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Abstract

This paper describes an infrastructure that enables
transparent development of image processing software for
parallel computers. The infrastructure’s main component
is an image processing library containing operations capa-
ble of running on distributed memory MIMD-style parallel
hardware. Since the library has a programming interface
identical to that of a familiar sequential image processing
library, the parallelism is completely hidden from the user.
All library functions are based on an abstract parallel im-
age processing machine (APIPM), introduced in this paper.
To guide the process of automatic parallelization and op-
timization, a performance model is defined for operations
implemented using APIPM instructions. Experiments show
that for realistic image operations performance predictions
are highly accurate. These results suggest that the infras-
tructure’s core forms a powerful basis for automatic paral-
lelization and optimization of complete applications.

1. Introduction

For many years it has been recognized that the appli-
cation of parallelism in low level image processing can be
highly beneficial. Consequently, references to optimal par-
allel algorithms [9] and dedicated parallel architectures[3]
abound in the literature. In spite of this, the gap between the
areas of image processing and high performance computing
has remained large. This is mainly due to the fact that image
processing researchers consider most parallel solutions ’too
cumbersome’ to apply. Rather than blaming the image pro-
cessing community, researchers in high performance com-
puting should provide tools that allow the development of
software in a way that is highly familiar to image process-
ing researchers. In addition, such tools should be applicable
to commonly available general purpose parallel computers.

The ideal solution is a fully automatic parallelizing com-
piler. Unfortunately, the fundamental problem of automatic

and optimalpartitioning remains unsolved. Another pos-
sibility is the design of a parallel programming language,
either general purpose [14] or aimed at image processing
specifically [1]. However, in accordance with the remarks
made in [6], we feel that a parallel language is not the pre-
ferred solution. Even a few simple language annotations are
often considered cumbersome, and thus should be avoided.

In this research we aim at the creation of asoftware li-
brary containing a set of abstract data types and associated
pixel level operations executing in (data) parallel fashion.
All parallelization and optimization is to be hidden from
the user by a programming interface identical to that of a
familiar sequentialimage processing library. The routines
in the library should be capable of running on general pur-
pose distributed memory MIMD-style parallel hardware.

In this paper we describe a software infrastructure that,
apart from the library itself, consists of several compo-
nents dealing with the aspects of automatic parallelization,
portability, optimizations across sequences of library calls,
etcetera. We focus on the definition of an abstract parallel
image processing machine (APIPM), and the modeling of
the performance of routines implemented using APIPM in-
structions. Experiments show that the instruction set, and
the performance models based on it, together form a solid
basis for automatic parallelization and optimization.

In related work [12] the need for parallel libraries for low
level image processing is stressed as well. However, perfor-
mance models for optimization across library calls are often
not incorporated [4]. Also, definition of an abstract paral-
lel image processing machine has been considered rarely.
The only references found (see [2] and later work by the
same authors) describe the successful implementation of a
portable parallel abstract machine. This machine, however,
is defined at a lower level of abstraction than our APIPM.

This paper is organized as follows. Section 2 gives an
infrastructure overview. Section 3 introduces the APIPM
and its instruction set. In Section 4 a performance model is
defined for routines implemented using APIPM instructions
only. In Section 5 model predictions are compared with re-



sults obtained on a real machine that fits within the APIPM
model. Concluding remarks are given in Section 6.

2. Infrastructure

The complete infrastructure consists of six logical com-
ponents (see Figure 1). The first component (C1) is a se-
quential library that contains several classes of low levelim-
age processing routines typically used by image processing
researchers. Currently we have adopted an existing library
(Horus, see [5]), but in principle the results of this research
should be applicable to comparable libraries as well.

The sequential library is extended with several routines
that introduce the parallelism into the system (C2). The
routines (for the scattering, gathering, broadcasting, and re-
distribution of image data in a parallel system) are ’kernel’
routines, not available in the programming interface. In the
resulting extended library all sequential image processing
operations arefully separatedfrom the additional parallel
routines. As separate image data distribution operations
are an integrated part of the library, the creation of parallel
versions of sequential image processing routines becomes
a manageable task. This strategy may result in a loss of
efficiency (albeit marginal), but programmability is greatly
enhanced.

Each class of operations in the library is annotated with
a performance model (C3) for execution time prediction.
The models are essential for the process of automatic par-
allelization and optimization of complete applications. In
addition, the models are useful as an indication to users or
image library creators as well.

