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Abstract—This paper presents an object recognition approach
of outdoor autonomous systems identifying the nature of the
interested object when observing an image. Therefore, seeking for effective and robust recognition method, the proposed
approach is performed using a novel saliency based feature
detector/descriptor which is combined with an object classifier
to identify the nature of objects in an indoor or an outdoor
environment. As known, bottom-up visual attention computational models need a considerable computational power and
communication cost. A major challenge in this work is to deal
with such image processing applications managing a large amount
of the information processing and to work within real-time
requirements by improving the processing speed.
Based on interesting approach designing specific architectures for parallelism, this paper presents a solution for rapid
prototyping of saliency-based object recognition applications. In
order to meet computation and communication requirement,
the developed pipelined architectures are composed of identical
processing modules which can work concurrently with distributed
memories and compute in parallel several sequential tasks with a
high computational cost. We present hardware implementations
with performance results on an Xilinx System-on-Programmable
Chip (SoPC) target. The experimental results including execution
times and application speedups as well as requirements in terms
of computing resources show that the proposed homogeneous
network of processors is efficient for embedding the proposed
image processing application.
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I.

I NTRODUCTION

Object recognition in autonomous systems (robots, vehicles, UAVs, etc.) is an important task in building a system that
can sense, identify the nature of objects around it and afterward react according to this information (exploring unknown
environments, obstacle avoiding, computing flight paths, etc.).
Generally, the object recognition can be used as a preprocessing operation to classify objects in various applications such as
video surveillance [1], Simultaneous Localisation and Mapping
(SLAM) [2], Mission Planning [3] and Augmented Reality [4].
In this paper, we consider the problem of searching for
only one object of a known class in an unknown environments.
In order to search efficiently, the biologically inspired models
has a remarkable ability to easily detect and recognise objects
under the most complex conditions including variations in

lighting, color, orientation or size. This work proposes a
novel method for recognising objects based visual attention
mechanism [5] to extract complex visual relationships between
objects and their surroundings. Our object recognition method
is therefore based on a saliency based visual attention approach [6] to distinguish a set of visually conspicuous regions
that grab our attention from the rest of a given image without
any prior knowledge on its content. In fact, the complete
processing can be split up into two main steps: off-line stage
and on-line stage as illustrated in Figure 1. During the offline stage, for each object, a target attentional model is built
to represent the characteristics of the interest object from a
set of images containing instances of this object. Whereas, the
on-line stage can then decide whether or not the instance of
a target object is found in the input image. As illustrated in
Figure 1, this stage is achieved by performing two main tasks:
visual feature detection/description, (2) object classification including matching and comparison between the detected feature
from the current image and those from the key image. First, the
proposed visual detector/descriptor identifies salient regions in
each new image from the video sequence and then describes
each one. In order to apply saliency for object recognition, we
need to obtain the saliency maps for three distinct features
(color, intensity, and orientation). As a result, this method
yields an output map containing only the regions that constitute
the most salient regions. Furthermore, the feature descriptor
then associates those regions with attentional models. In the
classification task, attentional models of the input image are
compared with the trained attentional model and the the current
feature model giving maximum correspondence is considered
the best match of the target object. To guide the attention to
look for reference objects, each saliency model is classified
as container or as non-container of each reference model by
computing a dissimilarity score between each extracted model
(current object model) and each target model (reference model)
via a matching process. Based on dissimilarity scores, we can
eliminate the salient regions that don’t contain the target objects, and then the result can be used in segmenting the whole
color image. Our approach for recognition yields encouraging
results for finding a region of interest (ROI) with synthetic and
natural input images. Translating our proposed algorithm for
real time hardware implementation requires making specific
choices so that the design meets the constraints. Some of the
main constraints are speed of execution, power dissipation,
recognition accuracy of the results. In fact, the image processing applications based saliency computations are naturally
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ture. Section 5 shows the results of the implementation of
the proposed visual attention based object recognition into
Xilinx FPGA following the proposed approach. The Section 6
concludes the paper and summarises the contributions of this
work.

