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Jamshed N. Patel, Ashfaq A. Khokhar, and Leah H. Jamieson, Fellow, IEEE

Abstract—This paper studies the scalability of two-dimensional
(2-D) discrete wavelet transform (DWT) algorithms on massively
parallel processors (MPPs). The principal operation in the 2-D
DWT is the filtering operation used to implement the filter banks
of the 2-D subband decomposition. This filtering operation can
be implemented as a convolution in the time domain or as a mul-
tiplication in the frequency domain. We demonstrate that there
exist combinations of the machine size, image size, and wavelet
kernel size for which the time-domain algorithms outperform
the frequency domain algorithms and vice-versa. We therefore
demonstrate that a hybrid approach that combines time- and
frequency-domain approaches can yield linear scalability for a
broad range of problem and machine sizes. Furthermore, we show
the effect of processor speed versus communication overhead and
the use of separable versus nonseparable wavelets on the crossover
points between the algorithm approaches.

Index Terms—Coarse-grained architectures, fine-grained archi-
tectures, image processing, intel paragon, Maspar MP, parallel al-
gorithms, scalability analysis, wavelet transform.

I. INTRODUCTION

WAVELET theory provides a unified framework for a
number of techniques developed in multiresolution

analysis [25], [26], [29], [35] and subband coding [20], [35].
Although wavelets have been studied by mathematicians for
many years [4], wavelet transforms have recently generated
a great deal of interest as a new form of multiresolution
representation for one–dimensional (1-D) signals and two-di-
mensional (2-D) images [27]. Multiresolution representations
are commonly used for the analysis of data and information in
signal processing. Thus, the last few years have witnessed an
explosion of applications of wavelets in image processing [1],
[24], [25], [41], speech processing [17], [22], [36], wideband
correlation processing [40], and numerical analysis [2], [3].
Image compression has been cited as potentially the biggest
application area for wavelets [1], [27], [35].

The wavelet transform is an operation that transforms a func-
tion by integrating it with modified versions of some kernel
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function [6]. The kernel function is called the mother wavelet,
and the modifications are translations and compressions (or di-
lations) of the mother wavelet. In this paper, we consider is-
sues dealing with parallel implementations of the 2-D discrete
wavelet transform (DWT) for analyzing the information con-
tent of 2-D images. We provide a comprehensive treatment of
the problem considering algorithmic and implementation issues
on fine-grained as well as coarse-grained parallel platforms.

As with many algorithms in signal and image processing, the
2-DDWTis computationally intensiveand operateson large data
sets. These factors, coupled with the demand for real-time opera-
tion in many image processing tasks, have necessitated the use of
parallel processing to provide high performance at a reasonable
cost. A number of researchers have proposed parallel solutions
of the DWT [5], [9], [12], [19], [21], [23], [30], [38]. Most of the
proposedsolutions focusonparallelizingagivensequential tech-
niqueanddonotstudythe impactofvariousmachineandproblem
parameters on the performance. This paper primarily focuses on
thescalabilityof2-DDWToncoarse-andfine-grainedmachines.
In particular, we analyze the effect of a variety of factors on the
performance of the parallel 2-D DWT algorithm. These factors
include the data distribution across processors, machine size,
problem size, wavelet size, use of separable versus nonseparable
wavelets,andchoiceofparallelalgorithm.

The wavelet decomposition can be realized by successive
filtering and subsampling of the input signal. The filtering
operation can be accomplished either by convolutions with the
filter kernel in the time domain or by computing the discrete
Fourier transform followed by point-by-point multiplication
in the frequency domain. We compare the complexity of the
parallel time-domain and frequency-domain techniques used
in implementing the filterbanks of the 2-D subband decompo-
sition schemes. We show how the time and frequency domain
approaches can be combined to achieve optimal performance
for a broad range of problem and machine sizes. The cases
of both separable and nonseparable wavelet bases are con-
sidered. Experimental results on the MasPar MP-series—a
fine-grained parallel system—and on the Intel Paragon—a
coarse-grained parallel computer—are presented and compared
to the theoretical analyses. These machines can be considered
to be representative of the coarse- and fine-grained distributed
memory architectures of today since the architectural charac-
teristics (network parameters such as diameter, bisection width,
routing algorithms, and computation versus communication
latencies, etc.) of these machines are very similar to the con-
temporary machines. See [37] for a recent survey of different
parallel commercial and research machines and how they relate
to each other.

