2106

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 15, NO. 8, AUGUST 2006

Rate Distortion Optimal Bit Allocation Methods
for Volumetric Data Using JPEG 2000

Olga M. Kosheleva, Member, IEEE, Bryan E. Usevitch, Member, IEEE, Sergio D. Cabrera, Member, IEEE, and
Edward Vidal, Jr.

Abstract—Computer modeling programs that generate three-
dimensional (3-D) data on fine grids are capable of generating
very large amounts of information. These data sets, as well as
3-D sensor/measured data sets, are prime candidates for the
application of data compression algorithms. A very flexible and
powerful compression algorithm for imagery data is the newly
released JPEG 2000 standard. JPEG 2000 also has the capability
to compress volumetric data, as described in Part 2 of the stan-
dard, by treating the 3-D data as separate slices. As a decoder
standard, JPEG 2000 does not describe any specific method to
allocate bits among the separate slices. This paper proposes two
new bit allocation algorithms for accomplishing this task. The first
procedure is rate distortion optimal (for mean squared error),
and is conceptually similar to postcompression rate distortion
optimization used for coding codeblocks within JPEG 2000. The
disadvantage of this approach is its high computational com-
plexity. The second bit allocation algorithm, here called the mixed
model (MM) approach, mathematically models each slice’s rate
distortion curve using two distinct regions to get more accurate
modeling at low bit rates. These two bit allocation algorithms are
applied to a 3-D Meteorological data set. Test results show that the
MM approach gives distortion results that are nearly identical to
the optimal approach, while significantly reducing computational
complexity.

Index Terms—Bit-rate allocation, data compression, image

coding, JPEG2000, multidimensional coding, rate distortion
theory.

I. INTRODUCTION

N THIS paper, we solve the problem of optimal bit-rate allo-
I cation for three-dimensional (3-D) JPEG 2000 compression.
JPEG 2000 Part 2 [1] has the capability to compress 3-D data
by treating data as separate two-dimensional (2-D) slices. The
separate slices could be taken directly from the data or from
the data that has undergone a decorrelation transformation in
one direction. The compression setup that involves doing pre-
and postprocessing with the Karhunen—Loe¢ve Transform before
and after being processed by the JPEG 2000 coder in the other
two directions is shown in the Fig. 1. The question that arises
is how to optimally allocate bits to the separate slices since
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Fig. 1. Diagram illustrating 3-D compression setup.

JPEG 2000 does not require that any specific method be used.
In more precise terms, we solve the problem: Given a desired
average bit rate, assign bit rates to the individual slices so that
the mean-squared error (MSE) distortion metric is minimized.
It can be shown that the solution of this (direct) problem also
gives a solution to the inverse problem: Given the upper bound
on the MSE distortion metric, find the optimal bit-rate alloca-
tion for the slices such that the average bit rate is minimized.
Prior to this paper, the most generally accepted approach to in-
terslice bit allocation applied a Lagrange multiplier assuming
a high bit-rate quantization approximation for each slice [7],
[9]. This traditional approach in effect leads to a bit-rate alloca-
tion based on the logarithms of variances of the corresponding
slices [6], [12], [15]. We propose two new methods. The first ap-
proach is here called the rate distortion optimal (RDO) method
and is based on postcompression rate-distortion (PCRD) con-
cept. In JPEG 2000, PCRD optimization is used for the problem
of selecting the optimal truncation points for the bit streams
of the code blocks [14]. The RDO approach is valuable be-
cause it gives an optimal MSE lower bound for the bit alloca-
tion problem. Since this approach makes use of experimentally
obtained rate distortion curves, its main disadvantage is imple-
mentation complexity.

The second approach is called the mixed model (MM) ap-
proach and consists of extending the traditional high-resolu-
tion model with a region that is accurate for low bit rates. The
low bit-rate part of the model follows the results of Mallat and
Falzon [5], [10] for a general transform coder. Advantages of
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the MM approach are that it can give performance nearly iden-
tical to the RDO approach with a much lower implementation
complexity.