An overview of the proposed object recognition.

distributed and decentralised since they are organised as a set
of sequential pipeline composed by several computing units
to process several features (color, intensity, orientation, etc.).
Thus, we aim at using them in autonomous embedded systems
thanks to their hardware parallel implementation. Therefore,
in the second part of the paper, we map an object recognition
algorithm that combines saliency detection with a classification
method to our proposed coarse-grained architecture based
parameterisable softcore microprocessor, extending from the
previous work [7]. The proposed methodology might help
the designer to rapidly obtain an efficient implementation of
complex algorithms. Further, one of the main interest of this
paper is to parallelise our proposed application efficiently in
hardware, specifically for use in environments that have energy
and power constraints. To provide a complete solution for
parallel computing, embedding of a real time object recognition application on a dedicated architecture design must
identify and exploit the parallelism and pipeline structures
in algorithms to match the specific application requirements
in term of the computing power and the communication
bandwidth. Hence, the developed parallel architecture based
homogeneous System-on-Chips (SoC) is comprised of a set of
sequential pipeline layers with an embedded communication
network to accelerate the software execution time. For the
given application, we additionally propose new task parallel
skeleton ”data flow skeleton” and its associated communication
functions to exploit first the task level parallelism that exist
in this application and then to be able to execute algorithms
in parallel in hardware. The major findings of the experiment
show our FPGA implementations of the saliency models retain
a good performance in recognising problems.
The paper is organised as follows; We start in Section 2
with the related work. Section 3 details the algorithm used
for saliency based object recognition. Thereafter, Section 4
describes the proposed homogeneous pipeline architectures
based softcore processors in response to computational needs
and real time performances required by multitasks real time
applications and also presents the data flow skeleton for task
scheduling of the given application in our pipeline architec-

II.

P REVIOUS R ELATED W ORK

We confine the related work to biologically-inspired algorithms for object recognition in embedded hardware and
real-time architecture. The hardware implementation of object recognition based saliency models in video streams has
attracted a large number of research workers. A lot of researchers are interested in optimising hardware accelerators
for biologically-inspired algorithms. More specifically, we are
interested in object recognition based on bottom-up saliency
models accelerated using Field Programmable Gate Arrays
(FPGA) programmable devices. Recent work [8] presents a
visual saliency model and its hardware real time architecture
on FPGA platform to be embedded in a robotic system.
Several HMAX (Hierarchical models) accelerators are presented in [9] [10] [11]. The main focus of these papers is
to propose variety of purely hardware accelerators designs
for some computationally intensive stages in the HMAX
model [12]. Unfortunately, they must take into account several
problems related especially to area and/or memory occupation
dealing with low level hardware. For these reasons, it is
desirable to improve performance by employing more powerful
reconfigurable hardware accelerators. Thus, some proposals
focus on developing an FPGA framework for an end-to-end
attention and recognition system using saliency and HMAX
accelerators [13] [14] [15]. Particular optimisation efforts have
been proposed high performance hardware architectures for
bottom-up spatio-temporal visual saliency models. For example, in [16], the authors have suggested a real time implementation of their proposed saliency based algorithm on a highly
parallel Single Instruction Multiple Data (SIMD) architecture
called ProtoEye, which consists of a 2D array of mixed analogdigital processing elements (PE). Recent efforts were presented
in [17] [18], which propose a parallel implementation of this
model with multi-GPU and multi-FPGA system reaching real
time performance and good recognition accuracy.
Nevertheless, these proposed approaches can be considered, to the best of our knowledge, the first attempt to embed in
a single chip a complete real-time visual saliency applications.
However, there is no prior work on parallel implementation
of saliency-based bottom-up visual attention model applied to
visual object recognition tasks in many-core coarse-grained
architecture based parameterisable softcore. The processing requirements of such applications can be fulfilled by performing
parallel processing on a given image. Our work, extending
from the previous work [7], presents the first parallel image
processing architecture based parameterisable software and
hardware modules. The overarching aim of this work is (1) the
development of real-time object recognition in SoPC devices,
attaining 94 frames per second (f ps) Processing images with
size of 256 × 256, and (2) task scheduling of the recognition
algorithm in the proposed multistage architecture for maximum
processing throughput.
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III.

X

S ALIENCY FOR O BJECT R ECOGNITION

In this section, we address the problem of recognising
specific objects of interest from a database. We propose an
efficient method for salient region recognition for online image
processing.

