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Review on I mage Processing:
FPGA Implementation perspective

M ohassin Ahmad, Abdul Gaffar

Abstract— Digital image processing (DIP) is an ever growing area
with a variety of applications including medicine, video surveillance,
and many more. In order to improve the performance of DIP systems
image processing algorithms are implemented in hardware instead of
software. The idea here is mainly to obtain a system faster than
software image processing. | mage processing tasks such as filtering,
stereo correspondence and feature detection are inherently highly
parallelizable. Thus FPGAs (Field Programmable Gate Arrays) can be
a useful approach in the area of Digital Signal Processing. FPGAs
provide advantage of the parallelism, low cost, and low power
consumption. They are semiconductor devices that contain a number
of logic blocks, which can be programmed to perform anything from
basic digital gate level techniques, to complex image processing
algorithms. This paper provides an overview of the various works that
demonstrate the benefits of using FPGAs to implement image
processing algorithms like median filter, morphological, convolution,
smoothing operation and edge detection, etc. Gray-level images are
very common in image processing. These types of images use eight
bits to code each pixel value, which results in 256 different possible

Mir and Naj eeb-ud-din Hakim

There are many useful applications of image praogs#t is used
as remote sensing for robot guidance, and targetgrétion. It is
also used for industrial inspection, and in medteahnology such
as X-Ray enhancement. A very useful applicatiomligftal image
processing is to view the various color intensit@esent in an
image and split the image into segments based emetults. The
biggest performance bottleneck is the time involuegrocessing
the images captured by the camera. Implementiniy applications
on a general purpose computer can be easier, huvemp time
efficient due to additional constraints on memorgd aother
peripheral devices. This leads to explore posdialelware based
alternatives. Recently, image processing algorst implemented
in hardware have emerged as the most viadkition for
improving the performance of image processsygtems. The
introduction of reconfigurable devices and systewel hardware
programming languages has further accelerdted design of

DIP in hardware. FPGAs are often used ampladmentation
platforms for real-time image processing agilons. A Field
Programmable Gate Array (FPGA) is a programmdple
reconfigurable) device [1] in which the final logstructure can
be directly configured by the end user. AFA consists of an
array of uncommitted elements that can be prograime
I. INTRODUCTION interconnected (or configured) according to a sgpecification in

Digital image processing is the processing andlalyspf images. @ virtually limitless number of ways. Being repragmable and
Image processing is used for the modification @f itmage. There €asily upgradable, an FPGA offers a compromise é&etwthe
are three main categories of image processing: éneagpancement, flexibility of general-purpose processors and tledivare based
image restoration, and image classification. Imagiancement speed of ASICs. They allow rapid prototyping ofyatem and offer
provides more effective display of data for visimbrpretation. It an inexpensive option to validate system requirdm§gj. Placing

helps a user to view the image and recognize diffesegments of the functionality of image processing applicatiamgo hardware
an image. An example of this is to edit the shades image. This allows faster processing as it is no longer necgsta split the

technique is very useful for assisting with distios of different individual instructions into fetch, decode and gppjcle needed in
objects in an image. Rectification and restoratidran image is the typical processing unit of a computer.

another important aspect of image processing. disdargely with In this paper a survey implementation of image pssing

image correction, which may be necessary due tdantlage being applications on FPGAs with an emphasis on the reafeatures of
affected by geometric distortion or noise. It calsoaremove FPGAs has been presented. The rest of the papegémized as
blurring whereby a poor quality image may be upgtath one with follows. Section 11 highlights the advantages & iliations of

better quality and distinguishable features. Imafgssification is FPGAs. Section IIl details algorithm mapping anchdgw based
where images are classified based on colors oresha@sent in the operators. Section IV describes the various fittgralgorithms like

image. This can be useful in order for a computeditferentiate convolution filtering, median filtering, etc. Semti V describes
between different types of images. histogram based algorithms. In section VI, motiasdd algorithm

have been described. Finally, section VIl summarjzéor research
in the FPGA implementation of image processing ralgms.

shades of grey, ranging from 0 (black value) to 255 (white value).
Latest generations FPGAs compute more than 160 billion
multiplication and accumulation (M AC) operations per second.

