
A Software Architecture for User Transparent
Parallel Image Processing on MIMD Computers

F.J. Seinstra, D. Koelma and J.M. Geusebroek

Faculty of Science, University of Amsterdam,
Kruislaan 403, 1098 SJ Amsterdam, The Netherlands
(fjseins, koelma, geusebroek)@science.uva.nl

Abstract. This paper describes a software architecture that allows im-
age processing researchers to develop parallel applications in a transpar-
ent manner. The architecture’s main component is an extensive library
of low level image processing operations that can be run on distributed
memory MIMD-style parallel hardware. Since the library has an appli-
cation programming interface identical to that of an existing sequential
image library, all parallelism is completely hidden from the user.
In this paper we give an overview of all architecture components, and
show how issues related to automatic parallelization and optimization are
dealt with by the application of domain specific performance models.
Results obtained for a realistic application indicate that model-based
optimization of a wide range of imaging software indeed is possible.

1 Introduction

Although many image processing applications are ideally suited for parallel im-
plementation, most researchers in imaging do not benefit from high performance
computing on a daily basis. Essentially, this is due to the fact that the image
processing community considers most parallel solutions ’too cumbersome’ to ap-
ply. As it is unrealistic to expect image processing researchers to be experts
in parallel computing, tools must be provided to allow them to develop high
performance applications in a highly familiar manner.

The ideal solution would be a fully automatic parallelizing compiler. Unfor-
tunately, the fundamental issue of automatic and optimal problem partitioning
remains unsolved. Another possibility is to design a parallel programming lan-
guage, either general purpose [10] 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 preferred solution. Even a few simple language annotations
are often considered cumbersome, and thus should be avoided.

A more practical approach is to design a software library containing parallel
versions of operations commonly used in image processing. Due to the relative
ease of implementation, many such libraries have been described (for example,
see [3], [4]). Often, efficiency of execution on a range of machines is obtained
by hard-coding a number of different implementations, one for each platform.
We feel that this solution to intra-operation optimization requires too much



implementation effort, and is impossible to maintain on the long term. Also, the
important aspect of inter-operation optimization (or optimization across library
calls) is often not dealt with. For these reasons, we take a different approach.

In our research we aim at creating a parallel image processing architecture
that brings the benefits of high-performance computing to the image processing
community in a transparent manner (i.e., hidden from the user). The core of the
architecture is a library containing a set of abstract data types and associated
pixel level operations executing in data parallel fashion. The most distinctive
aspect of our work is that we apply domain specific performance models as a
basis for automatic optimization of applications implemented using our library.

This paper is organized as follows. Section 2 discusses all architecture com-
ponents. Section 3 introduces a high-level abstract machine for parallel image
processing (APIPM). In Section 4 APIPM-based performance models are intro-
duced. In Section 5 model predictions are compared with results obtained on a
machine from the class of target platforms. Conclusions are given in Section 6.

2 Architecture Overview

The software architecture consists of eight logical components (see Figure 1):
C1. Sequential Image Processing Operations. The first component

contains a large set of sequential operations typically used by image process-
ing researchers. As recognized in, for example, Image Algebra [7], a small set
of operation classes can be identified that covers the bulk of all commonly ap-
plied image operations. We have implemented each operation class as a generic
algorithm, using the C++ function template mechanism. Each operation that
maps onto the functionality as provided by a generic algorithm is implemented
by instantiating the generic algorithm with the proper parameters, including the
function to be applied to the individual data elements (e.g., pixels).

In our current library the following set of generic algorithms is implemented:
(1) unary pixel operation, (2) binary pixel operation, (3) global reduction, (4)
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neighborhood operation, (5) generalized convolution, and (6) geometric transfor-
mation. In the future additional generic algorithms will be added, e.g. iterative
and recursive neighborhood operations, and queue based algorithms.

C2. Parallel Extensions. Three classes of routines are implemented (using
MPI 1.1) that introduce the parallelism into the library: (1) data partitioning
routines, to indicate which data parts should be processed by each processing
unit, (2) distribution and redistribution routines, to scatter, gather, broadcast,
and redistribute data structures, and (3) overlap communication routines, to
exchange shadow regions, such as image borders in neighborhood operations.

C3. Parallel Image Processing Operations. Much of the source code for
the sequential generic algorithms in C1 is reused in the implementation of their
respective parallel counterparts. To that end, for each generic algorithm we have
defined a so-called parallelizable pattern. Each pattern constitutes the maximum
amount of work in a sequential generic algorithm that can be performed both
sequentially and in parallel - in the latter case without having to communicate
to obtain non-local data. This topic is discussed in detail in [9].