The proposed bit allocation methods are tested by applying
them to Meteorological (Met) data. The specific data used
was generated by the battlescale forecast model (BFM) [8],
which is the analytical model developed by the U.S. Army
Research Laboratory. Test results show that the MM approach
gives distortion results that are nearly identical to the RDO
approach on this data, while significantly reducing complexity
of implementation.

The remainder of the paper proceeds as follows. In Section II,
we review the JPEG 2000 compression method. Section III de-
scribes the KLT preprocessing and contains general descriptions
of the relevant optimization problems and Lagrange multiplier
techniques. Section IV describes how rate distortion curves are
obtained for each slice (using the RDO and MM approaches).
Sections V and VI describe the algorithms used in solving for
the optimal bit-rate allocations for both approaches.

Experimental results on Met data and conclusions are pro-
vided in Section VII.

II. JPEG 2000: EMBEDDING AND SCALABILITY, PCRD

The JPEG 2000 Part 1 baseline or simply JPEG 2000 [14]
brings a new paradigm to image compression standards. It
provides among other advantages superior low bit-rate per-
formance, bit-rate scalability and progressive transmission
by quality or resolution. Quality scalability is achieved by
dividing the wavelet transformed image into codeblocks B;.
Each codeblock is encoded into embedded representation
yielding distortion D;(n;) as a function of bit-rate R;(n;)
for each given truncation point n;. After having encoded all
codeblocks, a postprocessing operation determines where each
code-block’s embedded stream should be truncated in order to
achieve a predefined bit-rate or distortion bound for the whole
image. This bitstream rescheduling module is referred to as
the Tier 2. It establishes a multilayered representation of the
final bitstream, guaranteeing an optimal performance at several
bit rates or resolutions. The Tier 2 component optimizes the
truncation process, and tries to reach the desired bit-rate while
minimizing the introduced distortion, utilizing Lagrangian rate
allocation principles. The following procedure is known as
PCRD optimization [13], [14] and the basic principles behind
it are extensively discussed in [4].

Assuming that the overall distortion metric is additive, i.e.,

N

D= ZDi(ni) (D

i=1

it is desired to find the optimal selection of bit stream truncation
points n such that the overall distortion metric is minimized
subject to a constraint R = ), R;(n;) < R™**. To solve the
problem, the Lagrange multiplier method is used. It leads to the
unconstrained optimization problem

Q= (D(\) + A+ R()\)) — min. ©))
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The resulting objective function () depends on N variables
n;, but can be represented as a sum of N terms @Q; = D;(n;) +
A« R;(n;). Therefore, to minimize the sum, we must find, for
each code-block i, a truncation point n;* that minimizes the
corresponding term ;. This approach follows from the general
result proven in [4]. The determination of the N optimal trun-
cation points for any given A is performed efficiently based on
the experimental information about rate distortion dependence
collected during generation of each code-block’s embedded bit
stream. Only convex hull rate distortion points (i.e., the largest
set of truncation points for which the corresponding distortion-
rate slopes are strictly decreasing) are used in the optimization.
Basically, the algorithm finds the truncation points n;*, where
each rate distortion slope S;(n;) = AD;(n;)/AR;(n;?) is
closest to the fixed A.

Since this algorithm has to be repeated for several values of
A, the distortion-rate slopes are precalculated, and only the set
of acceptable truncation points /V; (defining the convex hull) is
stored together with the corresponding rates and distortion-rate
slopes.

The PCRD optimization approach was the main motivation
for the proposed RDO method described in this paper for finding
the optimal bit-rate allocation for the slices of data or transform
coefficients in JPEG 2000 Part 2 compression.

III. INTERSLICE BIT ALLOCATION PROBLEM

A. KLT Preprocessing

In the simplest (2-D) approach, the 3-D volume of data is
considered as a set of independent slices, which are succes-
sively compressed. The disadvantage of this approach is that
the compression uses the intra-slice redundancies to improve
performance, while the interslice redundancies (in the third di-
mension) are not used. In order to take advantage of these in-
terslice correlations as well, the JPEG 2000 Part 2 allows for a
cross-component (slice) transform. In this paper, we use KLT
preprocessing to decorrelate data.

