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Abstract
Although many image processing applications are ideally suited for parallel implementation, most
researchers in imaging do not benefit from high performance computing on a daily basis. Essentially, this is due to the fact that no parallelization tools exist that truly match the image processing
researcher’s frame of reference. As it is unrealistic to expect imaging researchers to become experts
in parallel computing, tools must be provided to allow them to develop high performance applications
in a highly familiar manner. In an attempt to provide such a tool, we have designed a software
architecture that allows transparent (i.e., sequential) implementation of data parallel imaging applications for execution on homogeneous distributed memory MIMD-style multicomputers. This
paper presents an extensive overview of the design rationale behind the software architecture, and
gives an assessment of the architecture’s effectiveness in providing significant performance gains.
In particular, we describe the implementation and automatic parallelization of three well-known
example applications that contain many fundamental imaging operations: (1) template matching,
(2) multi-baseline stereo vision, and (3) line detection. Based on experimental results we conclude
that our software architecture constitutes a powerful and user-friendly tool for obtaining high performance in many important image processing research areas.
Keywords: data parallel image processing; software architecture design; performance evaluation.
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Introduction

To satisfy the performance requirements of current and future applications in image and video
processing, the imaging community at large exhibits an overwhelming desire to employ the speed
potential of high performance computer systems [54]. Also, it has been recognized for years that
the application of parallelism in image processing can be highly beneficial [59]. As a consequence,
collaboration between the research communities of high performance computing and image processing has been commonplace, and often resulted in hardware configurations capable of executing
sets of domain-specific routines [20, 28, 50]. Yet, in spite of the significant achievements in this
direction, the application of high performance computing in imaging research is not widespread.
Primarily, we ascribe this problem to the high threshold associated with the use of high performance computing architectures. One determinative factor for the existence of this threshold is the
relatively high cost involved in using a specific parallel machine. More importantly, the threshold
exists due to the single characteristic parallel and distributed computers have in common: they
are much harder to program than traditional sequential systems. Although several attempts have
been made to alleviate the problem of software design for parallel and distributed systems, as of
yet no single solution has been provided that has found widespread acceptance.
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As will be discussed extensively in this paper, the latter problem boils down to the fact that no
efficient parallelization tool exists that is provided with a programming model that truly matches
the image processing researcher’s frame of reference. More specifically, most existing software
development tools require the user to identify the available parallelism, often at a level of detail
that is beyond the expertise of most image processing researchers. As it is unrealistic to expect
researchers in imaging to become experts in parallel computing, it is essential to provide an alternative tool that offers a much more ’familiar’ programming model. In this paper we argue that a
parallelization tool for the image processing community is acceptable only if it hides all parallelism
from the application programmer and still produces highly efficient code in most cases. Stated
differently, we argue that the only programming model that will be considered ’familiar’ by the
imaging community is the model that offers complete user transparent parallel image processing.
In the literature several solutions have been described that — to a certain extent — allow user
transparent implementation of high performance image processing applications. In all cases, solutions are provided in the form of an extensive software library containing parallel versions of
fundamental image processing operations. The solutions, however, all suffer from one of several
problems that hinder a widespread acceptance. Most significantly, the efficiency of parallel execution of complete image processing applications often is far from optimal. In addition, in many
cases the provided software library does not incorporate a sufficiently high level of sustainability,
which dramatically reduces chances on long-term success.
Given these observations, the primary research issue addressed in this paper is formulated as
follows: How can the image processing research community be provided with a fully sequential
programming model that allows implementation of efficient parallel image processing applications
in a way that excludes the user from acquiring any additional skills related to parallelism? In
this paper we present a new and innovative software architecture for user transparent parallel
image processing that is specifically designed to deal with these (and other) issues. We discuss the
requirements put forward for such a programming tool, and provide an extensive overview of the
separate components that constitute the software architecture’s design. In addition, we present
an extensive overview of measurement results, to assess the architecture’s effectivenss in providing
significant performance gains.
This paper is organized as follows. Section 2 presents a list of requirements a potential target
hardware architecture should adhere to for it to be used in image processing research. Based
on the requirements one particular class of platforms is indicated as being most appropriate. In
Section 3 the notion of user transparency is introduced, and used as a basis for an investigation
of available tools for implementing parallel imaging applications on the selected set of target platforms. As the investigation shows that no existing development tool is truly satisfactory, our new
software architecture is introduced in Section 4. In Section 5, we give an assessment of the software
architecture’s effectiveness in providing significant performance gains. In particular, we describe
the implementation and automatic parallelization of three well-known example applications that
contain many operations commonly applied in image processing research: (1) template matching,
(2) multi-baseline stereo vision, and (3) line detection. Concluding remarks are given in Section 6.

2

Hardware Architectures

A parallelization tool that is to be used as a programming aid in imaging research is more likely
to find widespread acceptance if it is targeted towards a machine that is favored by the image
processing research community. We have defined several requirements such a machine should
adhere to. These are formulated as follows:
• Wide availability. To ensure that the image processing community at large can benefit from
a specific parallelization tool, it is essential that the target platform is widely available and
used. Less popular or experimental architectures tend to suffer from a lack of continuity,
thus hindering the ever present desire for hardware upgrades.
• Easy accessibility. The target platform should be easily accessible to the imaging researcher.
This refers to (1) the manner in which one logs on to the machine (if at all), (2) how programs
are to be compiled and run, and (3) how easy it is to obtain a set of processing elements.
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• Silent upgradability. It is essential that all software developed for the target platform still
should be executable without any additional programming effort after each upgrade to the
next generation of the same architecture type. In other words, the desired continuity of the
target platform requires a high degree of backward compatibility.
• High efficiency. The target platform should be capable of obtaining significant performance
gains, especially for operations that are most commonly applied in image processing research.
Clearly, if no significant performance improvements are to be expected, the whole process of
accessing a parallel machine, and implementing and optimizing code for it, would be useless.
• Low cost. Even when significant speedups are to be expected, the financial burden of executing image processing software on the target platform should be kept to a minimum. As
high performance computing is not a goal in itself in image processing research, the maximum amount of money that may be spent on computing resources is small compared to the
amount of money that flows to more fundamental research.
We are aware of the fact that different or additional requirements may hold in other application
areas. Here, we deem such requirements to be either inherent to parallel systems in general (such
as the desire for hardware scalability), or unimportant to most image processing researchers (such
as the amount of control over the structure, processing elements, operation, and evolution of
a particular parallel system). Also, for specific image processing research directions additional
requirements may be of significant importance. For example, in certain application areas strict
limitations may be imposed on the target platform’s size, or the amount of power consumption.
In this paper, however, we restrict ourselves to the list as presented here, as this represents the set
of general requirements that holds for most image processing research areas.
As described in [51], many general purpose parallel architectures (ranging from the Cray family of
vector machines, to popular distributed memory multicomputers such as the IBM SP-2, as well as
the many shared memory multiprocessors such as the SGI Origin 2000) are potential candidates for
high speed execution of image processing applications. Also, many special purpose architectures
(e.g., ASICs [2, 37], FPGAs [10, 19], DSPs [21, 20]), and enhanced general purpose CPUs (e.g.,
see [17, 43, 47]), have been developed to deliver even higher performance for specific imaging
tasks [14].
Irrespective of the significance of many of these architectures, from the set of general-purpose
platforms one architecture type stands out as particularly interesting for our purposes, i.e. the class
of Beowulf-type commodity clusters [3, 56]. Like most other general-purpose systems mentioned
above, Beowulf clusters fully adhere to the stated list of requirements. An important additional
advantage is that the bulk of all image processing research is currently being performed on machines
similar to the constituent nodes of such clusters. The single characteristic that makes Beowulf
clusters favorable, however, is that they deliver better price-performance with respect to alternative
systems. From these properties, in combination with the fact that many references exist that
show significant performance gains for a multitude of different image processing applications (e.g.,
see [29, 31, 35, 58]), we conclude that Beowulf clusters constitute the most appropriate target
platforms for our specific needs.