1053–587X/00$10.00 © 2000 IEEE
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Fig. 1. Analysis filter bank of the 1-D subband decomposition scheme. By repeating in cascade for the low-frequency subsampled approximations, we compute
the wavelet representation of the signalx(n) at successively coarser resolutions.

Section II describes the computational structure and algo-
rithms for the 2-D DWT. Section III describes the parallel com-
putational model, scalability measures, and data distributions
used for our study. Analytical results for various 2-D DWT al-
gorithms on fine-grained and coarse-grained machines are pre-
sented in Section IV. Experimental results on the target parallel
platforms are are discussed in Section V. Section VI outlines the
major conclusions of this work.

II. PARALLEL ALGORITHMS FOR THE2-D DISCRETEWAVELET

TRANSFORM

This section describes the wavelet decomposition of a signal
using a quadrature mirror filter (QMF) filter bank. We begin
by describing the 1-D subband decomposition scheme and ex-
tend these concepts to the case of 2-D wavelet decomposition
of image data.

A. 1-D Wavelet Decomposition

Mallat [27] shows that the computation of the wavelet
representation can be accomplished with a pyramidal algorithm
based on convolutions with quadrature mirror filters. Consider
the analysis filter bank of the 1-D subband decompositon
scheme shown in Fig. 1. In this figure, represents a
lowpass filter and represents a highpass filter. One can
construct filters and which are both orthogonal and
converge to continuous functions with compact support. Such
filters are calledregular, and examples can be found in [7], [8],
[39].

The orthogonal wavelet representation of a discrete signal
can be computed by convolving with the filters

and and retaining every other sample of the output. The
process of decomposing the sequence into two sequences at
half resolution can be iterated on either or both sequences. To
achieve better resolution at lower frequencies, the scheme is
commonly iterated on the lower band as shown. The output
from the lower band of the th stage is the input for
stage of the wavelet decomposition. In general,
stages of wavelet decomposition result in a -band

wavelet decomposition of the original signal . This can be
represented as follows:

The filters and are called analysis filters. The
signal can also be reconstructed from a wavelet representation
with a similar pyramidal algorithm. The synthesis filters are
time-reversed versions of the analysis filters. At theth stage of
wavelet reconstruction, can be reconstructed as follows:

B. 2-D Wavelet Decomposition

In order to apply wavelet decompositions to images, 2-D ex-
tensions of wavelets are required. This can be achieved by the
use of separable or nonseparable wavelets as described below.

Separable 2-D Filter Bank:A separable filter implies that
filtering can be performed in one dimension (rows) followed by
filtering in another dimension (columns). A 2-D wavelet trans-
form can be computed with a separable extension of the 1-D
decomposition algorithm [27], as shown in Fig. 2. We first con-
volve the rows of with a 1-D filter, retain every other
column, convolve the columns of the resulting signals with an-
other 1-D filter, and retain every other row. The filters used in
this decomposition are the 1-D QMF filters described in Sec-
tion II-A. Further stages of the 2-D wavelet decomposition can
be computed by recursively applying the procedure to the LL
band (see Fig. 2) of the previous stage. In general,stages of
wavelet decomposition result in a -band wavelet de-
composition of the original image .

Nonseparable 2-D Filterbank:In certain cases, it is de-
sirable to use nonseparable subsampling to obtain useful 2-D
wavelet representations [27], [35]. For example, nonseparable
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Fig. 2. Analysis filter bank of the separable 2-D subband decomposition
scheme. This algorithm is based on iterative 1-D filtering and subsampling
(across rows and columns) on the LL band of this filter.

wavelet orthonormal bases can be used for texture discrimina-
tion and fractal analysis [28]. In this case, we can use a nonsep-
arable 2-D subband decomposition scheme as shown in Fig. 3.

and represent the 2-D filters, and is the
matrix characterizing the sampling process. Iteration of the fil-
terbank on the lowpass branch leads to a 2-D DWT.

III. COMPUTATIONAL MODEL AND SCALABILITY

We analyze the scalability of our algorithms and implementa-
tions using several architecture and algorithm parameters. This
section describes the parameters of the computational model
used in our analysis and defines a formal notion of scalability
of an algorithm used in this study.

A. Computational Model and Assumptions

For our analysis, we use an explicit network model of the ar-
chitecture. The terminology is primarily based on the conven-
tions used in [10] and [13].