To establish notation we consider the vertical direction vec-
tors at each (:v,y),f(a:,y) = (I(z,y,1),...,I(z,y,N)). In
terms of vector space representation, these values are the co-
efficients in an NV-dimensional space using the standard basis.
In the KLT transform representation we are selecting a different
orthonormal basis €7, . .., €y and finding the following repre-
sentation after subtracting the mean vector:

[(z,y) =T = ai(z,y) - @ + -+ an(z,y) - (3)

where vectors €7, . . . , € are the eigenvectors of the covariance
matrix [11] of the ensemble of N-vectors with mean /.

B. Formulation of Optimization Problem

The problem of optimal bit-rate allocation becomes most im-
portant when we apply KLT preprocessing in JPEG 2000 Part
2. The diagram in Fig. 2 shows that the KLT transformed data
will result in widely varying bit rates as compared to the non-
transformed data. Because the KLT concentrates most of the en-
ergy into relatively few slices, (shown in the diagram as more
bright), those slices will be allocated significantly more bits than
the others with lesser energy. In the direct optimization problem,
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Fig. 2. Diagram illustrating the expected nature of optimal bit-rate allocation
schemes for the KLT and data domains.

we are given a tag\get average bit rate of the collection of N slices
asR=1/N-3._, R.,and we want to find, among all possible
feasible bit-rate combinations { Ry, ..., Ry}, a specific choice
(allocation) for which the MSE distortion attains the smallest
possible value.

In the inverse optimization problem, we are given the required
value of MSE, and we want to find, among all bit-rate allo-
cations that guarantee this compression quality, the allocation
{R1,..., Ry} for which the average bit rate is the smallest.
From the mathematical point of view, the solution of the inverse
problem is easy to deduce from the direct problem, and, there-
fore, we will focus on the direct optimization problem.

C. Solving the MSE-Related Problems

Defining MSE. (R, ) as the rate distortion curve (RDC) for
slices, solving the direct constrained optimization problem
using the Lagrange multiplier method requires the solution of
an unconstrained optimization problem with objective function
(a function of N bit rates)

>

N N
Q=) MSE.(R.)+\ > R.
z=1 z=1

(MSE.(R.) + A- R.). )

[
M) =

z=1

As shown in [4], minimization of () can be accom-
plished through individual minimization of each entry
(MSE.(R.) + A - R,) of the sum (4). Differentiating and
setting to zero, each desired value R°, can be obtained as a
solution of MSE,(R.) + A = 0. Thus, the optimal values
R?, are such points where all the slopes of the rate distortion
curves are equal —MSE/(R°;) = ... = —MSE/y(R°N) = \.
In order to deal with nonnegative slopes and ), the slope is
redefined to be the negation of the standard slope.

Since MSE is preserved under the (orthonormal) KLT trans-
form, we can use the same approach in the KLT or in the data
domain. Thus, we need to have RDCs or reasonable approxi-
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mations to them for each slice; once they are determined it is
straightforward to find the optimal values 2.

IV. RATE DISTORTION CURVES: EXPERIMENTAL AND
PROPOSED MM APPROXIMATION

The first proposed approach to generating RDCs makes
use of experimentally acquired pairs (R,, MSE(R.)). Then,
using the RDO approach analogous to PCRD, we generate a
true optimal bit-rate allocation. To generate experimental data,
we select for each slice z several different increasing bit rates
R.(1),...,R.(T.) in the acceptable range (from RMIN,
that strictly depends on the overhead to RM AX, which is
the highest rate achievable for a given slice) and obtain the
corresponding MSE_ (R.) at each point using a JPEG 2000
coder and decoder. Once the RDCs are determined, the optimal
bit rates R°, are determined by finding on all the curves points
of the same slope such that the corresponding bit-rate average
is the desired target rate.