Components C1-C3 constitute a complete library with
sequential and parallel capabilities. The components are
sufficient for writing parallel image processing applications
by hand. To fully hide the parallelism from the image pro-
cessing application programmer, whilst ensuring efficiency
of execution, three additional components are required.

First, a benchmarking tool (C4) is needed to obtain val-
ues for the model parameters. The process of benchmarking
is guided by the operations that form the APIPM instruction
set.

For a complete program the system needs to know what
library routines are being applied, and the order of appli-
cation. This information is available from the program
code. Rather than implementing a complete parser, a sim-
ple tool is implemented to allow users to specify their algo-
rithms (C5).

Once the performance models, the benchmarking re-
sults, and the algorithm specification are available a sched-
uler (C6) is required to find an optimal parallel solution for
the application at hand. Whether the scheduling results are
static or generated and updated dynamically is still an im-
portant future research issue.
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Figure 1. Infrastructure overview.

3. Abstract Parallel Image Processing Machine

In this research, all library implementations and perfor-
mance models are based on the definition of an abstract par-
allel image processing machine (or APIPM, see Figure 2).
An APIPM consists of one or more abstract sequential im-
age processing machines (ASIPMs), each consisting of four
related components: (1) asequential image processing unit,
capable of executing APIPM instructions, one at a time, (2)
a memory unit, capable of storing (image) data, (3) anI/O
unit, for transporting data from the memory unit to external
sensing or storage devices, and (4)data channels, the means
by which data is transported between the ASIPM units and
external devices. In a complete APIPM the memory unit of
each ASIPM is connected with those of all other ASIPMs.

Note that this definition of the APIPM reflects a state-of-
the-art distributed memory MIMD-style parallel machine.
It only differs from a general purpose machine in that each
sequential unit is designed for image processing related
tasks only. Although a fully connected communication net-
work is often not present, we still have included one in our
APIPM. This is because in most multicomputer systems
communication is based on circuit-switched message rout-
ing, which makes a networkvirtually fully connected.
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Figure 2. APIPM comprising of 4 ASIPMs.



opcode memory instructions
CREATE allocate data block in memory unit
MEMCOPY copy data in memory unit
DELETE free up data block in memory unit

opcode image processing instructions
UPOP unary pixel operation (no argument)
UPOPC unary pixel operation (constant value as argument)
UPOPI unary pixel operation (complete image as argument)
BPOPC binary pixel operation (constant value as argument)
BPOPI binary pixel operation (complete image as argument)
REDUCOP global reduce operation
NEIGHOP generalized neighborhood operation
TEMPLOP generalized template operation
GEOMAT geometric transformation (matrix as argument)
GEOROI geometric transformation (region of interest)

opcode I/O instructions
IMPORT import data from external device
EXPORT export data to external device

opcode communication instructions
SEND send data to other ASIPM
RECV receive data from other ASIPM

Figure 3. Simplified APIPM instruction set.

The APIPM instruction set (see Figure 3) consists of
three classes of sequential operations: (1) memory opera-
tions, for example for the creation of scratch images, or the
copying of border data, (2)fundamentalimage operations,
for the processing of image data without (internal) creation
of additional data structures, and (3) I/O routines, for trans-
porting data to external devices, and vice versa. The paral-
lelism is introduced by an additional class of routines con-
taining communicationoperations. These routines enable
the exchange of data among ASIPM units. For reasons of
simplicity, in the overview of Figure 3 the operands for each
opcode have been left out.

A substantial part of all sequential and parallel low level
image processing operations can be implemented using op-
erations from the APIPM instruction set only. These in-
clude all image processing operations that can be written as
a non-recursive neighborhood operation, or as a geometric
transformation (for more information, see [7]). In the (near)
future we expect the APIPM instruction set to be extended
to incorporate other operations as well. In addition, it is
important to note that the programming interface for each
parallel image processing operation in our library (that has
been implemented using APIPM instructions) has remained
identical to its sequential counterpart.

4. Annotated Performance Models

To achieve automatic parallelization and optimization of
complete image processing applications, the modeling of
the performance of library operations is an essential part
of our infrastructure. Based on the APIPM, we have de-

signed a performance model that issimple, accurate, and
portable to machines that fit within the APIPM model. In
our model we assume that the performance of each library
operation can be partitioned intoindependenttime intervals,
each corresponding to the execution time of a single APIPM
instruction. The overall performance of a library operation
is obtained by simply adding the execution times of all in-
ternal APIPM instructions.