Let be the time required for one floating-point operation
and be the sequential time required to compute one butterfly
of an FFT. The time required for the complete transfer of a
message containing words between two processors that are

connections away is given by , where
is the startup time, is the time taken for a message frag-

ment to hop from one processor to the neighboring one, and
bytes-per-word , where is the bandwidth of the com-

munication channel between the processors in bytes per second.
The model parameters are summarized in Table I.

B. Scalability of Parallel Algorithms

In our analyses, we define scalability as follows. Consider an
algorithm that runs in time on a processor architecture
and where the input problem size is. The algorithm is consid-
ered scalable on the architecture if increases linearly
with an increase in the problem size or decreases linearly with
an increasing number of processors (machine size) [15], [18].

Fig. 3. Analysis filter bank of the nonseparable 2-D subband decomposition
scheme. This algorithm is based on nonseparable subsampling and leads to
nonseparable wavelets.

TABLE I
DESCRIPTION OF THE MODEL

PARAMETERS

We study the performance of our algorithms by varying ma-
chine and problem size, by varying the size of the wavelet filter
kernel, and by varying the processor speed. It is likely that no
single algorithm is scalable over the entire range of machine and
problem sizes. One of the important factors limiting the range of
scalability is the sequential component of the parallel algorithm.
In order to determine the regions of scalability for different al-
gorithms presented in this paper, we use the analytical methods
developed in [16]. We compare the analytical results with the
experimental data and discuss any contrast that is observed.

C. Data Distribution Schemes

Image data is usually available as a 2-D array of elements.
The data elements correspond to pixel values in the 2-D image
plane. In this section, we describe two important data-distribu-
tion schemes—block distribution androw or columndistribu-
tion—used in our implementations. For the sake of simplicity
in analysis, in the following, we assume thatand are powers
of 2.

Block distribution:Assume that an input imageof size
such that is distributed across processors.
Further, assume that the processors are configured as a square
grid of processors and that each processor can be
accessed by its row and column indices as

.
In a block distribution, each processor holds a nonoverlapping

block of pixels of the image, and adjacent
processors in the processor grid hold adjacent blocks
of the input image. An example of a block distribution is shown
in Fig. 4.
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Fig. 4. Mapping an8� 8 input image to a2� 2 processor array using block
distribution.

Row or column distribution:An input image is distributed
across processors . In a row distribution,
each processor holds consecutive rows of the input image.
Likewise, in a column distribution, each processor holds
consecutive columns of the input image. An example of row dis-
tribution is shown in Fig. 5.

IV. A NALYTICAL RESULTS

In this section, we present analytical results of the 2-D DWT
algorithms on fine- and coarse-grained machines. Two com-
monly used methods for filtering a digital signal are convolu-
tion-based filtering in the time domain and point-by-point mul-
tiplication in the frequency domain. In the following, we analyze
the time complexity of each method on parallel computers. For
the analysis, we use the model parameters defined in Section III.

Various computational steps performed in realizing the
2-D-DWT algorithms are outlined in Fig. 6. The analyses
presented in this section are based on these steps, assuming
the different data distributions discussed in Section III-C. For
each step, we assume the best algorithm available on the target
platform. For the row (or column) distribution, we assume that

; for the block distribution, we assume that . We
further assume that the size of each wavelet kernel isfor the
separable case and for the nonseparable case. Let be
the time to compute one level decomposition of a 2-D-DWT
algorithm. In terms of the steps in Fig. 6, this corresponds
to one iteration of the algorithm. We will show details of the
analysis for computing . Recursion is then applied to achieve
the bounds for a -stage 2D-DWT decomposition. It can be
easily shown that the total time for the stages is bounded
by since the size of the input signal/image reduces to half
after each iteration.

A. Analytical Results on Fine-Grained Machines

The MasPar computers used in the experiments are based on
a 2-D mesh interconnection network. Hence, we assume a 2-D
mesh interconnect between processors, although the analysis
can easily be generalized to other topologies. The processors
are distributed as a square grid of processors, and each
processor is connected to its four nearest neighbors in the north

Fig. 5. Mapping an8 � 8 input image to a2 � 2 processor array using row
distribution.

south, east, and west directions. Since fine-grained machines
are characterized by large number of processors, the number of
pixels assigned to each processor are assumed to be small in
number. For this reason, we have considered only block distri-
bution on fine-grained machines. On fine-grained machines, we
assume that model parameters(the startup time) (time per
hop), and (time to transfer one word), which are defined in
Table I, are constants.