Y
H
W

A. Off-line Stage
In this stage, the aim of the work is to build a database of
attentional models (Figure 2). An attentional model is based
mainly on three components (coordinates within an image, size
of the region of interest, and saliency values) associated with
each target object has been proposed.
1) The Proposed Feature Detector/Descriptor: To resolve
the problem of distinguishing the appearance of the target
object under different viewing condition, the proposed feature
detector is based on saliency computation method described
later. The proposed detector tries to identify salient objects
that capture our attention, by virtue of being different from
the rest of the image.
When given an image, separate saliency maps are created
for intensity, color and orientation at multiple scales in a
bottom-up manner and then combined to obtain the final
saliency map. In total, 10 feature maps (F M ) are generated: 2
for intensity, 4 for color and 4 for orientation. These maps are
summed up to 3 conspicuity maps (CM ): CI (intensity), CO
(orientation) and CC (color) and combined to form the global
saliency map SM . In SM , the salient regions SRs within a
given image are determined.

Fig. 2.

The proposed attentional model

B. On-line Stage
The on-line stage allows to find specific known objects of
interest in the input image and then the objects are recognised
by comparing the extracted models with the candidate models
built at the off-line stage.

T
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mCM (i)

Scale Maps

Center-surround

(2)

Closely related work was presented in [19], expect that the
vector Vroi here is composed of 13 elements (10 FM and 3
CM of the VOCUS model) and also here ui is defined the ratio
of the mean saliency in SR to the mean background saliency.
Then, the detected the salient region is then kept with its local
neighbor and its coordinates in the reference image. With a
small rectangular window around our region of interest, we
consider that the attentional model of the target object based
on its size and location is given by :
Mroi = {X, Y, W, H, Vroi }

Across-scale addition

(1)

To estimate the contribution of each feature map to its
associated conspicuity map, the vector component ui (i from
0 to 10) is defined as the ratio of the mean saliency in SR for
the feature map noted mF M (i) and the mean saliency for the
corresponding conspicuity map mCM (i):
ui =

Output Saliency
Map (SM)

MS

2) Saliency Model: Based on the saliency features maps
collected from the object, a distinctive model is built for each
key object. The output of this stage is therefore several candidate attentional models of the target objects. The representative
features of each target object is given by a vector Vroi , where
its dimension is equal to 2 + 4 + 4 = 10, denoted as :
Vroi = (ui )

MSR

WTA

(3)

where (X, Y ) is the position of upper left-corner of the
rectangle and W , H are the width and the height of the
rectangle respectively.

LAB image

Image Pyramids
Intensity

Orientation

Color

Original Image

Fig. 3. The bottom-up attentional detector. Saliency maps of three feature
channels (intensity, orientation and color) are computed independently and
then combined.

1) Feature Detector/Descriptor: See Figure 3 for an
overview of the proposed feature detector based bottom-up
visual saliency, proposed by Itti et al. [20] and extended by
Walther et al. [21]. From an input color image, our approach
started by extracting feature maps on three spatial scales with
image pyramids for distinct features type: intensity, orientation,
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and color. For intensity feature, the input image is converted
into gray-scale. From the gray-scale image s0, a Gaussian
image pyramid with three different scales (s1 to s4) is computed. When compared to the classical attentional models
([22], [23]), the proposed methodology compute separately
the on-off and off-on contrasts for intensity feature. For the
orientation feature, there are sub-channels which are computed
to extract features specific to each orientation (0◦ ; 45◦ ; 90◦ ;
135◦ ). From the gray-scale image, the orientation feature maps
are computed using Gabor filters. Finally, for the color feature,
the input RGB image is converted into an LAB-image. From
LAB-image, a color pyramid is generated for each color red,
green, blue, and yellow.
As illustrated in Figure 3, the saliency detection algorithm
relies mainly on the principle of center surround contrast and
across scale addition. After the feature maps are computed, the
scale maps are fused into one multi-resolution feature maps
: 2 maps for the intensity feature, 4 multi-scale maps for
the color feature (green, blue, red, yellow), and 4 maps for
the orientation feature for each orientation. To combine the
features maps, the feature maps are normalised to decrease the
contribution of less important maps and the resulting maps is
then computed as:
M=