3

Software Development Tools

Apart from its design and capabilities, the (commercial) success of any computer architecture
significantly depends on the availability of tools that simplify software development. As an example,
for many users it is often desirable to be able to develop programs in a high-level language such as
C or C++. Unfortunately, for many of the architectures referred to in Section 2, available high-level
language compilers often have great difficulties in generating assembly code that makes use of the
capabilities of a parallel machine effectively. To obtain truly efficient code the programmer often
must optimize the critical sections of a program by hand.
Whereas assembly coding or hand-optimization may be reasonable for a small group of experts,
most users prefer to dedicate their time to describing what a computer should do rather than how
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it should do it. Consequently, many different programming tools have been developed that attempt
to alleviate the problem of low level software design for parallel and distributed computers. In all
cases such tools are provided with a programming model that — to a certain extent — abstracts
from the idiosyncrasies of the underlying parallel hardware. However, the small user base of
parallel computing within the image processing research community indicates that (as of yet) no
parallelization tool has been provided that has a truly ’familiar’ programming model.
The ideal solution would be to have a parallelization tool that abstracts from the underlying
hardware completely, and that allows users to develop optimally efficient parallel programs in
a manner that requires no additional effort in comparison to writing purely sequential software.
Unfortunately, no such parallelization tool currently exists and due to the many intrinsic difficulties
it is generally believed that no such tool probably will be developed ever at all. However, if the
ideal of ’obtaining optimal efficiency without effort’ is relaxed somewhat, it may still be possible
to develop a parallelization tool that constitutes an acceptable solution for the image processing
research community. The success of such a tool largely depends on the amount of effort that is
required from the application programmer and the level of efficiency that is obtained in return.
The graph of Figure 1 depicts a general classification of parallelization tools based on the two
dimensions of effort and efficiency. Here, the efficiency of a parallelization tool is loosely defined
as the average ratio between the performance of any image processing application that has been
implemented using that particular tool and the performance of an optimal hand-coded version of
the same application. Similarly, the required effort refers to (1) the amount of initial learning
that is needed to start using a given parallelization tool, (2) the additional expense that goes into
obtaining a parallel program that is correct, and (3) the amount of work that is required to obtain
a parallel program that is particularly efficient.
In Figure 1 the maximum amount of effort an image processing researcher is generally willing
to invest into the implementation of efficient parallel applications is represented by THRESHOLD 1.
This threshold divides the set of all parallelization tools into two subsets, one containing tools that
can be considered ’user friendly’, and the other containing ’expert tools’ that require knowledge far
beyond the expertise of most imaging researchers. The minimum level of efficiency a user generally
expects as a return on investment is depicted by THRESHOLD 2. This threshold further divides each
subset into two sets, each containing tools that are considered either sufficiently efficient or not
efficient enough. To show that the two thresholds are not defined strictly, and may differ between
groups of researchers, both are represented by somewhat fuzzy bars in the graph of Figure 1.
THRESHOLD 2

Effort

EXPERT TOOLS

EFFICIENT EXPERT TOOLS

THRESHOLD 1

USER FRIENDLY TOOLS

USER TRANSPARENT TOOLS

Efficiency

Figure 1: Parallelization tools: effort versus efficiency. User transparent tools constitute a subset
of all tools in that these are both user friendly and highly efficient.
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In this paper, each tool that is considered both ’user friendly’ and ’sufficiently efficient’ by the
image processing community is referred to as a tool that offers full user transparent parallel image
processing. Apart from adhering to certain levels of required effort and obtained efficiency, an
important additional feature of any user transparent tool is that it does not require the user to
fine-tune any application in order to obtain particularly efficient parallel code (although the tool
may still allow the user to do so). In general, the efficiency as obtained by a user transparent tool
is considered sufficiently high — independent of the actual application that is being implemented.
Based on the above considerations, we conclude that a parallelization tool constitutes an acceptable
solution for the image processing community only, if it can be considered fully user transparent.
In the following we give an overview of the most significant development tools that (a.o.) can be
used for implementing parallel image processing applications on Beowulf-type commodity clusters.
For each tool we discuss the level of abstraction that is incorporated in the programming model,
and assess to what extent it adheres to the properties of full user transparency.

3.1

General Purpose Parallelization Tools

This section presents an overview of tools that can be used for implementing high performance
image processing software, but that are not tailored to this application area specifically.
3.1.1

Message Passing Libraries

Good examples of tools from the set of efficient programming aids for experts in parallel computing
are the many software libraries that provide message passing functionality. Many efficient and
portable message passing systems have been described in the literature [38], but the sets of library
routines provided by PVM [23] and MPI [39] have become the most widely used.
Parallel programming on the basis of message passing requires the programmer to personally
manage the distribution and exchange of data, and to explicitly specify the parallel execution
of code on different processors. Although this approach often produces highly efficient parallel
programs, it is generally recognized as being difficult to do correctly [13]. This is mainly due to the
fact that message passing tools do not provide explicit support for the design and implementation
of parallel data structures. Also, deadlocks are easily introduced, and debugging is often hard
due to potential race-conditions. Consequently, for the image processing community, even the
minimum amount of effort that is required to write message passing programs far exceeds the
maximum amount a user generally is willing to invest (i.e., THRESHOLD 1 in Figure 1).
3.1.2

Shared Memory Specifications

As message passing was initially intended for client/server applications running across a network,
the MPI standard includes costly semantics (e.g., the assumption of wholly separate memories)
that are often not required on parallel systems with a globally addressable memory. In an attempt
to provide a simpler, more efficient, and portable approach to running programs on shared memory
architectures, OpenMP [11, 45] has been proposed as a standard. OpenMP is a specification for a
set of compiler directives, library routines, and environment variables that can be used to specify
shared memory parallelism in Fortran and C/C++ programs.
Although a Beowulf-type commodity cluster as a whole does not fit the class of shared-memory
architectures (its constituent nodes may do), it is still relevant to include OpenMP in this evaluation. First, this is because it is possible to implement OpenMP for a distributed memory system on
top of MPI, albeit at the cost of somewhat higher latencies (e.g., see [16]). Secondly, the program
development philosophy of OpenMP is generally believed to be simpler than that of MPI [25].
One of the major advantages of the OpenMP approach is that it is easy to incrementally parallelize sequential code. For non-expert programmers, however, it is still difficult to write efficient
and scalable programs. In addition, the presence of both shared and private variables often causes
confusion — and erroneous programs. As a result, the amount of effort that is generally required
from the user to obtain a correct parallel program still exceeds THRESHOLD 1 in Figure 1.
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3.1.3

Extended High-Level Languages

An alternative to the library approach as followed by MPI and OpenMP is to provide a small set
of modifications and/or extensions to an existing high-level programming language such as C/C++,
Fortran, or Java. Probably the most popular example of a language that has adopted this approach
is HPF (High Performance Fortran [36]). Also, many alternative extensions and modifications to
C++ exist [62], of which Compositional C++ [12] and Mentat [26] are the most significant examples.
Irrespective of language design and compilation issues, for users of such languages the most
important problem is that it is often required to understand in what situations the compiler can
produce efficient executable code. For example, HPF requires that the distribution of data is
specified separately from the (parallel) routines operating on that data. Consequently, a mismatch
between data distribution and functionality is easily introduced, possibly resulting in reduced
performance due to huge amounts of unnecessary communication. As state-of-the-art compilers
generally are not capable of detecting such non-optimal behavior automatically [4, 8], much of the
efficiency of parallel execution is still in the hands of the application programmer. As a result, the
amount of effort a non-expert user must invest into writing efficient parallel codes in an extended
high-level language also exceeds THRESHOLD 1 in Figure 1.
3.1.4