The use of experimentally composed RDCs helps us to find
the true MSE optimal bit-rate allocation; however, this is a com-
putationally expensive process that should be avoided if pos-
sible. With this in mind we propose a second method for pro-
ducing rate distortion curves called the MM approach. The MM
method is based in part on the traditional high-resolution quan-
tizer model given in [6]. According to this model, distortion de-
pends on rate as MSE(R) = a-0%-272% where o is a constant
depending on the probability distribution of the data, and o2 is
the data variance.

Previous research by Mallat and Falzon [5], [10] shows that
the high-resolution model is inaccurate at low bit rates for trans-
form coding. They describe (and theoretically justify) a new
model which basically adds a new rate distortion relationship
A-1/R®, that is valid at low bit rates. Combining this with the
high-resolution model gives the following Mallat—Falzon (M—F)
model:

1
A g

B- 2—2R

ifR<R

! 5
, ifR>R ©)

MSE(R) = {
which gives better agreement with actual RDCs than the high-
resolution model.

The M-F approach has one technical difficulty when used to
model RDCs of KLT data slices. Due to the optimal energy com-
paction, the first few slices carry practically all the information
contained in the data set, and the last slices contain practically
no significant information at all. It is, therefore, reasonable to
expect that in the optimal bit-rate allocation, we will ignore the
last noninformative slices, i.e. we will set the corresponding bit
rates to 0. However, substituting R = 0 into M—F model results
in an infinite MSE value. To overcome this difficulty, we pro-
pose the following modified M—F model called the MM

ifR<R

N 6)
itR>R

A —L
MSE(R):{ (B+Ro)=
B-27°%,

where the new parameter satisfies g > 0. This term is chosen
such that at zero rate R = 0 the MSE corresponds to the average
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power of the data, thus agreeing with standard rate-distortion
results [2]. The determination of Ry is further explained below.

V. BIT-RATE ALLOCATION BY USING FULLY
EXPERIMENTAL MSE DATA

To find the optimal bit-rate allocation using the RDO ap-
proach, we first have to select a set of feasible points that define
the vertices of the convex hull for each rate distortion curve. For
the convex hull the slope varies monotonically with respect to
the bit rate.

As discussed in Section III-C, the optimal bit-rate allocation
R?, ..., RY (for a given average target bit rate ¢a.g) Will be
such that the corresponding slopes on the rate distortion curves
will have the same value \. Therefore, we can solve the problem
by searching through different A and finding the one that leads
to the bit rates whose average equals the desired value Ry,yg.

Since we only have finitely many values of the bit rate, there
are only finitely many possible values of the slopes. Thus, for a
given )\, generally, we will not be able to find a bit rate for which
the slope is exactly equal to A. The best that can be done is to
assign the optimal bit rate R for slice ¢ as that bit rate corre-
sponding to the minimum slope in A" that satisfies A > X
[14]. We use the bisection algorithm (see, e.g., [3]) to find the
optimal bit rate R for each slice :.

To complete the description of this algorithm, we must de-
scribe how to select the optimal value of the Lagrange multiplier
A%. We must select it in such a way that the corresponding av-
erage bit rate R(A\°)=1/N - Zi\;l R.(\°) is equal to the given
average bit rate Rarg.

As we have mentioned earlier, A° is the value of the slope
on the zth rate distortion curve corresponding to the optimal
value R°.. The slope decreases as the bit rate R, increases;
thus, when A decreases, the corresponding values R.(A) in-
crease and, therefore, the average bit rate R()\) increases, as
well. So, the dependence R(\) is monotonically decreasing and
again, we use bisection to find the value \° for which R(\°) =
Ryarg. We start with [, A], where A = 0 and A\ = min, S.(1),
where S, (1) is the first RDC slope for the largest MSE (this in-
terval is guaranteed to contain the optimal value of \).