1
√ ×M
α× β

(4)

where M indicates the map, α = max(M ) and β is
the number of local maxima that exceed a threshold equal to
max( M
2 ). This formula is used for saliency maps by adding
them pixel to pixel, the saliency maps is then deduced.
The resulting feature maps M i are then grouped by type
of elementary dimensions, and summed into 3 conspicuity
maps: CI (intensity), CO (orientation) and CC (color). Again,
saliency maps are normalised and summed to form the bottomup map M S = CI +CO +CC . The output image is the saliency
map that shows a few region of interest. To determine the most
salient location, we select the region with the highest saliency
value in the saliency map SM , denoted as ∆S . Afterward, the
regions containing pixels whose average saliency S exceeds
a certain threshold ( ∆4S in our case) are chosen as salient
regions (SRs). From the saliency map, the proposed algorithm
iteratively selects salient region and adjusts their weights until
identifying the most salient region (M SR). For each iteration,
we select salient region with the highest saliency value. the
mechanism of a winner-take-all (WTA) network of integrateand-fire neurons is applied to determine the focus of attention
in this map, as well as to implement the property of inhibition
of return (IOR). Thus, the saliency in this region is inhibited
and then the next SR that has a saliency greater than ∆4S is
selected, and so on.
As final step, the processed output saliency map S is
characterised by a set of SRs, which are generated by the
proposed feature detector. Thus, for each image which contain D different SRs, we can build the global attentional
model of the image as Mimage = (Mcandidatem )m∈[1,D] =
(Xm , Ym , Wm , Hm , Vsrm )m∈[1,D] , determining the position,
size and the class of an object within an image.
2) Object Classifier: When given the output saliency map
of the input image, this step aims to help users found the

target objects they seek inside the scenes based on their
saliency features. After the image features are extracted with
their associated models, we want now to determine whether
each current feature vector corresponds to an object found
in the candidate models. Current attentional descriptors of
the input image are matched with all reference attentional
descriptors and then the current model which gives maximum
correspondence is considered as the best match of the reference
model. In order to do so, each current model is compared to
the other reference models by calculating a dissimilarity score
and models which are similar have a lower scores.
Processing images with single/multiple objects, varying in
color, size and location combinations, SRs that are matched
with the target object are those that minimise the distance
between the vectors representing the current attentional models
with each reference attentional model. In doing so, for each
reference model, we compute first the difference of visual
lightness Lm∈[1,D] between two models based on the L2
distance :
Lm = kVroi − Vsrm k2
(5)
In this work, we are not interested in the salient regions that
are fully contained within the image boundary. Consequently,
we will consider only the regions that verify the following
constraint: Dm∈[1,D] = k(x, y) − (xm , ym )k2 < max(D)
where max(D) denotes the maximum distance between two
salient locations which is the diagonal distance of a given
image.
As second step, SRs that are matched are those that
minimize the difference of visual lightness between the vectors representing the attentional models. To comply with this
condition, the similarity scores Simm between each current
attentional model and a each known model stored in visual
memory is defined as:
1
Simm = q
(6)
2
(Vroi − Vsrm )
Once similarity scores are computed, we then proceed to
find the global minimum and thus each current object model
which have a higher similarity value than a specific threshold
T hobj represent a given reference object model. The value
of T hobj is generally adjusted by user to recognise particular
objects.
IV.

PARALLEL O BJECT R ECOGNITION BASED S ALIENCY
A LGORITHM

The proposed application described above can be entirely implemented in a parallel manner. Based on high level
MPSoC-methodology [24], this work presents a solution for
rapid prototyping of this kind of algorithm based mainly
on two essential concepts. The first concept consists of the
derivation of a generic architecture based on a homogeneous
pipeline architecture where each stage can start as soon it
is finished and new data is available, while maintaining low
power consumption with much higher throughput. The second
one consists in the parallelisation of the sequential code on
the different softcores performed using specific communication
functions based on parallel skeleton concepts for task/data
parallelism.
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Overview of the pipelined two stages architecture