Parallel Languages

Instead of extending an existing sequential language, it is also possible to design an entirely new
parallel programming language from scratch. Considering parallelism directly in the design phase of
a concurrent language offers a better chance of obtaining a clean and unified parallel programming
model. Also, this approach facilitates implementation of efficient compiler optimizations, and the
development of effective debugging tools. As a result, many parallel languages have been described
in the literature (e.g., Ada [6], Occam [30], and Orca [4]).
Despite years of intensive research, no parallel language has truly found widespread acceptance
(either in the imaging community or elsewhere). One important reason is that it was found to be
extremely difficult to design language features that are both generally applicable and easy to use
(see: Pancake and Bergmark [46]). A much more important reason, however, is that most scientific
programmers are generally reluctant to or learn an entirely new program development philosophy,
or unfamiliar language constructs. Given the fact that the parallelism in any parallel language is
always explicit, and fine-tuning is often an inherent part of the program development process, the
amount of effort required from the user again exceeds THRESHOLD 1 in Figure 1.
3.1.5

Fully Automatic Parallelizing Compilers

As opposed to the parallelization tools discussed so far, an efficient automatic parallelizing compiler
indeed would constitute an ideal solution. It would allow programmers to develop parallel software
by using a sequential high-level language without having to learn additional parallel constructs
or compiler directives [5]. However, a fundamental problem is that many user-defined algorithms
contain data dependencies that prevent efficient parallelization. This problem is particularly severe
for languages (such as C/C++) that support pointers [1]. In addition, techniques for automatic
dependency analysis and algorithm transformation are still in their infancy, and often far from
optimal. Although interesting solutions have been reported that require the user to be conservative
in application development (e.g., to allow efficient parallelization of loop constructs [22]), fully
automatic parallelizing compilers that can produce efficient parallel code for any type of application
do not exist — and a real breakthrough is not expected in the near future [8].

3.2

Tools for Parallel Image Processing

The regular evaluation patterns in many image processing operations often make it easy to determine how to parallelize such routines efficiently. Also, because many different image operations
incorporate similar data access patterns, a relatively small number of alternative parallelization
strategies often need to be considered. These observations have led to the creation of software
development tools that are specifically tailored to image processing applications. Such tools may
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provide much higher-level abstractions to the user than general-purpose tools, and are potentially
much more efficient as important domain-specific assumptions often can be incorporated.
3.2.1

Programming Languages for Parallel Image Processing

One approach to integrating domain-specific knowledge is to design a programming language for
parallel image processing specifically. Apply [27] was one of the first attempts in this direction. It is
a simple, architecture-independent language restricted to local image operations, such as edge detection, and smoothing. It is based on the observation that many image operations are of the form:
for each row
for each column
produce an output pixel based on a window of pixels around the current row and
column in the input image
Apply exploits this idea by requiring the programmer to write only the innermost ’per pixel’ portion
of the computation. The iteration is then implicit and can easily be made parallel. Because a
program is specified in this way, the compiler needs only to divide the images among processors
and then iterate the Apply program over the image sections allocated to each processor. Despite
the fact that the language was capable of providing significant speedups for many applications,
the programming model proved to be too restricted for practical use. To overcome this problem,
in a different language (Adapt [60]) the basic principles of Apply were extended to incorporate
global operations as well. In such operations an output pixel can depend on many or all pixels in
the input image. Adapt’s programming model, however, was not ideal as the programmer is made
responsible for data partitioning and merging, albeit at quite a high level.
An alternative approach is taken in a language called IAL (Image Algebra Language [15]). IAL
is based on the abstractions of Image Algebra [49], a mathematical notation for specifying image
processing algorithms. IAL provides operations at the complete image level, with no access to
individual pixels. For example, the Sobel operator is implemented in IAL as a single statement:
OutputIm := (abs (InputIm ⊕ Sh ) + abs (InputIm ⊕ Sv )) >= threshold;
where Sh and Sv are the horizontal and vertical Sobel masks, and ⊕ represents convolution. The
language proved to be useful for a wide range of image processing tasks, but was limited in its
flexibility and expressive power. Two extended versions of IAL, I-BOL [9] and Tulip [55], provide
a more flexible and powerful notation. As well as providing the ’complete image’ notation as a
subset, these languages permit access to data at either the pixel or neighborhood level, without
being architecture-specific. Although the languages hide all parallelism from the user, a major
disadvantage is that it proved to be difficult to incorporate a global application optimization
scheme to ensure efficiency of complete programs.
3.2.2

Parallel Image Processing Libraries

An alternative to the language approach is to provide an extensive set of parallel image processing
operations in library form. In principle, this approach allows the programmer to write applications
in a familiar sequential language, and make use of the abstractions as provided by the library.
Due to the relative ease of implementation, many parallel image processing libraries have been
described in the literature, and here we will shortly discuss the most important ones.
One particularly interesting data parallel library implementation is described by Taniguchi et
al. [58]. This software platform is applicable to both SIMD- and MIMD-style architectures, and
incorporates a data structure abstraction known as DID (or, distributed image data). The DIDabstraction is to be intended as an image data type declaration, without exposing the details of the
actual distribution of data. For example, a DID structure for a binary image may be declared as:
Image2D Binary bimage(Horizontal, "pict1.jpg");
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to indicate that a binary image "pict1.jpg" is read into a horizontally distributed image data
structure, which can be referred to through bimage. Although a DID declaration is simple, and easy
to understand for programmers unfamiliar to parallel computing, it has the major disadvantage of
making the user responsible for the type of data distribution.
The alternative library-based environment described by Jamieson et al. [29] does provide a fully
sequential interface to the user. At the heart of the environment is a set of algorithm libraries,
along with abstract information about the performance characteristics of each library routine. In
addition, the environment contains (1) a dynamic scheduler for optimization of full applications,
(2) an interactive environment for developing parallel algorithms, and (3) a graph matcher for
mapping algorithms onto parallel architectures. Although this environment proved to be quite
successful, its sustainability proved to be problematic. Partially, this is because it is required to
provide multiple implementations for an algorithm, one for each target parallel machine.
One data parallel environment that indeed can be considered fully user transparent is developed
by Lee et al. [35]. An interesting aspect of this work is that it incorporates simple performance
models to ensure efficiency of execution of complete applications. However, the environment is too
limited in functionality to constitute a true solution, as it supports point operations and a small
set of window operations only. Two environments that follow a similar approach, but are both
much more extensive in functionality, are presented in [31] and [33] respectively. However, in both
cases the performance models as designed in relation with the library operations are not used as a
basis for optimization of complete programs, but serve as an indication to library users only.
An interesting environment based on the abstractions of Image Algebra [49], that to a large
extent adheres to the requirements of user transparency, is described in [41]. It is targeted towards
homogeneous MIMD-style multicomputers, and is implemented in a combination of C++ and MPI.
One of the important features of this environment is its so-called self-optimizing class library,
which is extended automatically with optimized parallel operations. During program execution,
a syntax graph is constructed for each statement in the program, and evaluated only when an
assignment operator is met. In case this is the first time the program is executed, each syntax
graph is traversed, and an instruction stream is generated and executed. In addition, any syntax
graph for combinations of primitive instructions (i.e., those incorporated as a single routine within
the library) is written out for later consideration by an off-line optimizer. On subsequent runs of
the program a check is made to decide if an optimized routine is available for a given sequence of
library calls. An important drawback of this approach, however, is that it may guarantee optimal
performance of sequences of library routines, but not necessarily of complete programs.
The MIRTIS system, described in [40], is probably the most efficient and extensive librarybased environment for user-transparent parallel image processing designed to date. MIRTIS is
targeted towards homogeneous MIMD-style architectures, and provides operations at the complete image level. Programs are parallelized automatically by partitioning sequential data flows
into computational blocks, which are decomposed in either a spatial or a temporal manner. All
issues related to data decomposition, communication routing, and scheduling are dealt with by
using simple domain-specific performance models. In the modeling of the execution time of a
certain application, MIRTIS relies on empirically gathered benchmarks. Although, from a programmer’s perspective, MIRTIS constitutes an ideal solution, its implementation suffers from poor
maintainability and extensibility. Also, the provided MIRTIS implementation suffers from reduced
portability as the applied communication kernels are too architecture specific.
Based on this overview we come to the conclusion that, although several library-based user
transparent systems exist, none of these is truly satisfactory. As indicated above, this is because
it is not sufficient to merely offer full user transparency. Issues relating to the design and implementation of a parallelization tool (such as maintainability, extensibility, and portability of the
provided software library) are important as well. All of these issues will be discussed in more detail
in the remainder of this paper.