Index Terms—FPGA, Digital Image Processing (DIP), algorithms
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Il. EVALUATION OF FPGASASPLATFORM FOR divide by 8 using the bit shifting method of diwsiinstead of a
DEVELOPING DIP APPLICATIONS divide by 9).
A. Advantages of FPGAs C) CL_Jrr_ent FPGAs _cz_:mnot be regonflgqred quickly _aisrih)cess of
modifying or combining FPGA circuits is also labmirs.
Many advantages of FPGAs make them a preferredcehof d) The size of memory that can be implemented ustagdsrd

implementation in DIP realm. Based on the surveyany ogic cells on an FPGA is limited, asimptting memory is
significant features have been found which arebsws:- an inefficient use of FPGA resources.

a) A characteristic of many image-processing meth@&sthe o Roytines where complex tasks cannot be lrakevn into
multiple iterative processing of data sets suchfcas stages of simpler tasks must perform a more serial wwth of
canny edge detector, which _require performing rpldtpassgs OVer hrocessing, which is not entirely efficientvFPGAS.

the image. These steps, which have to be pgrfostﬂgdenually ON fy Hardware offers much greater speed than a softwal
a general-purpose computer, can be fused in oreipasPGA, as jmplementation, but it comes with a price of inaes development
their structure is able to exploit spatial and temap parallelism. e inherent in creating a hardware design. Mosftware
FPGA can perform multiple image windows in paradletl multiple yesigners are familiar with C, but in order torelep a hardware
operations within one window also in parallel. _ system, one must either learn a hardware désigiuage such as
b) By employing several optimizations techniquesich as \ypL or Verilog, or use a software-to-hardware cersion

Loop  Fusion, Loop Unrolling etc efficient usagé oFPGA gcheme, such as Streams-C, which converts C cod@ibL, or
resources and speed-up in implementations isfesdsy avoiding \ATCH. which converts MATLAB code to VHDL
many redundant operations. '

c) FPGAs are capable of parallel /0, which allqwsmhe perform 1. ALGORITHM MAPPING

read (from memory), process and write (to memory) . ) o
simultaneously. Many operations such as convolstidinding Algorithms for image processing are no_rmally clisdiinto one of
square root etc can be executed much faster by paselining and three levels: low, intermediate or high. Low-levalgorithms
parallelism. operate on individual pixels or neighborhoods [Bitermediate-
d) All of the logic in an FPGA can be rewired, oreafigured, with 'evel algorithms either convert pixel data into affedent
a different design as often as the designer likds type of representation, such as a hlstogram, coordmatehz_am code_, or
architecture allows a large variety of logiesigns dependentoPerate on one of these higher representations.h-ldigl
on the processor's resources), which can becimamged for a @lgorithms aim to extract meaning from the imageingis
e) FPGAs provide the flexibility to reprogram and e to new rejecting a component or identifying where an objeawithin an
standards. Easy Upgradeability ensures that FPGastians iMmage. When moving from low to the high-level regmtations
evolve quickly with no risk of obsolescence. there is a corresponding decrease in exploitablellphsm due to

f) The reusability and efficiency of hardware impletteel on the change from pixel data to more descriptive @spntations.
FPGA, is especially useful in developing Image Bssing IP However there is also a reduction in the amourntaté that must be
(intellectual property) as it allows an efficientstem in terms of Processed, allowing more time to do the processing to their
cost & performance. Possibility of quick integratiof the IP blocks Structure, FPGAs are most appropriate for use eathputationally
without a need of modification or repetition of ifieation cycle [3] intensive tasks which form the vast majority of loand

simplifies debugging and thus greatly reducesithe-to-market. ~ intermediate-level operations. The large data setd regular
g) Because of its LUT based architecture, some caitieol masks repetitive nature of the operations can be exploiF®r this reason
(such as constant coefficient multiplier or KCMskgnc be it has been traditional in many systems for the ARGhandle the
implemented very efficiently [4]. low-level operations and then pass the processdd ta a

h) High computational density in FPGA together wita low microprocessor which then executes the high-lepetations. With
development costs allows even the lowest volumensamer increasing FPGA size, it is now possible to implamprocessor
market to bear the development costs of FRGA fact, cores on the reconfigurable fabric, which means#R&A can form

compared to ASICs, FPGAs are especially usefullower volume the core of the system.