1) Time-Domain Filtering for Separable 2-D DWT:The
separable 2-D DWT involves 1-D filtering of the rows of the
input image with 1-D wavelet filters and , followed
by 1-D filtering of the columns of the image. We assume 1-D
wavelet filters of size , i.e., and . We
first consider the convolution of across the rows of the
image. For a 1-D filter of length , the computation of each
output pixel requires floating-point operations (additions
and multiplications), where is the time required for one
floating-point operation. For a block distribution, the compu-
tation of each output pixel also requires data from
other processors in the same same row of the pro-
cessor grid. Since the communication can be accomplished in

data movements of one word each between adjacent
processors, the time required for communication is .
The sum of the computation and communication time required
for each pixel is .

Each processor holds pixels. Since the output is down-
sampled by two, we need to compute only alternate columns of
the image. Thus, the operation described above is repeated for

pixels in each processor. Hence, the time required to con-
volve across the rows of the input image is

.
We need to convolve both and across the rows of the

image, and the entire operation is repeated across the columns
of the image. Thus, the total time required for the first stage of
the 2-D wavelet decomposition is

(1)

Since the successive stages of wavelet decomposition are per-
formed only on the LL-band of the output of the previous stage,
the number of pixels per processor at the input of theth stage of
wavelet decomposition is
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Fig. 6. Computational steps for the separable and nonseprabale 2-D-DWT algorithms in time and frequency domains.

. If is the time required for theth stage of
wavelet decomposition, then

If is the total time required for stages of the wavelet
decomposition, it can be easily shown that .

If denotes the total time required to compute a-stage
separable 2-D-DWT using time-domain convolutions, we then
have

(2)

(3)

Based on the scalability definition described earlier,
scales linearly with .

2) Frequency-Domain Filtering for Separable 2-D-DWT:To
filter a signal in the frequency domain, we first compute the
discrete Fourier transform (DFT) of the signal, perform a
point-by-point multiplication with the DFT of the filter
sequence, and then compute the inverse discrete Fourier
transform (IDFT) of the product. A fast parallel
computation of the DFT and IDFT can be achieved by
parallel implementation of the fast Fourier transform
(FFT) algorithms described in [16].

Let be the time taken to compute the first stage of the
2-D-DWT. We first consider the time taken to filter the rows of
the image with and . Assuming block distribution,
where a row of the image consisting of pixels is divided
among processors, the computation of the 1-D FFT of the
requires communication steps and the local compu-
tation of a -point 1-D FFT, as described in [11] and [31].
If is the time taken to compute one butterfly of the FFT and

is the distance between communicating processors at step,
the time taken for the communication steps is
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The time to compute a -point 1-D FFT is
. Hence, the time to compute a 1-D

FFT on one row of the input image is approximately
, assuming .

Point-by point multiplication with and requires
time. This is followed by an inverse 1-D FFT oper-

ation on both the products, where the cost of an inverse FFT
equals the cost of a forward FFT. Hence, the total time required
to filter one row of the image with and is approxi-
mately

Since each row of processors holds rows of the image,
the time required to filter all the rows of the image is
times the time required for one row. Thus, the total time required
to compute the first stage of the wavelet decomposition, which
is the sum of the time required for filtering and downsampling
along the rows followed by filtering and downsampling along
the columns, is given by

(4)

As in the case of the convolution-based filtering, the total
time for stages of wavelet decomposition onprocessors
is bounded by . If denotes the total time required to
compute a -stage separable 2-D-DWT using frequency-do-
main filtering, then

(5)

(6)

Since computing an-point FFT on a serial computer takes
time, we claim that scales linearly with .

The nonseparable 2-D-DWT involves filtering the input
image with 2-D wavelet filters and . As-
sume 2-D wavelet filters of size , i.e., and

. In the following, we analyze the computation
complexity of the time-domain and frequency-domain filtering
methods to compute the 2-D DWT using nonseparable wavelet
bases.

3) Time-Domain Filtering for Nonseparable 2-D
DWT: Since each processor holds
adjacent pixels of the input image, every processor requires
data from other processors. If

, each processor requires data from processors
that are more than one hop away. However, efficient pipeleined
communication patterns can be employed that allow the entire
data transfer to be accomplished by
data movements of size between adjacent processors.
Therefore, assuming , we have

(7)

The successive stages of wavelet decomposition are per-
formed only on the lowpass band of the previous stage.