At each stage of the bisection algorithm, the interval [\, A] is
halved as follows:

* first, we find a midpoint

Al 22 )
2

e for this \,,, we find the bit rates for each slice
Ri(Am),..., Rnv(Am) (also using bisection to match
slopes on all slices), and then compute the average bit rate
R(A\m);

* if R(Am) > Riarg, this means that the desired value of A
is larger than \,,; thus, we can take a half-interval [\,,, \]
as the new interval that is guaranteed to contain \;

* if R(Am) < Riarg, this means that the desired value of A is
smaller than \,,; thus, we can take a half-interval [\, A, ]
as the new interval that is guaranteed to contain A.

We stop iterations when for selected accuracy €, |R(\,,) —

Rtarg| S €.
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VI. BIT-RATE ALLOCATION USING THE MM

A. How to Determine Parameters of the MM

The use of the MM requires for each slice z the determina-
tion of the model parameters A, Ry, «., B, and the crossover
point R. given in (6). A straightforward way to compute the
model parameters is to pick several bit rates, a high bit rate, Ry,
and two low bit rates Ry, , Rr,, and experimentally determine
the MSE at these bit rates.

The parameter B is then computed as B, = MSE,(Rpg) -
22Rm To determine A, and ., we need to consider the low bit-
rate part of the new model. If we choose low bit rates Ry, , Ry,
such that they are significantly greater than Ry, then we can
use the simplified approximation MSE, (R) = A, - 1/R*= for
the curve.

Substituting Rr,,, Rz, into this equation and solving gives
the following closed form expressions for A, and «:

_ logy(MSE; (R,)) — logy(MSE. (R,))

* log,(Rz,) — log,(Rr,)
®)
logy(MSE. (Ry,)) - loga(Rz,)
logy(A.) = —
082 As) = = o R — logy(Rr)
log,(MSE. (Ry,)) - logy(Rz,) o

logQ(RLz) - logQ(RLl )

To find Ry, we use the fact that the MSE, equals the average
power E[I?] for slice I at Ry. = 0 (or o for the zero-mean
data), and, thus, Ro. = (A./E[I?])"/=.

The crossover point R. determines when to switch from the
low bit rate to the high bit-rate model. Note that to properly
model a rate distortion curve, the combined MM curve must
satisfy the following:

* it should agree with the traditional model for high bit rates

and with the exponential model for low bit rates;

* it must be convex with slopes increasing as the rate de-

creases.

The only possible way to satisfy these two criteria is to select
the crossover point R. as the rate corresponding to the intersec-
tion point between the two curves (see Fig. 4 and lower curves
of Fig. 3). In certain pathological cases, such as low variance
slices, the curves do not intersect. In these cases one of the two
curves must be chosen and used for all bit rates. For low vari-
ance slices, the low bit-rate and high bit-rate models agree most
closely at high bit rates, resulting in the low bit-rate model being
the best overall choice for all bit rates.

B. Analytical Solution to the Unconstrained Optimization
Problem

Following the Lagrange multiplier method, we arrive at an
unconstrained optimization problem (4). For a given A, the
optimal values R{,..., R, are attained when the derivatives
of the objective function (4) with respect to all the variables
Ry, ..., Ry are equal to 0.

For each variable R, only two terms in the sum (4) depend
on this variable: MSE_(R.) and A - R.. For convenience, let

us denote the dependence of —MSE, on R as f,(R.). In this
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notation, the optimal bit rate R? satisfies f.(R2) = A. Differ-
entiating f,(R.) in (6) with respect to R., we get

1 : D,
JiR) = {Az om0 o)
2B, -1In2-27%E- ifR> R..
If R, < R_, then fL(R,) = Aleads to
A, o\ V@t
R. = < a@ > ~ Ro.. (11)
A
If R, > R., it leads to
1 2-1n(2) - B.
R. = -log2<f) . (12)

Since the MM leads in general to a slope discontinuity in the RD
curve, one special case for the slope/rate calculation needs to be
explained. As seen in Fig. 4, the RD curve slope discontinuity
leads to a range of slopes A € (Ag, Ar) that have no achievable
bit rates associated with them. As mentioned above, the best rate
for such As is that rate associated with the minimal A satisfying
A™in >\ As can be seen from Fig. 4, this corresponds to slope
AL, and, thus, the optimal rate is Rz.
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C. Algorithm for Optimal Bit-Rate Allocation

Once we have searched and found the optimal value of the
Lagrange multiplier A°, we can determine the optimal values of
the bit rates by using the above explicit formulas. Since possible
values of the bit rate can only be between RMIN, and RMAX,
(see Section IV), once we get the values R? from the above
formulas, we replace the values #2 < RMIN, with 0, and we
replace the values RS > RMAX, with RMAX..