type of application. With low-cost FPGAs highfidiion Low-level image processing operators can be classids local
solutions can now be implemented for lesanttyS$1.00 per OPerators (point operators, window Operator) s agldbal

1,000 logic elements (LES) operators, with respect to the way the output @k computed
A lot of research has been recently doneutiizing FPGAs from the input pixels [6].The local operators depem data from a
as development platform for DIP algorithms.this paper the relatively small neighborhood that is local in splatind temporal

related work in the area has been presented. dimensions. Examples include thresholding, conimiyt and

motion estimation. Global operators depend on ftata the entire

B. Limitations of FPGAs image. Examples include transforms like the fasiriéo transform

On the other hand, there are also the limitatioh$=®GAs for and principle component analysis as well as siggishistogram
image processing applications. techniques.

a) There are many overheads in FPGA design. Thisudecidata
transfer times which is the time required to load (or ) o
download) the data, from (or to) reconfiguraptecessor to(or Window-based operators need only partial or logdbrmation
from) host; time for reconfiguration. about the image, that is they are is restricted $onall neighbor of
b) FPGAs are excellent choice only for those algamghwhich image data centered on a reference pixel A windasetl image
don't use floating -point mathematics or complextmeanatics. OPerator is performed when a window with an area of w pixels
Division, direct multiplication etc are very compland expensive iS €xtracted from the input image and it is transked according to
on FPGA. Hence, the designers have to refateul their @ window mask or kernel, and a mathematical functimduces an

A. Window-based Image Operators
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window and their values are constant through th&resrimage
proceessing & the function is applied independently Ht pixel

locations. The values used in the window mask deépem the
specific type of features to be detected or recsghi Usually ¢
single output data is produced by each window djmeraand it is
stored in the corresponding central position of thedeiwas shown
in Fig 1.

Window

/ Operator \
Yy

Oufpu
pixel

Input ——t=
window B B = S i

Path o B —- g
window -

X X

Fig 1: Schematic representation of a window based op@

A moving window is used for implementing various aige
processing algorithms like median filterinorphological, edg
detection algorithms and in Gaussian smoothing aijmer. The
window moves in rastesean order. Window based operators
also inherently parallelizable and hardware impletatons car
greatly accelerate their implementation. [8].

For processing purposes, the straightforward agpr@ato store th
entire input image into a frame buffer, accessheyeighborhoo
pixels and applying the function as needed to predine outpu

image. Under this approach, every pixel in the ienis read several

times. Memory bandwidth constraints make obtainail these
pixels each clock cycle impossible. Input data fithwa previous I-

1 rows can be cached using a shift regigter circular memon
buffer) when the window (say size of NxN) is sned along
subsequent lines. Instead of sliding the windowoserthe image
the above implementation now feeds the image throtie

window. Introducing the row buffer data structussids additions
complications but reduces the redundant transtith the use of
both caching and pipelining there needs to be ahav@sm for
adding to the row buffer and for flushing the pipel The size o
the row buffer is given as W5 where M is the width of the imay
and W the size of the window (NxN).

