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Abstract— Trade-off between accuracy and computational
cost is usually hard to achieve in order to build a real-time
and accurate object recognition system. Many theoretically
conceived, efficient computer vision applications are avoided
to run on-the-fly for hardware limitations. For recognizing
objects in images and extracting object information, a system
usually owns object searching, object classification and object
tracking modules. Nevertheless, each one of these modules
may be high time demanding, requiring to be implemented
in different computers in order to achieve efficient runtime.
On the other hand, more multi-core processor computers
come to provide powerful processing towards full parallel
implementations inside cost effective systems. In this way, the
main contribution of this paper is not only a survey of works
under the main architecture pipeline of object recognition
systems in the point of view of computational cost but also
pointing some directions to implement those systems in the cell
broadband engine, coming with Playstation 3TM game console.
The main purpose is the implementation of a complete object
detection system for Intelligent Transportation Systems.

I. INTRODUCTION

A typical system for object recognition in still images
(or videos) is usually composed by three main modules:
object searching, object recognition and object tracking.
These modules are primarily conceived to be integrated,
while information transfer among them should provide more
confidence in the decision of what or where are the objects
in the images. Yet, the first two modules are probably the
most computationally expensive since, after the objects are
hypothesized, a kalman filter based tracking system is almost
costless.

For building a complete object detection system for real
life applications (for instance, Intelligent Transportation Sys-
tems (ITS)), some project issues should be considered. The
main one resides in obtaining a trade-off between a high per-
formance object detection1 and on-the-fly implementation.
In ITS field, for instance, applications hold typically at least
15 frames per second (fps) in order to provide an effective
timing system [1], [2]. This frame rate uses to decrease as
increasing the complexity of the algorithms applied.
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1The word ”detection“ is used here meaning that the location of the
objects is found in the images, while ”recognition“ means applying a
classification algorithm to decide if that location contains an object or not.

Following these ideas, this paper brings twofold contri-
butions: a survey of works that propose detection systems
with the aim of being applied to on-the-fly applications
and a discussion of some directions to improve system
speed without a considerable loss in detection performance,
using Cell Broadband Engine (Cell) processors, coming with
Playstation 3TM (PS3). Also, a preliminary analysis linking
object detection systems to Cell implementation is presented.

The paper is structured as follows: in Section II, some
works that use the Cell to speed up their applications are
discussed; Section III presents a brief survey about state-
of-the-art computer vision methods and systems proposed
in the literature. The objective of this short survey is to
discuss the main object detection pipeline, linking it with
a parallel implementation onto the Cell; in Section IV, some
points regard to the cell architecture and how to parallelize
application in it are analyzed. Yet, a preliminary study
using the Cell is presented. Finally, Section V draws some
conclusions and future works.

II. RELATED WORKS

Many researches have been doing towards using Cell pro-
cessor to parallelize applications, mainly considering the cost
and benefits of those platforms. In [3], authors implement
a receptive field-based neural network onto a cluster of 3
PS3s. The neural network has the objective to recognize
barstools in videos. With that hardware architecture, the
processing gain is about 140 times against 62 times by using
a Field Programmable Gate Array (FPGA) based solution.
Actually, with just one PS3, the gain is about 60 times,
opposing to the high cost characteristic of FPGA solutions.
In [4], a discussion of a 3D computer tomography (CT)
application on Cell is given. The Feldkamp algorithm to
reconstruct the CT images is implemented onto a cluster of
2 Cell computers. The authors based their implementation
on concurrent computation and communication, using Direct
Access Memory (DMA) instructions. The runtime was de-
creased by a factor of approximately 45 times. [5] addresses
the problem of Ribonucleic Acid (RNA) sequence alignment.
The speedup achieved, using a single Cell platform, was
of 4.5 times in comparison to a optimized implementation
of the same algorithm on a Pentium 4. Another research
involving the use of Cell in Biology can be found in [6].
The authors proposes an experimental evaluation of two
bioinformatics applications and their processing gain under a
Cell architecture. Some critical issues are discussed in order
to implement the algorithms on the Cell and an experimental
time analysis is given.
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III. OBJECT DETECTION PIPELINE

A typical object detection pipeline is illustrated in Fig.
1. This pipeline is commonly used in order to improve
the confidence of the hypothesized objects in still images.
Among the modules, the first two are usually built by means
of high time demanding algorithm. The tracking module is
generally the least computational demanding module.

Fig. 1. Object detection pipeline. An object detection pipeline is
typically composed by three modules: moving object segmentation, object
classification and object tracking.