Assuming that the sampling matrix has a sampling density
of , the number of pixels at the input of theth stage of
wavelet decomposition is . If is the time
required for the th stage of wavelet decomposition, then we
can show that

If is the total time required for stages of wavelet
decomposition, then we have

In practice, only a few stages of decomposition are required.
Hence, can be regarded as a small constant. Ifdenotes
the total time required to compute a-stage nonseparable 2-D
DWT using time-domain convolutions, then we have

(8)

(9)

4) Frequency-Domain Filtering for Nonseparable 2-D
DWT: To filter a signal in the frequency domain using a
nonseparable 2-D filter, we first compute the 2-D FFT of
the signal, perform a point-by-point multiplication with the
2-D FFT of the filter sequence, and then compute the 2-D
IFFT of the product. The 2-D FFT of the image requires

time. Point-by-point multi-
plication with and requires
time. This is followed by a 2-D IFFT operation on both
the products, retaining half the points, which requires

time. If is the time taken to
compute the first stage of the 2-D DWT and assuming ,
we have

(10)

As in the case of the separable frequency-domain filtering,
we can show that the time taken for theth iteration is

Hence, the total time for stages of wavelet decomposition
on processors is bounded by . If denotes the total time
required to compute a -stage nonseparable 2-D DWT using
frequency-domain filtering, then

(11)

(12)

B. Analytical Results on Coarse-Grained Machines

For the coarse-grained machines, we present only a summary
of the major analytical results. Additional details can be found
in [33]. For the row (or column) distribution, we assume that

; for the block distribution, we assume that .
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TABLE II
SUMMARY OF THE ANALYTICAL RESULTS

1) Time-Domain Filtering for Separable 2-D DWT:This
consists of convolution and subsampling of the rows of the
image with and followed by convolution and subsam-
pling of the columns of the image with and .

Consider the case of block distribution first. To convolve a
1-D kernel of size across the rows of the image, the com-
putation of each output pixel requires data from pro-
cessors in the same row of the processor grid. This can be ac-
complished by messages of size between adjacent
processors. Assuming the parameters listed in Table I, the time
required for communication is

.
The computation of each output pixel requires floating-

point operations (additions and multiplications). Since each pro-
cessor holds pixels, the total computation time for row
convolution is , where is the time required for
one floating-point operation. Thus, the total time required for
row convolution on coarse-grained machines is

.
The time for 1-D convolution across the columns of the image

is the same as the time for row convolution. Thus, the total time
taken for separable 2-D DWT usingblock distributionis given
by

(13)

For row distribution

(14)

In a similar manner (for details, see [33]), we obtain expres-
sions for the various data distribution.

2) Frequency-Domain Filtering for Separable 2-D DWT:To
filter a signal in the frequency domain, we first compute the DFT
of the signal, perform a point-by-point multiplication with the
DFT of the filter sequence, and then compute the IDFT of the
product. A fast parallel computation of the DFT and IDFT can
be achieved by parallel implementation of the FFT.

The total time forblock distributionandrow distribution is
given by the following equations:

(15)

(16)

3) Time-Domain Filtering for Nonseparable 2-D DWT:In
the case of the nonseparable 2-D DWT, the time to compute the
first stage consists of convolution of the image with and

, followed by subsampling of the image.
The total time forblock distributionandrow distribution is

given by the following equations.

(17)

(18)

4) Frequency-Domain Filtering for Nonseparable 2-D
DWT: To filter a signal in the frequency domain using a
nonseparable 2-D filter, we first compute the 2-D FFT of the
signal, perform a point-by-point multiplication with the 2-D
FFT of the filter sequence, and then compute the 2-D IFFT of
the product.

The total time forblock distributionandrow distribution is
given by the following equations.

(19)

(20)

Interpretation of Analytical Results:A summary of the
analytical results for both fine- and coarse-grained platforms
assuming different data distributions is given in Table II. Each
expression consists of at least two parts: one corresponding to
the computation complexity and the other corresponding to the
communication complexity (the terms involvingand in the
case of coarse-grained platforms). In this table, these parts have
not been merged intentionally to argue the effects of computa-
tion/communication granularity on the performance bounds.

The execution time for the convolution-based algorithms (A
and C) increases with the size of the wavelet filter, whereas
the FFT-based algorithms (B and D) are independent of. The
table also shows that the execution time of the convolution-
based filtering increases linearly with, whereas execution time
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of the FFT-based filtering increases superlinearly with. Thus,
we would expect the convolution-based algorithms to be faster
than FFT-based algorithms for small filter sizes and slower than
FFT-based algorithms for large filter sizes. For a given filter
length, the convolution-based time domain method is more scal-
able with respect to than the frequency domain filtering oper-
ation for the separable and nonseparable cases.