3.3

Discussion

In Figure 2 we have positioned all classes of parallelization tools presented in this section in a
single effort-efficiency graph similar to that of Figure 1. It should be noted that this figure presents
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a generalized view only. Consequently, the relative distances between the classes of parallelization
tools is merely an indication. Also, in reality there may be a certain amount of overlap between
the different types of tools. The figure shows that the amount of effort required for using any
type of general-purpose parallelization tool generally exceeds THRESHOLD 1 (the exception being
the class of automatic parallelizing compilers). Also, the higher the efficiency that potentially
is provided by such general-purpose tool, the higher the amount of effort that is required from
the application programmer. Although the introduction of domain-specific knowledge reduces the
required amount of user effort (due to the possibility of providing higher level abstractions), parallel
image processing languages are generally still too specialized for widespread acceptance. From the
two classes of tools that are considered ’user-friendly’ by the image processing community (i.e.,
automatic parallelizing compilers and parallel image processing libraries), only a small subset of
all library-based tools provides a sufficiently high level of efficiency as well.
Despite the fact that some of the library-based systems adhere to all requirements of user
transparency (especially those described by Lee et al. [35], Moore et al. [40], and Morrow et al. [41]),
none of these has been widely accepted by the image processing research community. One may
argue that this is due to the fact that the tools are still relatively new, and may need some more
time to make a significant impact on the image processing community. We feel, however, that
the tools still do not constitute a solution that is acceptable on the long term. This is because a
parallelization tool is not a static product. It is essential for such tool to be able to deal with new
hardware developments and additional user requirements. If the design of a parallelization tool
makes it ever more difficult or even impossible for its developers to respond to changing demands
quickly and elegantly, users will loose interest in the product almost immediately.
If we refer back to the graph of Figure 1, perpendicular to the two dimensions of effort and
efficiency we can add a third axis that represents a tool’s level of sustainability (defined more
specifically in the next section). As before, a critical threshold can be identified for the level of
sustainability, below which no tool (not even one that provides full user transparency) is expected
to survive on the long term. As implicitly stated before, we feel that none of the existing tools that
do provide full user transparency incorporates an acceptable sustainability level as well. For this
reason we have designed a new parallelization tool that, apart from adhering to the requirements
of full user transparency, also offers a sufficiently high level of sustainability.
THRESHOLD 2

Message Passing
Libraries

Effort

Shared Memory
Specifications
Parallel
Languages
Extended High Level
Languages

Parallel Image
Processing Languages
THRESHOLD 1

Automatic Parallelizing
Compilers

Parallel Image
Processing Libraries

Efficiency

Figure 2: Generalized view of effort versus efficiency of existing parallelization tools. From the
set of tools only a subset of all parallel image-processing libraries can be considered truly user
transparent.
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4

A Sustainable Software Architecture for User Transparent Parallel Image Processing

This section presents an overview of our library-based architecture for user transparent parallel image processing on homogeneous Beowulf-type commodity clusters. The overview starts
with a detailed list of architecture requirements. This is followed by a description of each of the
architecture’s constituent components. For a much more detailed overview we refer to [53].

4.1

Architecture Requirements

From the observations of the previous sections we conclude that a library-based parallelization
aid for the image processing research community should adhere to the following requirements:
I. User transparency. As discussed in Section 3, user transparency refers to a combination of
’user friendliness’ and ’high efficiency’. For a library-based parallelization tool, this terminology translates to the following two requirements:
1. Availability of an extensive sequential API . To ensure that the parallel library is of great
value to the image processing research community, it must contain an extensive set of
commonly used data types and associated operations. The application programming
interface should disclose as little as possible information about the library’s parallel
processing capabilities. Preferably, the API is to be made identical to that of an existing
sequential image processing library that has gained substantial acceptance.
2. Combined intra-operation efficiency and inter-operation efficiency. It is essential for the
software architecture to provide significant performance gains for a wide range of applications. Also, it is required to obtain a level of efficiency that compares well to that
of hand-coded parallel implementations. Efficiency, in this respect, refers to the execution of each library operation in isolation (i.e., intra-operation efficiency), as well as to
multiple operations applied in sequence (i.e., inter-operation efficiency).
II. Long term sustainability. To ensure longevity, the architecture’s design must be such that
extensions are easily dealt with. This refers to the following requirements:
3. Architecture maintainability by code genericity. To minimize the coding effort in case
of changing demands and environments, care must be taken in the architecture’s implementation to avoid unnecessary code redundancy, and to enhance operation reusability.
To this end, it is essential to rely on code genericity in the implementation of each set
of operations with comparable behavior.
4. Architecture extensibility. As no library can ever contain all functionality applied in
imaging, it is required to allow the user to insert new operations and data types. In case
an additional operation maps onto a generic operation present in the library, insertion
should be straightforward and should not require any parallelization effort from the user.
5. Applicability to Beowulf-type commodity clusters. As we have identified the class of homogeneous Beowulf clusters as the most appropriate hardware architecture for image
processing research, the software architecture must at least be applicable to this type of
machines. All general and distinctive properties of such machines (e.g., the homogeneity
of its constituent components) can therefore explicitly be incorporated in the implementation of the software architecture. Optimized functionality for any other machine type
should not be incorporated.
6. Architecture portability. To ensure portability to all target machines it is essential to
implement the software architecture in a high-level language such as C or C++. For
any type of node that may serve as constituent component in a Beowulf-type cluster
a high quality C or C++ compiler is generally available — and upgrades are released
frequently. Although the general properties of Beowulf-type commodity clusters can be
incorporated explicitly in all implementations, care should be taken not to incorporate
any assumptions about a specific interconnection network topology.
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4.2

Architecture Overview

This section presents an overview of each of our software architecture’s constituent components
(see Figure 3), and design choices are related to the aforementioned requirements.
Component 1: Parallel Image Processing Library
The core of our architecture consists of an extensive software library of data types and associated operations commonly applied in image processing research. In accordance with the first
requirement of Section 4.1, the library’s application programming interface is made identical to
that of an existing sequential library: Horus [34]. More specifically, rather than implementing a
completely new library from scratch, the parallel functionality is integrated with the Horus implementation, in such a manner that all existing sequential code remains intact. Apart from reducing
the required parallel implementation effort, this approach has the major advantage that the important properties of the Horus library (i.e., maintainability, extensibility, and portability) to a
large extent transfer to the parallel version of the library as well.
Similar to other libraries discussed in Section 3.2, the sequential Horus implementation is based
on the abstractions of Image Algebra [49], a mathematical notation for specifying image processing
algorithms. Image Algebra is an important basis for the design of a maintainable, and extensible
image processing library, as it recognizes that a small set of operation classes can be identified that
covers the bulk of all commonly applied image processing functionality. Within the Horus library
each such operation class is implemented as a generic algorithm, using the C++ function template
mechanism [57]. Each operation that maps onto the functionality as provided by such algorithm
is implemented by instantiating the generic algorithm with the proper parameters, including the
function to be applied to the individual data elements. Currently, the following set of generic
algorithms is available: (1) unary pixel operation, e.g. negation, absolute value, (2) binary pixel
operation, e.g. addition, threshold, (3) global reduction, e.g. sum, maximum, (4) neighborhood
operation, e.g. percentile, median, (5) generalized convolution, e.g. erosion, gauss, and (6) geometric (domain) operation, e.g. rotation, scaling. In the future additional generic algorithms will be
added, e.g. iterative and recursive neighborhood operations, and queue based algorithms.
As the properties of the sequential Horus library fully match requirements 1, 3, 4, and 6 of
Section 4.1, in the implementation of the parallel extensions we can focus on adhering to the
remaining requirements 2 and 5, whilst avoiding the introduction of violations to any of the other
requirements. In this respect, to ensure applicability and portability of the library to homogeneous
Beowulf-type commodity clusters, and also to have full control over the communication behavior
(and thus: efficiency) of the library operations, the parallel extensions are implemented using
MPI [39]. Also, to sustain a high maintainability level, each parallel image processing operation
contained in the library is implemented simply by concatenating data communication routines with
fully sequential code blocks that are separately available within the Horus library. In this manner
the source code for each sequential generic algorithm is fully reused in the implementation of its
parallel counterpart, thus avoiding unnecessary code redundancy as much as possible [53].