As we can see from the MM formulas (11) and (12), when
A is small, we get large bit rates R, (hence, large average bit
rate R and small MSE). When )\ increases, the average bit rates
decrease and the MSE increases. Again we solve the search
problem using the bisection method.

A typical bit-rate allocation for the Met variable U is shown
on Fig. 5.

VII. RESULTS AND CONCLUSION

A model being used today at the U.S. Army Research Lab-
oratory to generate Met data is the Battlescale Forecast Model
(BFM) [8].

The BFM uses physics models and actual measured data as
boundary conditions to produce floating point data values on
a user specified 3-D spatial grid. The BFM data set available
for use in this study consists of a cube of data for each of six
physical variables. For a specific variable Met we will call the
cube Met(Z,X,Y) which is of dimensions 64 x 129 x 129.
The first dimension is the vertical height Z, and the other two
are X and Y for the two horizontal spatial variables.

The six available Met variables are: potential temperature 7',
pressure P, water vapor mixing ratio WV and the U, V, and W
components of the wind speed vector. Each slice of dimension
129 x 129 is available on a uniform 2-D grid, but the specific
spatial altitude or height z is nonuniformly spaced. The original
floating point BFM data is first converted to fixed point (16 bits)
before any compression is done.

All the results are shown in percentages of the total amplitude
range of the specific data cube (see Table I describing the ranges
of the Met data). The experiments were performed for several
approaches: 1) traditional approach, based on the logarithms of
variances (LogVar), 2) RDO approach, providing optimal bit-rate
allocation, 3) MM approach, and 4) uniform bit-rate approach.
The uniform approach is included for completeness purposes
and to further justify the need to optimize bit allocation. The
log-variance approach is used without the standard constraint
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TABLE 1
SIX VARIABLES USED TO TEST BIT ALLOCATION

Component | Max Min Range Units
U | 329 -18.5 51.4 m/sec
V| 259 -18.5 444 m/sec
W | 037 -0.45 0.82 m/sec
T | 333.26 | 27091 | 62.35 deg K
WV | 1381 0.027 | 13.783 %}fv_?g
P | 1019.1 247 772.1 millibars

TABLE II
RMSE (%) FOR THE PRESSURE VARIABLE

| BR || P Logvar | P UBR | P MM | P RDO

0.3 0.56 0.33 0.002 0.0014
0.5 0.12 0.26 0.0007 | 0.0007
0.7 0.05 0.21 0.0006 | 0.00062
0.9 0.04 0.18 0.0006 | 0.0006
1.1 0.03 0.17 0.0006 | 0.00059
1.3 0.03 0.15 0.0006 | 0.00059
1.5 0.03 0.13 0.0006 | 0.00059
TABLE III

RMSE (%) FOR THE TEMPERATURE VARIABLE

| BR || T Logvar | TUBR [ T MM | T RDO

0.3 0.26 0.29 0.08 0.082
0.5 0.14 0.22 0.06 0.054
0.7 0.1 0.19 0.06 0.04
0.9 0.08 0.16 0.05 0.032
1.1 0.06 0.14 0.05 0.026
1.3 0.05 0.12 0.04 0.021
1.5 0.04 0.11 0.04 0.018

which forces bit rates to be integers. Instead, any nonnegative
bit rate in acceptable range can be achieved on each slice.