In this work, a novel parameterisable system-on-chip architecture is proposed to handle image acquisition, distribution
and processing to embedded multi-tasks applications. To efficiently utilise an increasing number of processing elements,
we proceed by first proposing a novel parallel architecture
based upon a pipeline of stages with parallel programming
patterns and each stage then may exploit parallelism in the
most appropriate way.
In order to be tailored to a given application, the proposed
multicore design is a parameterisable architecture and thus
offers a high degree of flexibility including network dimension
of each stage, softcore parametrisation, memory size allocated
to each processor, type of communication link, included special
IPs for I/O (hand coded blocks to control incoming and
outgoing video frames), image size, etc.
A. The Proposed Pipelined Architecture
The proposed architecture is shown in the following Figure 4. The interconnection network of the proposed embedded
architecture is based mainly on point-to-point connections
between nodes. Depending on the computational requirements
of the final application, the proposed pipelined architecture
comprises two parallel pipeline stages connected via direct
point to point communication links. These parallel pipeline
stages are independent and perform divers image-processing
tasks and then each stage supplies a new output data to be
processed by the next pipeline stage. A set of synchronisations
links (FIFO links) allow parallel and pipeline connections
between stages depending on the final application. Thus, these
links are in charge of control and synchronisation of the
different sub-tasks.
The initial step consists in seeking for salient regions in
each image that would presumably contain the target objects

and then those regions with their associated models will be
transmitted over unidirectional signals to the second pipeline
stage. In the classification task, current descriptors of each
acquired image are matched with all trained objects models
based on distance measures to decide whether or not the key
objects are present in the current image. In this work, architectural choices were focused on Multiple-Instruction MultipleData (MIMD) architecture based on Xilinx’s MicroBlaze with
distributed memories. In this architecture, each computing
node has its own copy of a program and works on different
data streams. At any time, different processing nodes may be
executing in parallel different pieces of data. The proposed
distributed-memory system has an hypercube interconnection
scheme.
1) First Stage of the Pipeline Architecture: As illustrated in
Figure 5, the first stage of pipeline architecture relies on parallel homogeneous processing nodes. To increase the distribution
and processing speed, the proposed ”Input Frame Generator
module” receives the input signals from the external memory
and then transfers the original image to one or more ”frame
Grabber module” in order to distribute the data among different
parallel computing nodes. Each processing node N ode0−i (i
from 0 to N ) then process on an input sub-image supplied by
the latter module via point to point connections (FSL links).
Thanks to this parameterizable module, the local sub-image to
be treated by each node is loaded in its corresponding local
memory of each processor and in that case all nodes in this
stage have access to the input image at the same time.
As shown in Figure 6, each processing node controls
its own memory module. For this reason, N ode0−i contains
memory unit module, with local memory and frame memories
used by the ”Frame Grabber module” to store the selected subimage. In fact, frame memories are used as swap memories
when the ith image is written in the frame memory 0, the
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N ode0−i processed the (i − 1)th image in the frame memory
1. Once the data is partitioned, an attentional detection will
be computed to highlight visually salient objects with their
associated models in the current image. In fact, this step is
the most time consuming stage in the sequential version. In
its parallel implementation, the input image is first split into
N = 2D1 homogeneous elements of the same size where
D1 is the Hypercube dimension of the first pipeline stage.
Finally, the result of treatment (i.e. saliency map) is obtained
by merging the computed of each elements and then proceed to
send attentional models (Xi , Yi , Wi , Hi , SSRi )i∈[1,D] (D is the
total number of detected salient regions in the current image)
to the next pipeline stage to perform the complete processing
chain.
Bidirectional links (FSL link)
N=2D1

Processor

FSL
Link

DLMB

ILMB
Local memory

Frame Grapper
Frame memory 0
Input
Buffer

Output
Buffer

Frame memory 1

From Input Frame
Generator

Fig. 6.

Unidirectional link
(To the second stage)

Basic computing node of the first stage

2) Second Stage of the Pipeline Architecture: The second
pipeline stage (MIMD distributed memory) as shown in Figure 5 is based on an homogeneous and parallel embedded
architecture composed of M = 2D2 nodes (where D2 is the
Hypercube dimension of the network architecture) to satisfy
the communication needs while the target system remains
relatively inexpensive in term of FPGA occupation, memory
size and power consumption, etc. Furthermore, communication
between nodes is realised thanks to the well-known message
passing communication model using bidirectional communi-