Implementation of a sequential generic algorithm is obtained by concatenat-
ing basic memory operations and a single parallelizable pattern. Parallel im-
plementations of generic algorithms are obtained by inserting communication
operations (from C2) in the concatenation of sequential library routines.

C4. Single Uniform API. The library is provided with an application pro-
gramming interface identical to that of an existing sequential library (Horus [5]).
As such, all parallelism has been made fully transparent to the user.

C5. Annotated Performance Models. In the library we provide only
one parallel implementation of each generic algorithm. To ensure efficiency of
execution on all target platforms, the parallel operations are implemented such
that they are capable of adapting to the performance characteristics of a specific
parallel machine. To make these characteristics explicit, each library operation
is annotated with a performance model. An overview is given in Section 4.

C6. Benchmarking Tool. For a specific machine, performance values for
the model parameters are obtained by running a set of benchmarking operations.
Based on the models and the benchmarking results, intra-operation optimization
can be performed automatically, fully transparent to the user.

C7. Algorithm Specification. Besides intra-operation optimization, opti-
mization across library calls can be performed if information is available on the
order in which library operations are applied in a given application. Essentially,
this information is obtainable from the original program code. As implementa-
tion of a complete parser is not an essential part of this research, we assume that
an algorithm specification is provided in addition to the program itself.

C8. Scheduling Tool. Once the benchmarking results and the algorithm
specification are available, a scheduling component is applied to find an optimal
solution for the application at hand. In the implementation of each parallel
generic algorithm, requests for scheduling results are performed to determine
which parallelization strategy is required. Whether scheduling results are static
only, or should be generated at run-time is still an open future research issue.



3 Abstract Parallel Image Processing Machine

The design of the annotated performance models is based on the definition of
an abstract parallel image processing machine (or APIPM, see Figure 2(a)).
An APIPM consists of one or more abstract sequential image processing ma-
chines (ASIPMs), each consisting of four related components: (1) a sequential
image processing unit (SIPU), capable of executing APIPM instructions, one at
a time, (2) a memory unit , capable of storing (image) data, (3) an I/O unit ,
for transporting data between the memory unit and external sensing or storage
devices, and (4) data channels , the means by which data is transported between
ASIPM units and external devices. In a complete APIPM the memory unit of
each ASIPM is connected with those of all other ASIPMs.

The APIPM instruction set (Figure 2(b)) consists of four classes of opera-
tions: (1) generic image instructions, i.e. the specialized parallelizable patterns
of Section 2, (2) memory instructions, for allocation and copying of (image)
data, (3) I/O instructions, for transporting data between memory and external
devices, and (4) communication instructions, for exchanging data among ASIPM
units. For simplicity, in Figure 2(b) the operands for each opcode are left out.

The description of the APIPM reflects a state-of-the-art distributed mem-
ory MIMD-style parallel machine. It differs from a general purpose machine in
that each SIPU is designed for imaging tasks only. Although a fully connected
network is often not present, we still have included one in the APIPM. This
is because in most multicomputer systems communication is based on circuit-
switched message routing, which makes a network virtually fully connected.
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opcode generic image instructions

UPOP unary pixel operation

BPOPV binary pixel operation (arg: vector)

BPOPI binary pixel operation (arg: image)

REDUCOP global reduction operation

NEIGHOP neighborhood operation

GCONVOP generalized convolution

GEOMAT geom. transform (arg: matrix)

GEOROI geom. transform (region of interest)

opcode memory instructions

CREATE allocate data block in memory unit

MEMCPY copy data in memory unit

DELETE free up data block in memory unit

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

(b)

Fig. 2. APIPM comprising of four ASIPMS, and related instruction set.



4 Performance Models

Here, we assume all library operations to be implemented by concatenation of
APIPM instructions only. Also, we assume that the execution time of each library
operation can be partitioned into independent time intervals, each corresponding
to the cost of a single APIPM instruction. The performance of a library operation
is obtained by adding the execution times of all APIPM instructions used.

This is formalized as follows. Let I = {I1, I2, · · · , In} be the APIPM instruc-
tion set. Let P = {PI1 , PI2 , · · · , PIn

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

can be obtained by benchmarking.
Also, let L = {L1,L2, · · · ,Lm} be the set of all m operations implemented using
instructions in I only. For all library operations Lx (x ∈ {1, · · · ,m}) we define
Lx = {I1, I2, · · · , In}, in combination with the total number of occurrences (or
count) of each APIPM instruction in Lx: Cx = {CI1,x, CI2,x, · · · , CIn,x}. The ex-
pected total execution time of operation Lx is obtained by TLx

=
∑n

i=1 CIi,xPIi
.