Another complication occurs when the windewtends outside tF
image boundary. There aseveral options for dealing with this; t
simplest is taassume one row wraps into the next. A better o is

to replicate the edge pixels of the closest bc [9]. Such image
padding can be considered as a spexdale of pipeline priming
When a new frame iseceived the first line is p-loaded into the
row buffer the required number of times for the gi window size.
Before processing a new row the fipgkels are alsore-loaded the
required number dimes, as is the last pixel of the line and thé

line. Fig 2 shows the implementation of the 3x3 Wind
Operations. For the pipelined implementation of gmgrocessin
algorithms all the pixels in the moving window rator must be
accessed at the same time for every clock. To aaeshe value

of the window for every clock cycle the two row buffenust be
full. For every clock cycle, a pixel is read frohetRAM and place

into the bottom right corner locatioffi the window.

| SSN: 2347-5552, Volume-2, I ssue-1, January 2014

(.‘:.l.p.l.l.n.'t.' Source |
i : NaN Window
| ISR Bu_m‘r —.I - ! Row Buffer
Memory . —‘
L.‘ — —-I -¢—— Row Buffer —‘
L‘ W RO
Window Operator p——a OQutput Pixel

Fig 2: Window Operation using Buffe

The architecture in Fi@ places the lowest demand on exte
memory bandwidth, but the highest demand on intenmamory
bandwidth. Each pixel in external memory is acogssely once
but for an image width, W, and kernel width, N, tRBGA musi
store ((N-1)*W + N) pixels oithip, because many modern FPGA
devices have a large amount o-chip memory. To get the optimal
design, three constraints are considered. The fsthe are:
constraint; the number of slices in the FPGA linitsw many
copies of processing elements win program on the chip. Second,
memory bandwidthdefines the maximum data transfer sp
between the FPGAs and the external memory banksd, Tthe size
of the on chip memory that is used as buffers resluedundar
data transfer.

IV. IMAGE PROCESSING ALGORITHMS

There has been a lot of research in the field afgenprocessing i
hardware by utilizing FPGAs. The image processitgprhms
considered for hardware implementation include: votution,
image filtering and edge detection (Sobel’'s, Présviind Canny’s
edge detection). These algorithms are based onow-based
processing.

A. Convolution Filtering

Many image processing operations such as scalim ratation
require resampling or convolution filteng at each pixel in the
image. Convolution is aabdard operation often us for filtering
(blurring, sharpening, compression, noise cleanorgle-sampling
(compositing, scaling, rotation, warping, texturapping), etc.Thi
convolution algorithm can be calculated in the daeling manner
For each inputpixel window, the values in that window ¢
multiplied by the convolution mask. Next, thoseutts are adde
together and divided by the number of pixels in Wiedow. The
output function at each pixel is the weighted sumeighboring
pixels given by Equation (1)

F(i,j) = Zitex Wi YImage (i— k, j - 1) (1)
WhereW represents theoavolution filter kernel
An important aspect of convolution algorithm isttitasupports ¢
virtually infinite variety ofmasks, each with its own feature. T
flexibility allows many powerful applicatior By selecting the
appropriate weightsconvolution can implement Ic-pass, high-
pass and banpass frequency domain filters used extensivel
image enhancement and featextractior
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Low-pass filters use positive weights and are ufadimage B. Median Filtering

smoothing. High pass filters use a kernel with aitp@ center \jqgian filtering is a powerful instrument used indige processing.
weight and negative outer weights and are usedtarce high The median filter is a non linear filter which isramonly used to
frequency components in an image such as edgenendetail. If o nove impulsive noise from images, while presevéages and
the filter size is m x m, then each output pixepeleds on m? qther details. Two common types of impulsive naise salt and
adjacent pixels, and thus® multiplies and adds are required g§epper noise, and random-valued noise. Impulsivieenmeplaces
each site. Therefore, high performance can be wetlieby the intensities associated to a certain percentdggxels by the
exploiting parallelism. maximum or minimum possible intensity (salt and gepnoise) or
There are various ways to implement a convolutidterf The by any value between the maximum and minimum ifitgns
convolution algorithm uses adders, multipliers, atfigiders to (random-valued noise). A median filter is effectiseemoving this
calculate its output. On FPGAs, use of mathematiosls to slow type of noise without affecting the distinguishicgaracteristics of
down performance. Many designers favor techniqhes teduce the signal. A median filter can outperform lineawtpass filters for
the algorithm’s dependency on complex mathematiisother hich also smooth out edges and other details waiehpresent in
obstacle in this algorithm’s design was implementime capability he original image. A standard median operatiomjsiemented by
to handle negative numbers. In a proper convolutigorithm, the gjiging a window of odd size (e.g. 3x3window) ower image [12].
mask can (and often does) consist of negative ntsnkdfectively, At each window position the sampled values of dignamage are
the VHDL had to be written to handle these numb®ysusing sorted, and the median value of the samples repkaeesample in