1. Parallel Image
Processing Library

5. Program Specification

2. Performance Models

6. Scheduler

3. Benchmarking Tool

4. Database

Figure 3: Simplified architecture overview.
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Essentially, the design of the parallel library ensures that our parallelization tool adheres to all
requirements of Section 4.1, with the exception of requirement 2. To also guarantee efficiency of execution of operations that are applied in isolation, as well as complete applications, five additional
architectural components are designed and implemented in close connection with the software library itself. These additional components are described in the remainder of this section.
Component 2: Performance Models
In contrast to other library-based environments (e.g., [29]), our library contains not more than
one parallel implementation for each operation. To still guarantee intra-operation efficiency on all
target platforms, the parallel generic algorithms are implemented such that they are capable of
adapting to the performance characteristics of the parallel machine at hand. As an example, the
manner in which data structures are to be decomposed at run time is not fixed in the implementations. Similarly, the optimal number of processing units to be applied in a calculation may vary.
To make a machine’s performance characteristics explicit, each library operation is annotated
with a domain specific performance model. Due to the intended portability of the library to
Beowulf-type systems, the models must be applicable to all such machines as well. To this end,
the models are based on an abstract machine definition (the APIPM , or: Abstract Parallel Image
Processing Machine), that captures the relevant hardware and software aspects of image processing operations executing on a Beowulf-type cluster. An overview of the APIPM, as well as a
formal definition of the APIPM-based models for sequential operation, is presented in [53]. A description of the model that accurately models the additional costs of communication is given in [52].
Component 3: Benchmarking Tool
Performance values for the model parameters are obtained by running a set of benchmarking operations that is contained in a separate architectural component. The combination of the high-level
APIPM-based performance models and the specialized set of benchmarking routines allows us to
follow a semi-empirical modeling approach, that has proven to be successful in other research as
well (e.g., see [40]). In this approach, essential but implicit cost factors (e.g., related to cache size)
are incorporated by performing actual experiments on a small set of sample data. Apart from
its relative simplicity, the main advantage of the semi-empirical modeling approach is that it fully
complies with the important requirements of applicability and portability to Beowulf-type clusters.
The performance models and benchmarking results allow intra-operation optimization to be
performed automatically, fully transparent to the user. This type of optimization is performed by
the architecture’s scheduling component, described below. A detailed description of the approach
of semi-empirical modeling, and the applied benchmarking strategy is given in [51, 53].
Component 4: Database of Benchmarking Results
All benchmarking results are stored in a database of performance values. Although the design and
implementation of such database is of significant importance (especially in case it must be accessed
frequently at run time), this topic is too far outside the scope of this paper for extensive discussion.
Component 5: Program Specification
Apart from incorporating an intra-operation optimization strategy, to obtain high efficiency it
is of great importance to perform the additional task of inter-operation optimization (or: optimization across library calls) as well. As it is often possible to combine the communication steps of
multiple operations applied in sequence, the cost of data transfer among the nodes generally can be
reduced dramatically. Essentially, the information required to perform such optimization correctly
can be obtained from the original program code. As implementation of a complete parser is not
an essential part of this research, however, we currently assume that an algorithm specification is
provided in addition to the program itself. Such a specification closely resembles a concatenation of
library calls, and does not require any parallelism to be introduced by the application programmer.
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Component 6: Scheduler
Once the performance models, the benchmarking results, and the algorithm specification are available, a scheduling component is applied to find an optimal solution for the application at hand.
The scheduler performs the tasks of intra-operation optimization and inter-operation optimization
by removing all redundant communication steps, and by deciding on all issues regarding: (1) the
logical processor grid to map data structures onto (i.e., the actual domain decomposition), (2) the
routing pattern for the distribution of data, (3) the number of processing units, and (4) the type
of data distribution (e.g., broadcast instead of scatter).
As described in [51], the scheduler’s task of automatically converting any sequential image
processing application into a legal, correct, and efficient parallel version of the same program, is
performed on the basis of a simple finite state machine (fsm) definition. First, the fsm allows
for a straightforward and cheap run time method (called lazy parallelization) for communication
cost minimization. If desired, the scheduler can be instructed to perform further optimization at
compile-time. In this case, the fsm is used in the construction of an application state transition
graph (ASTG), that fully characterizes an application’s run time behavior, and incorporates all
possible parallelization and optimization decisions. As each decision is annotated with a run time
cost estimation obtained from the APIPM-based performance models, the fastest version of the
program is represented by the cheapest branch in the ASTG. In the library implementation of
each parallel generic algorithm, requests for scheduling results are performed in order to correctly
execute the optimizations prescribed by the ASTG.

5

Architecture Evaluation

In the remainder of this paper we give an assessment of the effectiveness of the presented
software architecture in providing significant performance gains. To this end, we describe the
implementation and automatic parallelization of three well-known example applications that contain many operations commonly applied in image processing research: (1) template matching,
(2) multi-baseline stereo vision, and (3) line detection.
All of the applications described in this section have been implemented and tested on the
128-node homogeneous Distributed ASCI Supercomputer (DAS) cluster located at the Vrije Universiteit in Amsterdam [3]. This is a typical example of a machine from the class of homogeneous
Beowulf-type commodity clusters as described in Section 2. All nodes in the cluster contain a
200 Mhz Pentium Pro with 128 MByte of EDO-RAM, and are connected by a 1.2 Gbit/sec fullduplex Myrinet SAN network. At the time of measurement, the nodes ran the RedHat Linux 6.2
operating system. The software architecture was compiled using gcc 3.0 (at highest level of optimization) and linked with MPI-LFC [7], an implementation of MPI which is partially optimized
for the DAS. The required set of benchmarking operations was run on a total of three DAS nodes,
under identical circumstances as the complete software architecture itself. At the time of measurement, 8 nodes in the DAS cluster were unusable due to a malfunction in the related network cards.
As a consequence, performance results are presented for a system of up to 120 nodes only.

5.1

Template Matching

Template matching is one of the most fundamental tasks in many image processing applications.
It is a simple method for locating specific objects within an image, where the template (which is,
in fact, an image itself) contains the object one is searching for. For each possible position in the
image the template is compared with the actual image data in order to find subimages that match
the template. To reduce the impact of possible noise and distortion in the image, a similarity or
error measure is used to determine how well the template compares with the image data. A match
occurs when the error measure is below a certain predefined threshold.
In the example application described here, a large set of electrical engineering drawings is
matched against a set of templates representing electrical components, such as transistors, diodes,
etc. Although more post-processing tasks may be required for a truly realistic application (such as
obtaining the actual positions where a match has occurred), we focus on the template matching
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task, as it is by far the most time-consuming. This is especially so because, in this example, for
each input image f error image ε is obtained by using an additional weight template w to put
more emphasis on the characteristic details of each ’symbol’ template g:
ε(i, j) = Σm Σn ((f (i + m, j + n) − g(m, n))2 · w(m, n)).