In the next sections, some details are given about the
two most computational demanding modules and their char-
acteristics which can be parallelized in a certain level of
parallelization.

A. Object Searching

Finding objects in still images is a complex task, being
accomplished in general under two main methods: brute
force and moving object segmentation. In the first category,
a normalized image window runs through various scales
and positions over the input frame. The aim of this task
is such that, in each position of the normalized window,
features are extracted, feeding a trainable classifier, which
will decide if the position contains an object or not. Figure
2 depicts the main idea of that pyramidal searching method.
Concerning the effectiveness of finding an object, these
techniques depend only on the performance of the classifier,
which will be usually higher as more complex algorithms
are used.

Fig. 2. A pyramid object searching. A normalized image window runs
through all scales and positions over the input frame. The smaller is the
scale of the input frame, the closer is the object.

To speed up pyramidal searches, [7] suggests a boosting
method implemented over Haar-like features. There are other
works which apply boosting methods over other kinds of
feature extractors, like: Histogram of Oriented Gradients [8],
Riemannian Manifold [9] and bag of scale invariant features

[10]. All these proposed methods use to run at between 10
and 20 fps, primarily depending on the number of objects in
the images.

Under the perspective of the parallelization, the brute force
methods rely on different computating parallelization strate-
gies (onto PS3 platform): i) instruction level parallelization
in the Synergistic Processing Unit (SPE); ii) image scale
level parallelization, which each image scale should be sent
to an SPE to be processed. The rationale behind the first
one resides in speeding up the whole process, parallelizing
as much as possible the way that each instruction of the
algorithm is performed. The parallelization of the latter
method, instead, should happen at the moment that each
scale of the pyramidal (or part of one image; see Section
IV-C) is sent to each SPE, making the parallelization to be
accomplished in a higher level programming technique. Yet,
if the size of each scaled image is longer than the Local
Store (LS) (see Fig. 4) presented in each SPE, one should
thinking about other strategies to break the processing in
multiples clock cycles [3].

In moving object segmentation methods, the way that the
image Region of Interest (ROI) is found usually relies on
faster methods, since the main objective is to segmenting
what is foreground and background based on hints of move-
ment. Some works can be found in [11], [12], [1], [13]. The
success of this type of method resides in a good hypothesis
technique based on various clues. In other words, it is better
to obtain false positives than miss detections, in view of the
fact that in the object classification step a false positive can
be corrected by a more reliable classifier method. The paral-
lelization of these method depending on the algorithms used.
Generally, optical flow and particle filter are used to estimate
the difference between the foreground and background. In
this way, an instruction level parallelization technique should
present better results, since a scale level approach is not
usually feasible.

B. Object Classification

Object classification can be accomplished by supervised
or unsupervised approaches. In this section, the supervised
deterministic approach is presented towards to analyze ways
of parallelizing it. Several works utilize deterministic ap-
proaches in order to classify objects in images and some
of them can be found in [14], [15], [16], [17], [18].

A supervised deterministic approach mostly relies on
multiplying the input vector x to a weight matrix w, adding
the result to a bias vector b, according to:

f(x) = sign(< w · x > +b) = sign(
l∑

i=1

wixi + b) (1)

If the f(x) is greater than zero, then the input vector is
considered an object, otherwise it is considered a non-object.
The weight and bias vectors are achieved after the training
stage.

This type of classification system fits the acceleration
approach implemented by the Cell, since that architecture are



composed by inherently vector processors. The vectorization
structure takes place by means of SIMD instructions, being
able to multiple data in the same clock. The programming
approach is performed by using C language but in a different
manner, trying to explore the SIMD processing. Fig. 3
illustrates an example of a vector operation.

A.0 A.1 A.2 A.3

B.0 B.1 B.2 B.3

C.0 C.1 C.2 C.3

+ + + +

VA

VB

VC

add VC, VA, VB

Fig. 3. SIMD processing. Adding two vectors VA and VB and sending
the result to a third vector VC [19].

IV. EXPLORING PARALLELISM USING CELL

In 2000, Sony, Toshiba and IBM jointly began the develop-
ment of an ambitious project of a new processor architecture,
called Cell. This architecture is a powerful heterogeneous
multi-core processor, developed to be used in many plat-
forms, as high-definition televisions, supercomputers and
game consoles, namely the Sony PS3. Nowadays, PS3 is
used in many scientific computing projects due to presenting
a suitable trade-off between cost and benefits.