cation links (FIFO point to point link) for relatively low
implementation costs. Without loss of generality, the basic
computing N ode1−i (i from 0 to M ) is composed of the
following modules: soft processor (MicroBlaze processor),
with local memory for software program and data, and D2
FIFO links for the communication between two MicroBlazes.
Only N ode0−0 in the first stage will communicate with the
N ode1−0 in the second stage (only nodes with index 0 are
connected through unidirectional link). Further, the N ode1−0
node sends the data from the previous stage to the other
processors in the same pipeline stage. Once the processing
of each node is done, the N ode1−0 node reaps the results of
each node. As illustrated in Figure 5, the N ode1−0 is also
connected to the ”Output Frame Generator” module in order
to control the output video flow. After the first pipeline stage
completes its calculations to detect a set of salient regions
in the current image and to describe them, the computations
will be then continue for the next stage to classify more than
one object at the same time. The target object model stored
already in external memory is matched with the extracted
attentional models of the current image and then the object
model giving maximum correspondence is considered the best
match. Finally, the video output is transferred straight away to
the ”Output Frame Generator” module.
B. Data Flow Skeleton
In this section, we are interested in partitioning and
pipeline scheduling of the proposed algorithm in the developed
pipelined architecture for maximum processing throughput. We
aimed to develop parallel algorithms starting from applications
composed of several independent parallel data with different
degrees of complexity. Thus, to easily map the proposed
application onto the multiprocessor system-on-chip, we have
focused our attention to provide the parallel structure of the
given application which naturally fits into a new developed
Data flow skeleton. In a parallel implementation, we must
define the parts of the given application that can be done
concurrently. In this case, our application can be referring to
two independent tasks running concurrently. Data flow skeleton
defined as pipeline of skeletons is one of the best choice
to exploit task level parallelism that exist in the proposed
applications.
Using the data flow skeleton, the overall processing of the
proposed application is split into a two of sequential tasks, each
task is based on a SCM (Split, compute and merge) skeleton,
with synchronisation step at the end of each step as illustrated
in Figure 7. Thereafter, the parallel implementation scheme
is based on data parallelism (images then lists of attentional
models describing each salient region) between the available
processors in each stage.
The input image is divided into subsets for parallel processing. The detection module (which is actually the attention
mechanism) will concurrently run on different processing
nodes of the first hypercube producing as output a list of the
most salient regions found on this image. In practice, the split
function implemented in each selected node in the first pipeline
stage, allows to configure correctly the Frame Grabber module
and then recover the subimage in real time from the input
image. This process allows all the processing nodes to start
the compute step at the same time. Actually, the input Frame
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Generator module focuses particularly on distributing the data
coming from external memory. Each node then execute the
visual detection on the subimage selected. Once the compute
step is finished, the result is sent to the node N ode0−0 through
the Merge function.
V.

Fig. 8. From left to right: (1) Examples of color images with the target object
(red squares), (2) The corresponding saliency map input, (3) The matched
salient regions, (4) Recognition Results on 256 × 256 images.

E XPERIMENTAL R ESULTS

The experimental section is divided in to two parts. First,
we perform experiments demonstrating the properties of our
object recognition approach and second we provide experimental results of the pipelined architecture implemented on a
Virtex6-LX760T FPGA and compare its performance with two
existing HMAX accelerators specifically tailored to saliency
based object recognition algorithm.

parallel implementation. Afterward, the performance of the
multistage architecture in terms of SoPC resource consumption
and the computation time is presented. The entire algorithm is
partitioned into sequential tasks and then implemented on our
proposed pipelined architecture. The two sequential tasks: (1)
visual feature detector/descriptor and (2) object classifier are
ported to the embedded architecture. Based on the proposed
TABLE I.
S YNTHESIS S UMMARY FOR P OINT- TO - POINT BASED
N ETWORK TARGETED FOR A V IRTEX 6 ML 605 FPGA D EVICE

A. Evaluation of the Proposed Recognition Method
To evaluate the performance of the proposed system, we
have conducted a large number of experiments on real image
sequences. At 256 × 256 image resolution, we first applied our
saliency detection for efficient identifying of bright regions in
the input image under large variations on the appearance and
shape of the desired object. The recognised object is set using
the output of the saliency map obtained. The result of object
recognition is shown in Figure 8. The value of T hobj can be
determined empirically by human.
Moreover, as we have mentioned before, the target object
can be recognised accurately using the proposed algorithm
regardless of the position, size . To discard undesired regions
from the obtained binary image, a grayscale thresholding based
method is applied wherein the recognised salient region is
retained according to its coordinates and its size while the
rest of image is removed.
B. FPGA Prototyping Results
In this section, we present the parallelisation and the
embedding of the proposed object recognition algorithm on
a SoPC platform. We made several experiments on multicore