Comparing convolution-based algorithms for different distri-
butions, separable wavelet filters are more efficient for the block
distribution for small values of . For nonseparable filters, the
block distribution is more efficient if is large for a practical
range of .

For the frequency domain algorithms, the row-distributed al-
gorithms are faster than the block distributed algorithms when
the ratio of the problem size to machine size is large.

In the case of coarse-grained platforms, communication time
is the combination of the message start-up costincurred in
each communication step plus the data transfer time dic-
tated by the bandwidth of the links between processors. Usu-
ally, the message startup cost is in the order of tens of microsec-
onds in contemporary coarse-grained architectures [14]. Due to
this heterogeneity in the machine parameters, the communica-
tion-intensive algorithms do not scale linearly in true sense with
the increase in the problem size or data size. In our case, this is
true for the FFT-based algorithms on coarse-grained machines
(B and D). With row/column distribution, the time domain al-
gorithm based on separable kernel performs better in terms of
communication when image size is relatively large compared to
the machine size.

The computation of inverse wavelet for orthogonal and
biorthogonal (such as ) filters is identical to the forward
wavelet. In the case of its parallel implementation, the total
computation cost depends on the how the coefficient matrix is
distributed among processors.

Assume that for a -level wavelet decomposed image,
coefficients in each wavelet subbands are equally parti-
tioned over the processors, i.e., for each subband of size

for , each processor
contains coefficients. This
distribution scenario is exactly the same as if you have just
finished performing the k-level forward wavelet decomposi-
tion using the algorithms and data distributions used in this
paper. Now, performing the inverse wavelet on this distri-
bution is equivalent to traversing the wavelet computation
graph backward performing convolutions using inverse filters.
The manner in which pixel data was collected to perform
the forward filter is the same way to perform the inverse
filter. For example, for the coarse-grained case, the time
required for communication in an inverse wavelet transform is

for a
subband of coefficients, where is the size of the
inverse filter. This communication time is exactly the same for
forward transform on an image of pixels. In addition,
note that just like the forward transform, the computation and
communication overhead in the final stage of reconstruction
will dominate the total computation time , and it can be
easily shown that , where is the time for the final
reconstruction phase.

V. SCALABLE IMPLEMENTATIONS OF2-D DWT ALGORITHMS

In this section, we discuss implementations of the algorithms
outlined in Section IV on fine-grained and coarse-grained ma-
chines. To ensure consistent results using both time-domain and
frequency-domain methods, we assume that the input image is
periodic with period . For time-domain filtering based
on 1-D or 2-D convolutions, this implies that some of the pro-
cessors holding the borders of the image will need image border
pixels from processors at the opposite end of the pro-
cessor grid. We also assume that the size of the wavelet filter
and the filter coefficients are known in advance. This implies
that processors can use locally stored values of the twiddle fac-
tors to compute the FFT and access locally stored DFT coeffi-
cients of the wavelet filter. The plots in this section show the
time taken for the first stage of the 2-D wavelet decomposition,
i.e., . Note that the problem size reduces at subsequent levels
of wavelet decomposition; therefore, reduction in the number of
processors assigned to compute these decompositions will help
maintain processor utilization.

A. Experimental Results on the MasPar MP-1 and MP-2

In this section, we discuss the implementation results on fine-
grained SIMD machines. Fine-grained machines, in general,
are characterized by a large number of processors with a fairly
simple arithmetic logic unit (ALU) in each processor. As dis-
cussed in Section IV-A, we use a block distribution of the

input image on the processors. Each processor holds a
nonoverlapping block of pixels of the image.
Since the available memory per processor is limited, the number
of image pixels per processor is small .

For our experiments, we have used the MasPar MP-1 and
MP-2 as being representative of fine-grained machines. Our al-
gorithm implementations use the Xnet primitive for interpro-
cessor communication. Xnet allows data to be sent in parallel
in a specified direction using high-speed local routing on the
mesh. We present implementation results on both the MP-1 and
MP-2 to show the effects of processing power of individual pro-
cessors on the performance of the algorithms. We have used an
extended version of sequential ANSI C, which is the MasPar
Programming Language (MPL), to keep our implementations
free of machine-dependent software features.