A problem with the simplistic model formalized here is that most APIPM
instructions are not single static entities. This is because the execution of an
instruction often depends on the values of its operands. Therefore, a static en-
tity for each possible operand combination must be incorporated in our model.
To avoid an explosion of the number of static entities we allow each instruc-
tion Ii and each value PIi

to be parameterized . As we have not discussed the
operands of the APIPM instructions we will not give a detailed overview of the
model parameterization. To give an example, however, in almost all instructions
a ’datatype’ parameter is incorporated (e.g., giving Ii(′int′) and Ii(′float′)).
Also, a ’data-input-size’ parameter is required for most performance values in P
(e.g., giving PIi(datatype)(size)). For a complete overview we refer to [8].

5 Measurements and Validation

In this section we show how a realistic image processing application, implemented
using our library, is executed in parallel. The application is highly relevant as
it incorporates all generic image instructions as referred to in Section 3. First,
a description is given of the underlying algorithm. Next, both a straightforward
sequential implementation as well as the related parallel implementation are dis-
cussed. Finally, measured results are compared with APIPM model predictions.

5.1 Detection of Curvilinear Structures in Images

As discussed in [2], the problem of detecting (curved) lines in images is solved by
considering the second order directional derivative in the gradient direction, for
each possible line direction. This is achieved by applying anisotropic Gaussian
filters, parameterized by orientation θ, smoothing scale σv in the line direction,
and differentiation scale σw perpendicular to the line, given by

r′′(x, y, σv, σw, θ) = σvσw

∣
∣fσv,σw,θ

ww

∣
∣ 1
bσv,σw,θ

. (1)
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Fig. 3. Left: typical input image, courtesy of Janssen Pharmaceuticals, Beerse, Bel-
gium. Right: result image obtained after application of the directional filtering program.

When the filter is correctly aligned with a line in the image, and σv, σw are
optimally tuned to capture the line, filter response is maximal. Hence, the per
pixel maximum line contrast over the filter parameters yields line detection:

R(x, y) = arg max
σv,σw,θ

r′′(x, y, σv, σw, θ). (2)

This directional filtering problem can be implemented sequentially in several
ways. Here, we have implemented the operation by rotating the image data,
whilst keeping the orientation of the filters fixed. We have chosen this imple-
mentation as we expect it to be the solution preferred by most image processing
researchers. We do not claim, however, that this implementation provides opti-
mal performance when executed either sequentially or in parallel.

Figure 3(a) gives a typical example of an image used as input to the program.
The result obtained for a reasonably large subspace of (σv, σw, θ) is shown in
Figure 3(b). Sequentially, the program may take from a few minutes up to several
hours to complete, depending on the size of the image and the extent of the
parameter subspace. Consequently, parallel execution is highly desired.

The main body of the sequential implementation is presented in pseudo code
in Listing 1. The program starts by rotating the original input image for a given
orientation θ. In addition, for all (σv, σw) combinations the filtering is performed
by six operations executed in sequence. First, fσv,σw,θ

ww and bσv,σw,θ are produced

FOR all orientations θ
Rotated IM = GeometricOp(Original IM, ”rotate”, θ);
FOR all smoothing scales σv

FOR all differentiation scales σw

Filtered1 IM = GenConvOp(Rotated IM, ”gaus”, σw, σv , 2, 0);
Filtered2 IM = GenConvOp(Rotated IM, ”gaus”, σw, σv , 0, 0);
Detected IM = BinPixImArgOp(Filtered1 IM, ”absdiv”, Filtered2 IM);
Detected IM = BinPixCnstArgOp(Detected IM, ”mul”, σv ∗ σw);
BackRotated IM = GeometricOp(Detected IM, ”rotate”, −θ);
Contrast IM = BinPixImArgOp(Contrast IM, ”max”, BackRotated IM);

Listing 1: Directional filtering pseudo code.



by two generalized convolution operations, each with the appropriate parame-
ters. Next, the result of Equation (1) is obtained by executing two binary pixel
operations. Finally, the result image is rotated back to match the orientation of
the original input image, and the maximum response image is obtained.

5.2 Parallel Execution

As all parallelization issues are shielded from the user, the pseudo code of List-
ing 1 directly constitutes a parallel program as well. Optimization of the effi-
ciency of the program is to be taken care of by the architecture’s scheduling
component. As a fully functional scheduling tool is not yet available in the cur-
rent version of our architecture, we have created two different schedules for the
program by hand. In the first schedule all library operations run in parallel,
using all available processing units. The second schedule differs from the first in
that the last two operations in the inner loop are run on one node only.

In both schedules the Original IM structure is broadcast to all nodes. This is
because the structure is applied in the initial rotation operation. This broadcast
needs to be performed only once, as Original IM is not updated in subsequent
operations. Also, in both schedules the first four operations in the inner loop are
executed locally on partial image data structures. The only need for communi-
cation is in the exchange of shadow regions in the Gaussian convolutions.

