp. 711-716.

, “Optimal delivery of motion JPEG2000 over JPIP with block-wise
truncation of quality layers,” in Proc. IEEE International Conference on
Image Processing, Oct. 2008, pp. 2856-2859.

J. An and Z. Cai, “Efficient rate control for lossless mode of JPEG2000,”
IEEE Signal Process. Lett., vol. 15, pp. 409-412, Apr. 2008.

Francesc Auli-Llinas (S’2006-M’2008) received
the B.Sc. and B.E. degrees in Computer Manage-
ment Engineering and Computer Engineering in
2000 and 2002 respectively, both with highest hon-
ours from the Universitat Autonoma de Barcelona
(Spain), and for which he was granted with two
extraordinary awards of Bachelor (awards given to
the first students of each promotion). In 2002 he
obtained a postgraduate fellowship from the Catalan
Government to fund four years of doctoral studies,
receiving the M.S. degree and the Ph.D. degree (with
honors) in 2004 and 2006 respectively, both in Computer Science from the
Universitat Autonoma de Barcelona.

He is the main developer of BOI, a JPEG2000 Part 1 implementation that
was awarded with a free software mention from the Catalan Government in
April 2006. In 2007, he was granted with a postdoctoral fellowship from the
Spanish Government funding two years of postdoctoral research to carry out
two research stages of one year each with the groups of David Taubman, at
the University of New South Wales (Australia), and Michael Marcellin, at
the University of Arizona (USA). He also collaborates with the Group on
Interactive Coding of Images, from the Universitat Autonoma de Barcelona.

He is reviewer for several magazines and symposiums, has authored several
papers in the most important journals and conferences in his field, and has
co-directed one Ph.D. thesis. His research interests include a wide range
of image coding topics, including highly scalable image and video coding
systems, rate-distortion optimization techniques, distortion estimation, region-
of-interest coding, and interactive image and video transmission among others.

Michael W. Marcellin (S’81-M’87-SM’93-F’02)
was born in Bishop, California, on July 1, 1959. He
graduated summa cum laude with the B.S. degree
in Electrical Engineering from San Diego State
University in 1983, where he was named the most
outstanding student in the College of Engineering.
He received the M.S. and Ph.D. degrees in Electrical
Engineering from Texas A&M University in 1985
and 1987, respectively.

Since 1988, Dr. Marcellin has been with the
University of Arizona, where he holds the title of
Regents’ Professor of Electrical and Computer Engineering, and of Optical
Sciences. His research interests include digital communication and data
storage systems, data compression, and signal processing. He has authored
or coauthored more than two hundred publications in these areas.

Dr. Marcellin is a major contributor to JPEG2000, the emerging second-
generation standard for image compression. Throughout the standardization
process, he chaired the JPEG2000 Verification Model Ad Hoc Group, which
was responsible for the software implementation and documentation of the
JPEG2000 algorithm. He is coauthor of the book, JPEG2000: Image com-
pression fundamentals, standards and practice, Kluwer Academic Publishers,
2002. This book is intended to serve as a graduate level textbook on image
compression fundamentals, as well as the definitive reference on JPEG2000.
Dr. Marcellin served as a consultant to Digital Cinema Initiatives (DCI),
a consortium of Hollywood studios, on the development of the JPEG2000
profiles for digital cinema.

Professor Marcellin is a Fellow of the IEEE, and is a member of Tau Beta
Pi, Eta Kappa Nu, and Phi Kappa Phi. He is a 1992 recipient of the National
Science Foundation Young Investigator Award, and a corecipient of the 1993
IEEE Signal Processing Society Senior (Best Paper) Award. He has received
teaching awards from NTU (1990, 2001), IEEE/Eta Kappa Nu student sections
(1997), and the University of Arizona College of Engineering (2000). In 2003,
he was named the San Diego State University Distinguished Engineering
Alumnus. Professor Marcellin is the recipient of the 2006 University of
Arizona Technology Innovation Award. From 2001 to 2006, Dr. Marcellin
was the Litton Industries John M. Leonis Professor of Engineering. He is
currently the International Foundation for Telemetering Professor of Electrical
and Computer Engineering at the University of Arizona.