Fig. 8 shows the performance of the time-domain and fre-
quency-domain methods for increasing size of the 1-D wavelet
filters and on processors of the
MasPar MP-1. Fig. 8(a) plots the time taken for an input image
of size , and Fig. 8(b) plots the time taken for an
image of size pixels. The experimental plots are
consistent with the theoretical results stated in (3) and (6). The
time for the convolution-based algorithm in the time-domain in-
creases linearly with the filter size, whereas the time for the
FFT-based frequency-domain algorithm is independent of.
Similar results are obtained for larger image sizes

.
Fig. 8(a) and (b) also indicates that the crossover point—i.e.,

the filter-size at which the FFT-based algorithm outperforms the
convolution-based algorithm—increases with image size for a
fixed number of processors. We can determine the regions of the
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Fig. 7. Experimentally determined regions in the image-size and filter-size
space where each method is fastest. The plot is based on execution times for 16
384 processors of the MP-1.

(a)

(b)

Fig. 8. Performance of the algorithms for increasing size of the wavelet filter
(L). The plots show the time taken by the time-domain and frequency-domain
methods on 16 384 processors of the MP-1 for (a) an image of size256� 256
pixels and (b) an image of size512� 512 pixels.

filter-size/image-size space, where each algorithm is fastest, as
shown in Fig. 7. Figs. 7 and 8 clearly indicate that scalability is
best achieved by changing the algorithm approach with a change
in the problem parameters.

Fig. 9. Comparison of performance on the MP-1 and MP-2: Scalability with
respect to image size(

p
n � pn), for a wavelet filter of size 24 on 4096

processors of (a) the MP-1 and (b) the MP-2.

We have performed scalability experiments on both the
MasPar MP-1 and MP-2. Fig. 9 shows the scalability of the
algorithms with respect to the problem size. For a given
wavelet filter and a fixed number of processors, the time taken
by the FFT-based frequency domain method grows faster with
increasing than the time taken by the time domain method.
This is consistent with the analytical results stated in (3) and
(6).

Fig. 10 shows the scalability behavior of the algorithms with
respect to increasing machine size. We notice that the execution
time decreases for both algorithms with respect to. However,
beyond a certain machine size, the execution time for the FFT-
based algorithm decreases faster than for the convolution-based
algorithm. This can be explained by analyzing (3) and (6). As
increases, decreases. Beyond a certain value of, the filter
size begins to dominate the execution time of the convolu-
tion-based algorithm. Thus the frequency domain method out-
performs the time domain operation for large.

Both the MP-1 and MP-2 use the same Xnet communication
network. The only difference between the architectures is the
faster processors used by the MP-2. Thus, to study the impact
of processor speed, we compare the performance of the algo-
rithms using the same number of processors. It is evident from
Figs. 9 and 10 that the execution characteristics of the algo-
rithms are similar on the two machines. However, the crossover
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(a)

(b)

Fig. 10. Comparison of performance on the MP-1 and MP-2: Scalability with
respect to processor size(p) for a wavelet filter of size 16 and an input image
of size256� 256 pixels on (a) the MP-1 and (b) the MP-2.

point (which is the ratio at which the FFT-based algo-
rithm outperforms the convolution-based algorithm) is higher
on the MP-2 relative to the MP-1. This is because the ratio
of computation to communication time is larger for the con-
volution algorithm; hence, it performs better on the MP-2 due
to the higher computation-speed/communication-speed ratio of
the MP-2. The results obtained on Maspar MP’s may be gen-
eralized to fine-grained architectures since the communication
patterns embedded in the computation are local and require only
nearest-neighbor communications.

As described in Section II, the filterbank implementation
of the wavelet decomposition involves successive filtering
and subsampling of the lowpass band of the previous stage
of decomposition. The effective problem size decreases at
each stage of the decomposition. For a given machine size and
wavelet filter, we can determine the ratio for which
the frequency domain method outperforms the time domain
method on that machine. If the input image size , we
can perform the initial stages of the wavelet decomposition
using the frequency domain method. When , we switch
to the time domain method for the remaining stages of the
wavelet decomposition. Thus, a polyalgorithmic approach will

(a)

(b)

Fig. 11. Performance of the 2-D DWT algorithms for increasing size of the
wavelet filter(L). The plots show the time taken to perform a 2-D DWT on
64 nodes of the Intel Paragon on an image of size128 � 128 pixels using (a)
separable wavelet bases and (b) nonseparable wavelet bases.

provide optimal performance over a broad range of problem
and machine sizes.