(P1 , P2 )
(4,4)
(8,4)
(16,8)
(32,8)

Slice Registers
16605 /
301440 (5%)
23414/
301440 (7%)
50969/
301440 (16%)
114547/
301440 (18%)

Slice LUTs
22545/
150720 (14%)
37759/
150720 (25%)
80437/
150720 (53%)
102489/
150720 (68%)

Block RAM/FIFO
142/
416 (34%)
266/
416 (63%)
343/
416 (83%)
405
416 (97%)

multi-processor approach, it is possible to implement various
parallel FPGA designs in a single chip to investigate the
impact of the increasing number of computing nodes on the
system performance. The technologies we used to implement
our architecture are Virtex FPGAs from Xilinx. The proposed
soft multiprocessor is based on 32-bit RISC soft processor
MicroBlaze.
According to the processing and communication requirements in our target application, we have created several multicore architectures based on FSL point-to point links, by
varying the number of processing nodes in each pipeline stage.
Each node in the first stage has the following configuration:
MicroBlaze processor with FPU unit, 32 Kb of local memory

www.ijacsa.thesai.org

480 | P a g e

(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 8, No. 5, 2017
for software application and data storage, 32 Kb of frame
memory for data of the current image. Whereas, our uniprocessor system in the second stage has the following configuration
: MicroBlaze processor, 16 KB of local memory for program
and data.
During our experiments, we present the FPGA hardware
resource utilisation of various pipelined architectures to perform the two serial processing stages visual detector/descriptor
followed by object classifier. The Table I presents the logic
synthesis results in terms slice registers, slice LUTs and Block
RAM/FIFO using bi-directional point-to-point communications considering different number of processing nodes in the
complete system. FIFO depth is configured by 16 bytes. One
can see in Table I that the proposed system has been tested
with up to 40 processors in a Xilinx Virtex-6 LX760T device.
According to the FPGA implementation results, place and
route results of the last network configurations lead to an
area occupation of (19%) for Slice Registers, (97%) for RAM
blocks and (68%) for Slice LUTs. This pipeline architecture
based on FSL links, easily fits a Xilinx Virtex-6 LX760T
FPGA. Our resources utilisation is fairly low, which represents
68% on all the resources available on the FPGA.
C. Timing Performance
Based on the experiment results, we have conducted
various pipelined FPGA designs with several configurations
choices that have direct effect on the processing time of the
complete system. However, the computational cost for the
calculation of the saliency map is the most time-consuming
part of the complete recognition algorithm. We can see in the
top Table II that with architecture composed of 40 processing
nodes the parallel steps of the complete application executed in
much less than 40ms, leaving more time for execution of the
whole algorithm (with the sequential parts) to process more
than 25 frame/s (fps). Compared to serial computing, at a
system frequency of 100M hz, we can see in the top Table II
that with architecture composed of 40 processing nodes the
parallel steps of the complete application executed in much
less than 40ms, leaving more time for execution of the whole
algorithm (with the sequential parts) to process more than 25
frame/s (fps). Moreover, the processing time required for the
classification step is more than the time needed to process the
visual detection and description.
TABLE II.

A PPLICATION E XECUTION T IME ( MS ) (T OP ), A PPLICATION
S PEEDUP (B OTTOM )

Nb of PNs (P1 ,P2 )
Detection time
Matching time
Total time (ms)
Nb of PNs (P1 ,P2 )
Detection Speed up
Matching Speed up
Total Speed up

(1,1)
188.921
35.656
188.921
(1,1)
1.000
1.000
1.000

(4,4)
55.078
10.185
55.078
(4,4)
3.430
3.500
3.430

(8,4)
27.387
10.185
27.387
(8,4)
6.898
3.500
6.898

(16,8)
13.694
6.931
13.694
(16,8)
13.795
5.144
13.795

(32,8)
6.879
6.931
6.931
(32,8)
27.463
5.144
27.257

Introducing the processing time of the 1st stage (tstage1 )
and the 2sd stage (tstage2 ) performing the first and the
second parallel parts of the given algorithm, the total
processing time of the complete design can be modeled
by:max(tstage1 , tstage2 ). For each new input image, calculation of the output values takes T clock cycles (expressed in