signeddata types. Signed data simply means that a negatimber the center of the window as shown in Fig 4.
is interpreted into the 2’s complement of its nowgative dual.

This means that all vectors within the design nusst an extra bit A 3%3 window Center pixel replaced with
as compared to unsigned numbers. The extra bityalwarries the median value

sign of the number — O for a positive number, 1 donegative BT R ]

number. Addition and multiplication were instantidtusing simple HEERE I

+ and * signs in the VHDL code. Since a proper aduation
involves a division by the number of pixels in thindow, some
thought had to be put into this part of the aldonts hardware
implementation. Hardware dividers on FPGAs areeylatge and
slow. So, instead of division the bit shifting medhis used. Fig 3 Median Value

shows a graphic representation of the mathematitiseohardware Fig.4: Median Filter.

convolution. Note that a valid output for the colwimn algorithm

occurs six clock cycles after the first window ialigt. Since this Median filtering is usually based on data sortinigogthms,
design is pipelined and will run in the megaheauge, this kind of including bubble sort, quick sort, and insertionrtsdSeveral
startup latency has very little effect on overadsigin speed [10], techniques based on these algorithms have beerogwdpin the
[11]. literature for implementing median filters on haetw in these
sorting schemes, the incoming pixels pass througtetaork of
comparators and swapping units. The comparatorpamrwo to
three incoming pixels at once, while the swapping sorts them
~— accordingly. It can be mentioned at this point tieafind median of
a sequence of size (2N+1) using bubble sort reguMEN+1)
sorting units and (2N+1) registers. As the windane sncreases,
the number of compare-and-swap unit's increasesfgigntly. In
order to do this properly, a counter must be usetblt the output
data-valid signal when to change to its ‘on’ st&imce it is desired
that the output image be the same size as the in@ge, and use
of the window generator effectively reduces the antoof valid

&
w

‘5‘10|11|11|15‘20‘35|

B -

o output data, borders with zero value pixels mugtlaee around the
b image. In order to do this properly, the counteeswsed to tell the
Dot algorithm when the borders start. A VHDL countersweritten to
Fig 3: Hardware Design of Convolution count pixel movement as the data streams into thigye Since

images are two-dimensional data, two counters weegled: one to
The main problem in implementing and computing @dation is count rows and one to count columns in the imag&in@zation
speed, area and power which affect the image psowpsystem. techniques may lead to some reduction in the numbiirese units.
Implementing the algorithm in parallel hardwarelwsppeed up the The parallel strategy leads to a significant reidmctompared to
process but the implementation itself is very cargnd requires athe wave sorter approach. In this strategy, ieisessary to consider
huge silicon area Optimization of the convolutidgoaithm can be total number of required steps to sort an arrayiththe steps used
easily achieved if one has limited kernel speciiioss. For to read data from memory and the steps requirestote the sorted
example, if all coefficients in the kernel are posvef two, the data back to memory [13]. With this kind of methaidta can be
VHDL synthesizer is able to result in a design thaes fewer stored in the array by sending a datum to the ffegister and later,
resources. This is due, of course, to the way nusnke when the second datum is sent to the first regitervalue on the
represented in digital systems, where a numberishatpower of first array is shifted to the second register. Tieeessary number of
two is represented with only one bit. Further ojtition is Steps for sorting is equal to the number of charadn the biggest
possible by reducing the bit widths of the kernahstants. This is group of identical characters divided by 2. Theaflal sorting
result in a smaller coefficient data range, bus tompromise may strategy is shown in Fig 5. Each node is a two efgrsort, with the
be acceptable in certain cases.
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lower input exiting the node on the left, the highmput leaving or
the right.