(1)

When ignoring constant term g 2 w, this can be rewritten as:
ε = f 2 ⊗ w − 2 · (f ⊗ w · g),

(2)

with ⊗ the convolution operation. The error image is normalized such that an error of zero
indicates a perfect match and an error of one a complete mismatch. Although the same result can
be obtained using the Fast Fourier Transform (which has a better theoretical run time complexity,
and also provides immediate localization of the best match and all of its resembling competitors),
this brute force method is fastest for our particular data set.
5.1.1

Sequential Implementation

Listing 1 is a sequential pseudo code representation of Equation (2). Essentially, each input image
is read from file, squared (to obtain f 2 ), and matched against all symbol and weight templates,
which are also obtained from file. In the inner loop the two convolution operations are performed,
and the error image is calculated and written out to file.
5.1.2

Parallel Execution

As all parallelization issues are shielded from the user, the pseudo code of Listing 1 directly constitutes a program that can be executed in parallel as well. Efficiency of parallel execution depends
on the optimizations performed by the architecture’s scheduling component. For this particular
sequential implementation, the optimization process has generated a schedule that requires only
four different communication steps to be executed. First, each input image read from file is scattered throughout the parallel system. Next, in the inner loop all templates are broadcast to all
processing units. Also, in order for the convolution operations to perform correctly, image borders
(or shadow regions) are exchanged among neighboring nodes in the logical CPU grid. In all cases,
the extent of the border in each dimension is half the size of the template minus one pixel. Finally,
before each error image is written out to file it is gathered to a single processing unit. Apart from
these communication operations all processing units can run independently, in a fully data parallel
manner.

FOR i=0:NrImages-1 DO
InputIm = ReadFile(...);
SqrdInputIm = BinPixOp(InputIm, ”mul”, InputIm);
FOR j=0:NrSymbols-1 DO
IF (i==0) THEN
weights[j] = ReadFile(...);
symbols[j] = ReadFile(...);
symbols[j] = BinPixOp(symbols[j], ”mul”, weights[j]);
FI
FiltIm1 = GenConvOp(SqrdInputIm, ”mult”, ”add”, weights[j]);
FiltIm2 = GenConvOp(InPutIm, ”mult”, ”add”, symbols[j]);
FiltIm2 = BinPixOp(FiltIm2, ”mult”, 2);
ErrorIm = UnPixOp(FiltIm1, ”sub”, FiltIm2);
WriteFile(ErrorIm);
OD
OD

Listing 1: Pseudo code for template matching.
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Figure 4: Performance and speedup characteristics for template matching using input images of
1093×649 (4-byte) pixels and templates of size 41×35. (a) Execution times in seconds for multiple
combinations of templates and images. (b) Speedup graph for all measurements.
5.1.3

Performance Evaluation

Because template matching is such an important task in image processing, it is essential for our
software architecture to perform well for this application. The results obtained for the automatically optimized parallel version of the program, presented in Figure 4(a), show that this is indeed
the case. For these results, the graph of Figure 4(b) shows that even for a large number of processing units, speedup is close to linear. As was to be expected, the speedup characteristics are
identical when the same number of templates is used in the matching process, irrespective of the
number of input images.
It should be noted that the ’1 template’ case represents a lower bound on the obtainable speedup
(which is slightly over 80 for 120 nodes). This is because in this situation the communication versus
computation ratio is highest for the presented parallel system sizes. Additional measurements have
indicated that the ’10 template’ case is a representative upper bound (with a speedup of more
than 96 for 120 nodes). Even when up to 50 templates are being used in the matching process, the
speedup characteristics were found to be almost identical to this upper bound.
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5.2

Multi-Baseline Stereo Vision

As indicated in [32], depth maps obtained by conventional stereo ranging, which uses correspondences between images obtained from two cameras placed at a small distance from each other, are
generally not very accurate. Several solutions to this problem have been proposed in the literature,
ranging from a hierarchical smoothing or coarse-to-fine strategy, to a global optimization technique
based on surface coherence assumptions. These techniques, however, tend to be heuristic or result
in computationally expensive algorithms.
In [44], Okutomi and Kanade propose an efficient multi-baseline stereo vision method, which
is more accurate for depth estimation than more conventional approaches. Whereas, in ordinary stereo, depth is estimated by calculating the error between two images, multi-baseline stereo
requires more than two equally spaced cameras along a single baseline to obtain redundant information. In comparison with two-camera methods, multi-baseline stereo was shown to significantly
reduce the number of false matches, thus making depth estimation much more robust.
In the algorithm discussed here, input consists of images acquired from three cameras. One
image is the reference image, the other two are match images. For each of 16 disparities, d =
0, · · · , 15, the first match image is shifted by d pixels, the second image is shifted by 2d pixels.
First, a difference image is formed by computing the sum of squared differences between the
corresponding pixels of the reference image and the shifted match images. Next, an error image is
formed by replacing each pixel with the sum of the pixels in a surrounding 13 × 13 window. The
resulting disparity image is then formed by finding, for each pixel, the disparity that minimizes
the error. The depth of each pixel then can be displayed as a simple function of its disparity. A
typical example of a depth map extracted in this manner is given in Figure 5.
5.2.1

Sequential Implementations

The sequential implementation used in this evaluation is based on a previous implementation written in a specialized parallel image processing language, called Adapt [61] (see also Section 3.2.1).
As shown in Listing 2, for each displacement two disparity images are obtained by first shifting the
two match images, and calculating the squared difference with the reference image. Next, the two
disparity images are added to form the difference image. Finally, in the example code, the result
image is obtained by performing a convolution with a 13 × 13 uniform filter and minimizing over
results obtained previously.
With our software architecture we have implemented two versions of the algorithm that differ
only in the manner in which the pixels in the 13 × 13 window are summed. The pseudo code
of Listing 2 shows the version that performs a full 2-dimensional convolution, which we refer to
as VisSlow . As explained in detail in [18], a faster sequential implementation is obtained when
partial sums in the image’s y-direction are buffered while sliding the window over the image. We
refer to this optimized version of the algorithm as VisFast.

(a)

(b)

Figure 5: Example of typical input scene (a) and extracted depth map (b). Courtesy of Professor
H. Yang, University of Alberta, Canada.
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ErrorIm = UnPixOp(ErrorIm, ”set”, MAXVAL);
FOR all displacements d DO
DisparityIm1 = BinPixOp(MatchIm1, ”horshift”, d);
DisparityIm2 = BinPixOp(MatchIm2, ”horshift”, 2 × d);
DisparityIm1 = BinPixOp(DisparityIm1, ”sub”, ReferenceIm);
DisparityIm2 = BinPixOp(DisparityIm2, ”sub”, ReferenceIm);
DisparityIm1 = BinPixOp(DisparityIm1, ”pow”, 2);
DisparityIm2 = BinPixOp(DisparityIm2, ”pow”, 2);
DifferenceIm = BinPixOp(DisparityIm1, ”add”, DisparityIm2);
DifferenceIm = GenConvOp(DifferenceIm, ”mult”, ”add”, unitKer);
ErrorIm = BinPixOp(ErrorIm, ”min”, DifferenceIm);
OD

Listing 2: Pseudo code for multi-baseline stereo vision.
5.2.2

Parallel Execution

The generated optimal schedule for either version of the program of Section 5.2.1 requires not
more than five communication steps. In the first loop iteration — and only then — the three
input images MatchIm1, MatchIm2, and ReferenceIm are scattered to all processing units. The
decompositions of these images are all identical (and performed in a row-wise fashion only) to
avoid a domain mismatch and unnecessary communication. Also, in each loop iteration border
communication is performed in either version of the program. Again, the extent of the border in
each dimension is half the size of the kernel minus one pixel (i.e., six pixels in total). Finally, at
the end of the last loop iteration the result image (ErrorIm) is gathered to one processor.
5.2.3