This section presents the Cell architecture, as well as
a preliminary study about the viability of using the Cell
processor (using PS3) to image object detection in ITS.

A. Cell Architecture
Cell is a heterogeneous multi-core architecture, containing

a dual-threaded processor unit, denominated Power Process-
ing Element (PPE) and eight co-processors called Synergistic
Processing Element [21]. Figure 4 depicts that architecture.

PPE is a 64-bit, two-way simultaneous multithreading
which is compliant with the PowerPC 970 Architecture. PPE
has one Power Processor Unit (PPU), 32 Kbytes of L1 cache,
and 512 Kbytes of L2 cache. The PPU uses the PowerPC 970
instruction set with a SIMD engine called Vector Multimedia
eXtension (VMX). SPE, where the real power of CELL
processor lies on, consists of a Synergistic Processing Unit
(SPU), 256 Kbytes of LS, and a Memory Flow Controller
(MFC) that delivers powerful direct memory-access capabil-
ities to the SPU using DMA. The SPEs possess a 128-bit
vector register file and a range of SIMD instructions that
can operate simultaneously on two double-precision values,
four single-precision values, eight 16-bit integers or 16 8-
bit characters. There are instructions pipelined which can

complete one vector operation in one clock cycle. The Cell
components are connected via the Element Interconnection
Bus (EIB). EIB has four unidirectional rings, two in each
direction. Allied to these, there is a token-based mechanism
which permits a internal speed of 204.8 Gbytes/s. The Cell
is mainly a distributed memory processor, where each SPE
has its private memory. There is an explicit control over data
motion, where one can use mechanism like mailbox [21].

B. Playstation 3

PS3 is the cheapest Cell based platform in the market.
It contains one Cell processor (with only six SPEs avail-
able for programming), 256 Mbytes of main memory, an
NVIDIATMgraphics card with 256 Mbytes of memory, and
a gigabit Ethernet (GigE) network card. There is a virtual-
ization layer which provides access to the PS3 resources,
which means that one is not able to directly access the PS3
hardware under linux.

In order to use the full power of the CELL processor
inside PS3, one must split programs into threads, assigning
each one to an SPE. [3] suggests 5 levels of programming
parallelization: (1) parallel execution of many Cells (cluster
of Cells), (2) a parallelization of a program onto the 6 SPEs
and 1 PPE, (3) concurrent communication of the SPEs via
DMA, (4) instruction level parallelization in the SPE, and
(5) SIMD parallelization using 128-bit data path.

C. Optimizing Object Detection Algorithms

Object detection algorithms appear like suitable ones for a
CELL optimized execution. In the current state of our work,
we identify two approaches to use the whole power of CELL
processor in order to classify objects in images: fragmenta-
tion of the image in equal number of pieces (sending each
piece to a different SPE) and a pyramidal searching. The
first approach is illustrated in Fig. 5. The goal is to split
the image into six pieces of the same size. After that, each
SPE receives one of these pieces and executes the object
detection algorithm over the image piece. At the same time,
each image piece is processed by each SPE, improving the
performance of the algorithm execution. The PPE has the
role of fragmenting the original image, sending the resulted
pieces to the SPEs.

Fig. 5. Fragmentation Approach. A single image is fragmented into same
sized pieces. Each piece is then sent to one different SPE.
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Fig. 4. Cell Processor Design. The architecture is composed by a dual-threaded processor called PPE and 8 vector processors, called SPE. Only 6 SPEs
are programable available under Linux.

The second approach (Fig. 6) uses the multi-resolution
technique to create a pyramid with six stages, where each
stage is the original image in a different resolution. Each SPE
receives one pyramid level, performing the object detection
algorithm on it. PPE is still in charge to receive each frame,
scale it and sendo to each SPE.

Fig. 6. Multi-resolution Approach. Each level of the pyramid is sent
to an SPE. This approach is feasible as long as each scaled image can fit
in the LS of each SPE. Otherwise, a multiple step technique should be
implemented to process each image, considering multiple references to the
LS.

V. CONCLUSION

The most powerful unit in Cell architecures is undoubtedly
the SPEs. These processors are mainly vector-driven, and
SIMD instructions are pervasively implemented for perfor-
mance gain. On the other hand, within the pipeline of object
detection, many points are found to be vectorized, being
suitable to be implemented whether in a single Cell or in a
cluster of Cells. Nowadays, PS3 game console is the one of

the cheapest computational system sold, with a great trade-
off between cost and benefits. Following these ideas, the
next step is to build a complete object detection system on
a cluster of PS3.
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