milliseconds). The calculation is pipelined: Tdetection clock
cycles is used to extract attentional features from the current
image, and Tmatch to match two images with attentional descriptors. When the calculation is finished, the time required to
complete this phase is given by: T = max(Tdetection , Tmatch ).
As result, for last configurations, our proposed method allows
recognition calculation in approx. 7ms with a frame rate
of 94.3f ps for an image of size 256 × 256. Thus, we can
applied this algorithm as a preprocessing for higher level vision
algorithms.
It is then possible to calculate application speed-up from
one solution to another depending on the number of processors implemented and run-time of the application. Example speedups is shown in bottom line of Table II with
various degree of parallelisms (number of processing nodes)
for 256 × 256 color images. We compute the speedup of
the pipeline architecture as the ratio of the execution time
tseq (1, 1) needed by the sequential algorithm and the execution
time tpar (P1 , P2 ) for the parallel algorithm: Speed(P1 , P2 ) =
tseq (1,1)
tseq (1,1)
. A speedup of 27 times has been
tpar (P1 ,P2 ) =
T
achieved compared to the sequential implementation on a
uniprocessor architecture. A very near to linear speed-up and a
scalable architecture make it possible to match the processing
power with the input image by adjusting the number of
processor in each stage.
An advantage of the proposed approach is that the designer
can use a set algorithmic skeletons to specify explicitly the
communication of data between tasks suitable to be run efficiently on a parallel target architecture. To resolve the problem
of efficient implementation of multi-tasks applications, staged
computations are required to split the desired application in
a number of independent pipeline stages. This can provide
an increased performance while minimising execution time
and minimising communication costs without affect the global
processing time. As a final result, the proposed pipelined
system coupled with task decomposition is able to classify
objects in the input visual scene and to specify the tasks that
can be executed concurrently without an important increase
in resources requirements. Additionally, we provide a specific
software skeleton suitable to be used to implement a pipeline
algorithm.
TABLE III.
C OMPARISON BETWEEN OUR S ALIENCY I MPLEMENTATION
AND T WO HMAX M ODELS FOR O BJECT R ECOGNITION [25] [18].
Hardware

Resolution
Frequency
Precision
Computational time

FPGA
2xVirtex6
SX475T[10]
256 × 256
100 MHz
Fixed-point
21.81 ms

FPGA
2xVirtex6
SX475T[18]
256 × 256
100 MHz
Fixed-point (24bit)
11.04 ms

Our FPGA
Virtex6
XC6VLX
256 × 256
100 MHz
Floating-point
6.931 ms

The Table III represents the speedups in execution time
gained by our pipeline architecture and two existing HMAX
accelerators implementations for 256 × 256 grayscale images [10] [18]. The initial design of the HMAX accelerator [10] takes about 21.81ms per image with a frame rate of
45.85 fps, whereas the second design [18] takes about 11.04ms
per image with a frame rate of 90.57f ps. Our multi-processor
architecture gave an overall speedups of 3.14X and 1.52X
over the initial design and the second design, although it is
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mapped to a single FPGA only. In the proposed architecture,
As seen in the above results, our improved designs is well
suited for the object recognition based saliency computations
compared to purely hardware implementation.
VI.

[7]

[8]

C ONCLUSION

This paper described a visual saliency based object recognition method, as well as a hardware architecture for pipelined
processing, to allow for a more efficient implementation of
pipelined embedded applications. This work investigates the
contribution of the visual saliency computations for object
recognition, and proposes a new saliency detector/descriptor to
identify particular objects in unknown environments. Depending on the requirements of the targeted application, we go on
to provide the necessary parallel software skeleton to resolve
the communication overhead which is widely recognised as
the principal obstacle for achieving large speedup using a
large number of computing nodes. The results are encouraging
and show the potential of the proposed approach to ensure
real time processing of multitasks applications by balancing
the computation requirement between the pipeline stages. The
proposed parallel system was verified experimentally on a
Virtex 6 FPGA. A significant speedup of the parallel pipelined
architecture has been obtained. Specifically, the pipelined
architecture was capable of processing 94 frames per second,
demonstrating a 27X speedup compared to the original serial
implementation.
Future works include implementation of more complex
applications that will be embedded using this work to obtain
real time neural systems. This will include also the development of the proposed parallel architecture, bringing other
benefits such as support of arbitrary network topologies and
allowing for dynamic reconfigurability to meet the targeted
application requirements. This will allow to show another type
of communication devices and parallel software skeletons.
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