Performance Evaluation

Results obtained for the two implementations, given input images of size 240 × 256 pixels (as used
most often in the literature) are shown in Figure 6(a). Given the fact that we only allow border
exchange among neighboring nodes in a logical CPU grid, the maximum number of nodes that
can be used for such image size is 40. In case more CPUs are used, several nodes will have partial
image structures with an extent of less than six pixels in one dimension. As the size of the shadow
region for a 13×13 kernel is six pixels in both dimensions, nodes would have to obtain data from its
neighbor’s neighbors as well. The required communication pattern for this behavior generally has
a negative impact on performance, and therefore we have not incorporated it in our architecture.
As expected, Figure 6(a) shows that the performance of theVisFast version of the algorithm is
significantly better than that of VisSlow . Also, the graph of Figure 6(b) shows that the speedup
obtained for both applications is close to linear for up to 24 CPUs. When more than 24 nodes
are used, the speedup graphs flatten out due to the relatively short execution times. The schedule
for this program generated by our software architecture is to be considered optimal. This can
be derived from the fact that our implementations even obtain superlinear speedups for up to 12
processing units. Figure 7 shows similar results obtained for a system of up to 80 nodes, and using
input images of size 512 × 528 pixels.
In Figures 6 and 7 we have also made a comparison with results obtained for the same application — implemented in a task parallel manner — written in a specialized parallel programming
language (SPAR [48]), and executed on the same parallel machine. In this implementation, referred
to asVisTask , each loop iteration is designated as an independent task, thus reducing the number
of nodes that can be used effectively to 16. The code generated by the SPAR front-end, as well as
our own architecture, both were compiled in an identical manner. Although the communication
characteristics of the SPAR implementation are significantly different, measurements on a single
DAS node indicate that the overhead resulting from our software architecture is much smaller than
that of the SPAR runtime system. However, the speedup characteristics obtained for theVisTask
implementation indicate that SPAR does a good job for this particular application as well.
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Figure 6: Performance and speedup characteristics for multi-baseline stereo vision using input images of 240×256 (4-byte) pixels. (a) Execution times in seconds for parallel programs obtained with
our architecture for both algorithms. Results in gray obtained for the task parallel implementation
in the SPAR parallel programming language. (b) Speedup graph for all measurements.
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Figure 7: Performance and speedup characteristics for multi-baseline stereo vision using input images of 512×528 (4-byte) pixels. (a) Execution times in seconds for parallel programs obtained with
our architecture for both algorithms. Results in gray obtained for the task parallel implementation
in the SPAR parallel programming language. (b) Speedup graph for all measurements.

18

9
VisTask-SPAR (task parallel)
VisSlow (data parallel; slow)
Adapt (machine-specific; optimized)
VisFast (data parallel; fast)

8

7

Time (s)

6

5

4

3

2

1

0
0

5

10

15

20
Nr. of CPUs

25

30

35

40

Figure 8: Comparison of execution times for the VisSlow and VisFast programs implemented
with our software architecture, the VisTask program implemented using SPAR, and the results
obtained for the Adapt implementation reported in [61] (all for 240×256 (4-byte) input images).
Based on the presented results we can conclude that our software architecture behaves well for
this application. In this respect, it is interesting to note that our results are comparable to the
performance obtained for a VisFast-like implementation in the Adapt parallel image processing
language reported by Webb [61] (see Figure 8). A true comparison with this work is difficult,
however, as the results were obtained on a significantly different machine (i.e., a collection of iWarp
processors, with a better potential for obtaining high speedup than the DAS cluster), and for an
implementation that was optimized for 2x nodes. Comparison with the speedup characteristics
of the Adapt implementation is even more difficult, as the results in Figure 9 indicate that these
fluctuate quite substantially.
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Figure 9: Comparison of speedup for the VisSlow and VisFast programs implemented with our
software architecture, and the results obtained for the Adapt implementation reported in [61] (all
for 240×256 (4-byte) input images).
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Figure 10: Comparison of speedup for the VisSlow and VisFast programs implemented with our
software architecture, and the results obtained for the two Easy-PIPE implementations reported
in [42] (all for 240×256 (4-byte) input images).
More interesting is a comparison with Easy-PIPE [42], a library-based software environment
for parallel image processing similar to ours. The most distinctive feature of this particular architecture, is that it incorporates a mechanism for combining data and task parallelism. Also,
in contrast to our architecture, Easy-PIPE does not shield all parallelism from the application
programmer. As a consequence from these two essential differences, Easy-PIPE has the potential
of outperforming our architecture, which is fully user transparent, and strictly data parallel. However, performance and speedup characteristics for the multi-baseline stereo application obtained
on the very same DAS cluster (see Figure 10), indicate that our implementations better exploit
the available parallelism than the two presented Easy-PIPE versions of the program. Part of the
difference is accounted for by the fact that the Easy-PIPE architecture does not incorporate an
inter-operation optimization mechanism for removal of redundant communication overhead. This,
however, can not fully explain why the speedup graph for the strictly data parallel Easy-PIPE version of the program is not comparable to the graphs for both of our data parallel implementations.
Apparently, the parallelization overhead of the Easy-PIPE implementations is much higher than
that of our software architecture.

5.3

Detection of Linear Structures

As discussed in [24], the important problem of detecting lines and linear structures 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 σu in the line direction, and differentiation scale σv perpendicular
to the line, given by
1
σu ,σv ,θ
,
(3)
r′′ (x, y, σu , σv , θ) = σu σv fvv
bσu ,σv ,θ
with b the line brightness. When the filter is correctly aligned with a line in the image, and σu , σv
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 r′′ (x, y, σu , σv , θ).
σu ,σv ,θ

(4)

Figure 11(a) gives a typical example of an image used as input to this algorithm. Results obtained
for a reasonably large subspace of (σu , σv , θ) are shown in Figure 11(b).
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(a)

(b)

Figure 11: Detection of C. Elegans worms (courtesy of Janssen Pharmaceuticals, Beerse, Belgium).
5.3.1

Sequential Implementations

The anisotropic Gaussian filtering problem can be implemented sequentially in many different
ways. In the remainder of this section we will consider three possible approaches. First, for each
orientation θ it is possible to create a new filter based on σu and σv . In effect, this yields a
rotation of the filters, while the orientation of the input image remains fixed. Hence, a sequential
implementation based on this approach (which we refer to as Conv2D) implies full 2-dimensional
convolution for each filter.
The second approach (referred to as ConvUV ) is to decompose the anisotropic Gaussian filter
along the perpendicular axes u, v, and use bilinear interpolation to approximate the image intensity
at the filter coordinates. Although comparable to the Conv2D approach, ConvUV is expected
to be faster due to a reduced number of accesses to the image pixels. A third possibility (called
ConvRot) is to keep the orientation of the filters fixed, and to rotate the input image instead.
The filtering now proceeds in a two-stage separable Gaussian, applied along the x- and y-direction.
Pseudo code for the ConvRot algorithm is given in Listing 3. The program starts by rotating
the input image for a given orientation θ. In addition, for all (σu , σv ) combinations the filtering
is performed by xy-separable Gaussian filters. For each orientation step the maximum response is
combined in a single contrast image structure. Finally, the temporary contrast image is rotated
back to match the orientation of the input image, and the maximum response image is obtained.
For the Conv2D and ConvUV algorithms, the pseudo code is identical and given in Listing 4.
Filtering is performed in the inner loop by either a full two-dimensional convolution (Conv2D) or
by a separable filter in the principle axes directions (ConvUV ). On a state-of-the-art sequential
machine either program may take from a few minutes up to several hours to complete, depending
on the size of the input image and the extent of the chosen parameter subspace. Consequently, for
the directional filtering problem parallel execution is highly desired.
FOR all orientations θ DO
RotatedIm = GeometricOp(OriginalIm, ”rotate”, θ);
ContrastIm = UnPixOp(ContrastIm, ”set”, 0);
FOR all smoothing scales σu DO
FOR all differentiation scales σv DO
FiltIm1 = GenConvOp(RotatedIm, ”gaussXY”, σu , σv , 2, 0);
FiltIm2 = GenConvOp(RotatedIm, ”gaussXY”, σu , σv , 0, 0);
DetectedIm = BinPixOp(FiltIm1, ”absdiv”, FiltIm2);
DetectedIm = BinPixOp(DetectedIm, ”mul”, σu × σv );
ContrastIm = BinPixOp(ContrastIm, ”max”, DetectedIm);
OD
OD
BackRotatedIm = GeometricOp(ContrastIm, ”rotate”, −θ);
ResultIm = BinPixOp(ResultIm, ”max”, BackRotatedIm);
OD