Tables II-VII give results comparing the log-variance ap-
proach with a uniform bit-rate approach (UBR), the MM
approach, and the RDO approach for all Met variables. All
tables show that the MM and RDO approaches achieve better
results than the other approaches. The log-variance approach
shows poor RMSE results at low bit rates and acceptable
performance at high bit rates, thus illustrating the need for the
MM approach.

One of the major purposes of the experiments was to show
that by using the MM approach, we can achieve results close
to the RDO results (which provides the overall best possible
bit-rate allocation). Tables II-VII show that, for all six compo-
nents, the results for MM approach and RDO approach are very
similar (as expected, the RDO results are slightly better). Fig. 6
shows the results for the U component comparing the MM with
the RDO approach and we can see that the results are very sim-
ilar. Thus, to find a nearly optimal bit-rate allocation, it is not

2111

TABLE 1V
RMSE (%) FOR THE WATER VAPOR VARIABLE.

| BR || WV Logvar | WV UBR | WV MM | wv RDO

0.3 0.49 0.23 0.07 0.071
0.5 0.19 0.16 0.05 0.046
0.7 0.13 0.13 0.03 0.033
0.9 0.08 0.10 0.03 0.025
1.1 0.06 0.08 0.02 0.02
1.3 0.05 0.07 0.02 0.016
1.5 0.04 0.06 0.01 0.014
TABLE V
RMSE (%) FOR THE U WIND SPEED COMPONENT VARIABLE
BR || U LogVar | UUBR | UMM | U RDO
0.3 0.31 0.09 0.04 0.039
0.5 0.16 0.06 0.03 0.025
0.7 0.09 0.04 0.02 0.018
0.9 0.07 0.04 0.01 0.014
1.1 0.05 0.03 0.01 0.011
1.3 0.03 0.02 0.01 0.009
1.5 0.03 0.02 0.01 0.0072
TABLE VI

RMSE (%) FOR THE V WIND SPEED COMPONENT VARIABLE

BR || V LogVar | VUBR | VMM | V RDO
0.3 0.51 0.17 0.08 0.061
0.5 0.24 0.11 0.05 0.039
0.7 0.13 0.08 0.04 0.028
0.9 0.09 0.07 0.03 0.021
1.1 0.06 0.05 0.02 0.016
1.3 0.05 0.05 0.02 0.013
1.5 0.03 0.04 0.01 0.011
TABLE VII
RMSE (%) FOR THE W WIND SPEED COMPONENT VARIABLE
BR || W LogVar | W UBR | WMM | W RDO
03 0.22 1.36 0.14 0.14
0.5 0.1 1.09 0.08 0.077
0.7 0.06 0.91 0.05 0.048
0.9 0.04 0.79 0.04 0.033
1.1 0.03 0.7 0.03 0.023
1.3 0.02 0.62 0.02 0.018
1.5 0.02 0.55 0.02 0.014

necessary to go through the full rate distortion computations
needed for the RDO approach, since the MM approach gives
nearly identical results.
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Fig. 6. Detail plots of RMSE(%) of proposed and RDO for the U variable.

The computational savings can be seen by noting that all
points for the RDO and MM approach can be generated with
only one coding of each slice. However, the RDO approach and
MM approach differ in the number of decodings. The MM ap-
proach requires only three decodings corresponding to the three
RDC points Ry, Ry, , Rr, for each slice. In contrast, the RDO
approach requires a significant increase in the number of de-
codings in order to generate RDC information. Our simulations
used on the order of 80—100 decodings. As pointed out by one
reviewer, near optimal rate-distortion curves can be generated
using 20-30 decodings. In either case, there is at least a factor
5 reduction in the computational complexity required. We also
note that a JPEG 2000 encoder could be modified to output the
image rate distortion curve in one encoding pass. This process
would have to be done at the encoder since it requires knowing
the rate distortion information from each of the codeblocks, and
this information is not stored in the encoded data stream [14].
However, this approach is nontrivial and less practical since it
requires access to the JPEG 2000 implementation source code
and detailed knowledge of the coding, so that such modifications
could be made. Because of these difficulties, this approach was
not pursued in this paper.
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