B. Implementation Results on Coarse-Grained Machines

In this section, we present experimental results for the
different 2-D DWT algorithms on coarse-grained machines.
The IntelParagonused in our experiments is an asynchronous
(MIMD) coarse-grained mesh architecture with 512 i860 XP
computational nodes. The nodes are configured as a
mesh, each with 32 Mbytes of memory. Each node has a peak
speed of 75 MFLOPS (double precision). Communication
between nodes is supported by asynchronous message passing
across the 2-D mesh.

Fig. 11 compares the performance of the 2-D DWT al-
gorithms using row distribution and block distribution for
increasing size of the window kernel. Fig. 11(a) plots the
execution time for an image of size using separable
wavelet bases. Although the execution time for the convolu-
tion-based algorithms increases slowly with respect to the filter
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(a)

(b)

Fig. 12. Scalability with respect to image size
p
n�pn. The plots show the

time taken to perform a 2-D DWT on 64 nodes of the Intel Paragon using (a)
separable wavelet bases of sizeL = 24 and (b) nonseparable wavelet bases of
sizeL � L = 24 � 24.

size, the convolution-based algorithm using block distribution
is the most efficient implementation for the 2-D DWT for a
practical range of wavelet filter sizes. This is due to the fact that
in the case of separable-bases, rows and columns of the input
image are operated on independent of each other. Therefore, a
row distribution is going to give better performance only in the
row-phase of the algorithm. For the column phase, a processor
must acquire data from the neighboring processors for all the
pixels lying on the boundary row of its assigned subimage. The
FFT-based solutions for the separable-bases case suffer from
the poor performance of 1-D FFT algorithms [31] for this range
of image sizes.

Fig. 11(b) plots the execution time for an image of size
using nonseparable wavelet bases. The convolution-based

algorithm using block distribution is faster than the algorithms
using row distribution as in the case of the separable wavelet fil-
ters. However, in contrast with the separable case, the execution
time of the convolution-based algorithms increases faster than
the execution time for FFT-based algorithms with increasing
size of the wavelet filter. Thus, the FFT-based algorithm using
block distribution is more efficient beyond a certain wavelet
filter size. This is consistent with the analytical results summa-
rized in Section IV-B. Similar results are observed for different
image sizes and number of processors.

Fig. 12 shows the scalability of the algorithms with respect
to the image size . Fig. 12(a) plots the execution time
for varying image size on 64 processors of the Paragon using
separable wavelet bases of fixed size . As predicted by
the theoretical results, the convolution-based algorithms scale
better than the FFT-based algorithms with increasing problem
size. Fig. 12(b) plots the execution time for varying image size
on 64 processors of the Paragon using nonseparable wavelet
bases of fixed size . The convolution-based
algorithms scale better than the FFT-based algorithms with in-
creasing problem size, although for large image sizes, the differ-
ence in execution time is lower than for the separable case. Sim-
ilar results are observed for different kernel sizes and number of
processors.

It is important to note that the results reported in this paper
for Intel Paragon are specific to the parameters of the architec-
ture. For example, the relatively large startup time for message
passing on the Intel Paragon (40–45 ms) adversely affects the
perfomance of the matrix transpose operation required by the
separable 2-D DWT algorithms using row distribution. The re-
sults may be different for a machine with a very low message
startup time.

VI. CONCLUSIONS

In this paper, we have studied the scalability of 2-D dis-
crete wavelet transform algorithms on coarse-grained parallel
architectures. We have compared the analytical complexity
of the time domain and frequency domain techniques used to
implement the filterbanks of the 2-D subband decomposition
schemes on parallel machines. Experiments on the Intel
Paragon and MasPar machines have validated the analytical
results. We have shown that while one algorithm performs
significantly better than the other for a certain combination
of the machine size, image size, and wavelet size, the
opposite may be true for a different set of problem and
machine parameters. Comparing the experimental results on
both the platforms, the fine-grained case exhibits much more
dramatic cases of crossovers between FFT and convolution
based approaches as the wavelet filter size grows, but data
distribution plays no significant role in the fine-grained
algorithms. Coarse-grained machines are characterized by
a larger local memory per node and fewer processors than
fine-grained machines. This allows increased flexibility
with respect to the choice of the data distribution of the
input image on the processors. We have shown that the
performance of the algorithms may be quite sensitive to
the choice of the data distribution. Furthermore, one data
distribution scheme may not be optimal for the entire range
of problem-size and machine-size parameters. By contrasting
the results on the MasPar MP-1, MP-2, and Paragon, we
observe the impact of architectural parameters (e.g., ratio
of computation to communication speed) on the relative
performance of the algorithms.
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