Listing 3: Pseudo code for the ConvRot algorithm.
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FOR all orientations θ DO
FOR all smoothing scales σu DO
FOR all differentiation scales σv DO
FiltIm1 = GenConvOp(OriginalIm, ”func”, σu , σv , 2, 0);
FiltIm2 = GenConvOp(OriginalIm, ”func”, σu , σv , 0, 0);
ContrastIm = BinPixOp(FiltIm1, ”absdiv”, FiltIm2);
ContrastIm = BinPixOp(ContrastIm, ”mul”, σu × σv );
ResultIm = BinPixOp(ResultIm, ”max”, ContrastIm);

Listing 4: Pseudo code for the Conv2D and ConvUV algorithms, with "func" either "gauss2D"
or "gaussUV".
5.3.2

Parallel Execution

Automatic optimization of the ConvRot program has resulted in an optimal schedule, as described
in more detail in [53]. In this schedule, the full OriginalIm structure is broadcast to all nodes
before each calculates its respective partial RotatedIm structure. This broadcast needs to be
performed only once, as OriginalIm is not updated in any operation. Subsequently, all operations
in the innermost loop are executed locally on partial image data structures. The only need for
communication is in the exchange of image borders in the two Gaussian convolution operations.
The two final operations in the outermost loop are executed in a data parallel manner as well.
As this requires the distributed image ContrastIm to be available in full at each node, a gatherto-all operation is performed. Finally, a partial maximum response image ResultIm is calculated
on each node, which requires a final gather operation just before termination of the program.
The schedule generated for either the Conv2D program or the ConvUV program is straightforward, and similar to that of the application of Section 5.1. First, the OriginalIm structure is
scattered such that each node obtains an equal-sized non-overlapping slice of the image’s domain.
Next, all operations are performed in parallel, with a border exchange required in the convolution
operations. Finally, before termination of the program ResultIm is gathered to a single node.
5.3.3

Performance Evaluation

From the description, it is clear that the ConvRot algorithm is most difficult to parallelize efficiently. This is due to the data dependencies present in the algorithm (i.e., the repeated image rotations), and not in any way related to the capabilities of our software architecture. In other words,
even when implemented by hand the ConvRot algorithm is expected to have speedup characteristics inferior to those of the other two algorithms. Also, Conv2D is expected to be the slowest
sequential implementation, due to the excessive accessing of image pixels in the 2-dimensional convolution operations. In general, ConvUV and ConvRot will be competing for the best sequential
performance, depending on the amount of filtering performed for each orientation.
Figure 12 shows that these expectations are indeed correct. On one processor ConvUV is about
1.5 times faster than ConvRot, and about 4.8 times faster than Conv2D. For 120 nodes these
factors have become 5.4 and 4.1 respectively. Because of the relatively poor speedup characteristics,
ConvRot even becomes slower than Conv2D when the number of nodes becomes large. Although
Conv2D has better speedup characteristics, the ConvUV implementation always is fastest, either
sequentially or in parallel. Figure 13 presents similar results for a minimal parameter subspace,
thus indicating a lower bound on the obtainable speedup.
Speedup values obtained on 120 nodes for a typical parameter subspace (Figure 12) are 104.2
and 90.9 for Conv2D and ConvUV respectively. As a result we can conclude that our architecture behaves well for these implementations. In contrast, the usage of generic algorithms (see
Section 4.2) has caused the sequential implementation of image rotation to be non-optimal for
certain special cases. As an example, rotation over 90◦ can be implemented much more efficiently
than rotation over any arbitrary angle. In our architecture we have decided not to do so, for
reasons of software maintainability. As a result, an optimized version of the same algorithm is
expected to be faster, but only marginally so.
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Figure 12: (a) Performance and (b) speedup characteristics for computing a typical orientation
scale-space at 5◦ angular resolution (i.e., 36 orientations) and 8 (σu , σv ) combinations. Scales
computed are σu ∈ {3, 5, 7} and σv ∈ {1, 2, 3}, ignoring the isotropic case σu,v = {3, 3}. Image
size is 512×512 (4-byte) pixels.
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Conclusions

In this paper, we have investigated the applicability of existing hardware and software architectures in the field of image processing research. Based on a set of architecture requirements we
have indicated that homogeneous Beowulf-type commodity clusters constitute the most appropriate class of target platforms for application in image processing research. Apart from the fact
that many references exist in the literature that indicate significant performance gains for typical
image processing applications executing on Beowulf clusters, the foremost reason for favoring such
architectures over other appropriate systems was found to be the fact that these deliver the best
combination of price and performance.
Our investigation of software tools for implementing image processing applications on Beowulftype commodity clusters has shown that library-based parallelization tools offer a solution that is
most likely to be acceptable to the image processing research community. First, this is because such
tools allow the programmer to write applications in a familiar programming language, and make
use of the high level abstractions as provided by the library. More importantly, this is because
library-based environments are most easily provided with a programming model that offers full
user transparency — or, in other words: sufficiently high levels of ’user friendliness’ and ’efficiency
of execution’. Unfortunately, due to insufficient sustainability levels, no existing user transparent
tool was found to provide an acceptable long-term solution as well.
On the basis of these observations we have designed a new library-based software architecture for
parallel image processing on homogeneous Beowulf-type commodity clusters. We have presented
a list of requirements such tool must adhere to for it to serve as an acceptable long-term solution
for the image processing community at large. In addition, we have given an overview of each of
the architecture’s constituent components, and we have touched upon the most prominent design
issues for each of these. The architecture’s innovative design and implementation ensures that it
fully adheres to the requirements of user transparency and long-term sustainability.
In addition, we have given an assessment of the effectiveness of our software architecture in providing significant performance gains. To this end, we have described the sequential implementation,
as well as the automatic parallelization, of three different example applications. The applications
are relevant for this evaluation, as all are well-known from the literature, and all contain many
fundamental operations required in many other image processing research areas as well.
The results presented in this paper have shown our software architecture to serve well in obtaining highly efficient parallel applications. However, it is important to note that, although all
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Figure 13: (a) Performance and (b) speedup characteristics for computing a minimal orientation
scale-space at 15◦ angular resolution (i.e., 12 orientations) and 2 (σu , σv ) combinations. Scales
computed are σu,v = {1, 3} and σu,v = {3, 7}.
parallelism is hidden inside the architecture itself, part of the efficiency of parallel execution is still
in the hands of the application programmer. As we have shown in Section 5.3.3, if a sequential
implementation is provided that requires costly communication steps when executed in parallel,
program efficiency may be disappointing. Thus, for highest performance the application programmer still should be aware of the fact that usage of such operations is expensive, and should be
avoided whenever possible. Any programmer knows that this requirement is not new, however, as
a similar requirement holds for sequential execution as well. In other words, this is not a drawback
that results from any of the design choices incorporated in our software architecture. The problem
can not be avoided, as it stems directly from the fact that all parallelization and optimization
issues are shielded from the application programmer entirely.
In conclusion: although we are aware of the fact that a much more extensive evaluation is
required to obtain more insight in the specific strengths and weaknesses of our architecture, the
presented results clearly indicate that our architecture constitutes a powerful and user-friendly tool
for obtaining high performance in many important image processing research areas. As a result, we
believe our architecture for user transparent parallel image processing to constitute an acceptable
long-term solution for the image processing research community at large.
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