This is formalized as follows. LetI = {I1, I2, · · · , In}
be the APIPM instruction set. LetP = {PI1

, PI2
, · · · , PIn

}
be the set of performance values for all instructions inI. We
assume that, for any system capable of running APIPM in-
structions, and for each instruction inI, PIi

can be obtained
by benchmarking. Also, letL = {L1,L2, · · · ,Lm} be the
set of all m routines implemented using instructions inI
only. For all library operationsLx (x ∈ {1, · · · ,m}) we de-
fineLx = {I1, I2, · · · , In}, in combination with the number
of occurrences (orcount) of each APIPM instruction inLx:
Cx = {CI1,x, CI2,x, · · · , CIn,x}. The count of each in-
struction can have any value inN (including 0). The ex-
pected total execution time of operationLx is obtained by

TLx
=

n∑

i=1

CIi,xPIi
(1)

A similar model was defined in [8], but used for rather
different purposes: general machine characterization based
on an Abstract Fortran Machine.

A problem with the simplistic model formalized above
is that most APIPM instructions (and related performance
values) are not single static entities. This is because the ex-
ecution of an instruction is often dependent on its operands.
Therefore, a static entity for each possible operand com-
bination must be incorporated in our model. To avoid an
explosion of static entities we allow each instructionIi

and each valuePIi
to be parameterized. For example, a

’datatype’ parameter is incorporated in almost all instruc-
tions (e.g. givingIi(

′int′) andIi(
′float′)). Also, a ’data-

input-size’ parameter is required for most performance val-
ues inP (e.g. givingPIi(datatype)(size)).

As it is our goal to include no knowledge of underlying
hardware, no assumptions can be made about performance
growth rates in relation to data input size. To avoid bench-
marking for each possible input size, we assume a linear
growth rate in the region around each measured size. For
each measured input size a ’per data item’ value can be ob-
tained by dividing the measured value by the input size. The
performance of an operation, for each sizesin within the re-
gion around the measured sizesm, is then given by

PIi(datatype)(sin) = sin

PIi(datatype)(sm)

sm

For all communication operations we have created more so-
phisticated models, based on the ’three paths of commu-
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Figure 4. Measured and predicted times for an
iterative (5x) Gaussian kernel operation (sep-
arable & non-separable) on a 512 2 image.

nication’ defined in this project. Discussion, however, is
beyond the scope of this paper (see also [10, 11]).

5. Performance Measurements and Validation

To validate the performance models a number of exper-
iments were performed on the 24-node Distributed ASCI
Supercomputer (DAS [13]) located at the University of Am-
sterdam. All nodes contain a 200 Mhz Pentium Pro with
64 Mbyte of DRAM and are connected by a 1.2 Gbit/sec
full-duplex Myrinet SAN network. At time of measure-
ment, the clusters ran RedHat Linux 2.0.36.

By running simple benchmarking operations we have
obtained values for the performance parameters in our mod-
els. Based on these values we have estimated the execu-
tion times of many library operations. Unfortunately, space
limits the discussion to only one operation: the differential
structure of images. In the measurements presented here we
have limited ourselves to the first and second order deriva-
tives in thex- andy-direction (five in total).

As is well known, there are many reasons to compute
a derivative using convolution with a Gaussian kernel. To
avoid round-off errors, the size of the convolution mask
should depend on the scaleσ and the order of the deriva-
tive. A conservative estimate for the average kernel size us-
ing only first and second order derivatives is 15x15 pixels.
Performance values, obtained by computing the five deriva-
tives in sequence on a 512x512 image, using both separated
and nonseparated kernels of various sizes, are depicted in
Figure 4. The results are presented only for a row-wise dis-
tribution of the image data. As can be seen, on any number
of processors, the predicted execution times for all experi-
ments are highly accurate.

6. Conclusions

In this paper we have described an infrastructure that al-
lows an image processing researcher to develop parallel ap-
plications transparently. This is made possible by a paral-
lel image processing library, with a programming interface
identical to that of a sequential library, that completely hides
the parallelism from the user. We have discussed the ab-
stract parallel image processing machine (APIPM), and the
performance models based on it. Experiments performed
on a machine that fits within the APIPM model show that
our performance models are highly accurate. These results
strongly suggest that the core of our infrastructure forms a
powerful basis for automatic parallelization and optimiza-
tion of complete image processing applications.
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