In the first schedule the last two operations in the innermost loop are run in
parallel as well. This requires the distributed image Detected IM to be available
in full at each node. This can be achieved by executing a gather-to-all operation,
which is logically equivalent to a gather followed by a broadcast. Finally, a par-
tial maximum response image Contrast IM is calculated on each node, which
requires a final gather operation to be executed just before termination of the
program. In the second schedule, the intermediate image Detected IM is gath-
ered to the single node that produces the back-rotated image, as well as the final
maximum response image.

As stated before, the scheduling tool should pick the optimal solution out of
such competing schedules. Next, we will show that the models as used in our
architecture are powerful enough to allow such decisions to be made correctly.

5.3 Performance Evaluation

To initialize our performance models we have performed a small set of bench-
marking operations. For each instruction in the directional filtering program not
more than two measurements were performed, i.e. for input (image) sizes of 2002

and 10002 elements. Based on the measurements, predictions for each instruc-
tion and for each required input size were obtained as indicated in Section 4. A
model for the complete program was obtained by adding the measured perfor-
mance values for all APIPM instructions executed by the program in sequence.

The benchmarking operations, as well as the directional filtering program
were executed on the 20-node homogeneous DAS-cluster located at the Univer-
sity of Amsterdam. All nodes in the cluster contain a 200 Mhz Pentium Pro
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Fig. 4. Comparison of predictions and measurements for the two program schedules.
Left: results for input image of size 10982, and for a parameter subspace including 12
orientations and 4 (σv, σw) combinations. Right: results for input image of size 7072,
and for a parameter subspace including 36 orientations and 4 (σv, σw) combinations.

with 64 MByte of EDO-RAM, and are connected by a 1.2 Gbit/sec full-duplex
Myrinet SAN network. The nodes run the RedHat Linux 6.2 operating system.

Based on our performance models we are able to decide which schedule is
optimal. As shown in Figure 4(a) (depicting the complete execution time of both
schedules), our models indicate that the first schedule is always preferred - for
any number of processing units. Clearly, broadcasting a full-sized image structure
is not as expensive as performing the complete image rotation sequentially on
one node. The ’hops’ in the graph of schedule 1 are explained by the fact that
the broadcast operation is implemented using a spanning binomial tree (SBT),
which has a cost related to logN .

To test the accuracy of our performance models we have executed the direc-
tional filtering program for both schedules. The resulting mean execution times
for each run are included in Figure 4(a) as well. In most situations measured
lower and upper bounds are within 0.5 seconds of the mean execution times.
The presented results indicate that the model predictions for both schedules
are highly accurate - for any number of processors. Even worst case predictions
are within 5.5% of the measured values. It is noteworthy, however, that our mod-
els are slightly optimistic in all situations. This is explained by the fact that the
performance measured in a benchmarking process tends to be somewhat higher
than what is actually obtained in a real application. Similar results for a smaller
input image, but for a larger parameter subspace are shown in Figure 4(b).

For schedule 1, our models predict that maximum speedup (10.16) is obtained
on 64 nodes; adding more nodes is counterproductive. The efficiency of the pro-
gram drops dramatically from 96.5%, 88.2%, and 72.9% for 2, 4, and 8 nodes
respectively, to 15.9% for 64 nodes. This is due to the large impact of communi-
cation, and especially the repeated broadcast. If the image processing researcher
would have produced a sequential implementation with rotating filters instead
of a rotating image, parallel performance may have been significantly better.



6 Conclusions and Future Work

In this paper we have described a software architecture that allows an image pro-
cessing researcher to develop parallel applications in a transparent manner. The
architecture’s core is formed by an extensive parallel image processing library
that has a programming interface identical to that of an existing sequential li-
brary. Application of the library is not expected to be considered ’cumbersome’,
as it fully adheres to the image processing researcher’s frame of reference.

We have shown that, by applying domain-specific performance models, op-
timization is performed automatically. Experiments show that, for a realistic
application, the models are highly accurate. Given these results we are confident
in that the architecture’s core forms powerful basis for automatic parallelization
and optimization of a wide range of image processing applications.

It should be noted that, although all parallelism is hidden inside the library,
much of the efficiency of parallel execution is still in the hands of the library
user. As shown in the previous section, if a sequential implementation is provided
that requires expensive communication operations when run in parallel, program
efficiency may be disappointing. Therefore, the library user should be aware that
certain operations are expensive, and should be avoided as much as possible.

In the near future we will start creating a fully functional scheduling compo-
nent. Also, we will extend the set of generic algorithms described in Section 2.
Finally, we will continue investigating the implications of parallelization of typ-
ical (example) applications, especially in the area of real-time image processing.
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