Fig 5: Structure of the parallel sorting strat

Table | shows the results for the implementatio median filter
window size 3x3. It is observdbat as the image size increases,
processing time increases along with the percentsitjieation of
the resources of the FPGA. This increase is lingtr the size o
the image after the image size exde®4x64 pixel. However the
percentage increase in the CLBs utilized growsinealtly

Table I:Synthesis result for median filter with window size3
using Xilinx device

Image | Processing timg Utilization of slice:
size (m sec) (in percentage
4x4 0.00246 4(2000 out of 465t

16x16 0.11766 4(221 out of 465¢

32x32 0.54006 5(237 out of 465¢
64x64 2.306 5(250 out of 465¢
128x128 9.525 5(259 out of 465¢

C. Morphological algorithm

The morphological algorithm refers to a class afoathms tha
transforms the geometric structure of an image.p¥ology can b
used on binary and gray scale images, and is usefidhny areas ¢
image processing, such as reconstruction, edge ctub,
restoration and texture analysis. Morphological rapes are
defined as combinations of basic numerical opematiaking plact
over an image by using a structuring element. Tinacturing
element is a window that scans over an image andifie® it
according to some specified rule. The most basic moliggical
operations are dilation and erosion. Dilation agbibels to the
boundaries of objects in an image, while erosianaees pixels ol
object boundaries. The number of pixels added mowed from he
objects in an image depends on the size and sHape structuring
elementused to process the image. In therphological dilatior
and erosion operations, the state of any givenl pix¢he output
image is determined by applying a rule to the @ponding pixel
and its neighbors in the input image.

Rulesfor Dilation and Erosion:

Erosion- The value of the output pixel is thenimun value of all
the pixels in the input pixel's neighborhood. Iiiaary image, if
any of the pixels is set to O, the output pixetes$ to O basedn the
logical AND relationship [1} Erosion can be used to elimin:
unwanted white noise pixels from atherwise black area. It allov
a white pixel will remain white in the output imaggeif all of its
neighbors are white.

Dilation- The value of the output pixel is tiheaximun value of all
the pixels in the input pixel's neighborhood. lesighe NAND
rather than the AND logical operation. Being thepagite of
erosion, dilation will allow a black pixel to remmablack only ifall
of its neighbors are blacklhis operator is useful for removi
isolated black pixels from an imagBinary erosion and dilatio
masks are:
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1 1 1 0 4] 0
1 1 1 0 4] 0
1 1 1 0 4] 0

Erosion Dialation

The grayscale erosion is performed by minimumrfiltehereas th
dilation is performed by maximum filter. In a 3 xx8nimum filter,
the centre pixel is replaced by a minimum valu¢hef pixels in the
window. In a maximm filter, the centre pixel is replaced by
maximum value of the pixels in the windowhe implementation of
minimum & maximum filters is similar to the median filte
implementation. Morphological Dilatiorof a grayscale image is
illustrated in the Fig 6:

Structuring element
1 1 1
1R

1 1 1

L] 14 1

3 @ -:\

126 128 124
9 133

38 137 143

1
62 64
1

1 1

143 141 138 142 0 134 144 *®

125 1 125 1
131 1 1311
138 137 134 1 7 143 138 137
. 3 141 1 180 1
130

. 1 135 137 1
137

142 137 135 135 134

Fig 6: Input image

Output image

V. HISTOGRAM BASED ALGORITHMS

Image enhancement involves techniques to sharpen theei
features such as edges, boundaries or contrasitke @ graphi
display more useful for display and analysis. Thare various
spatial domain image enhancement techniques likdidvieFilter,
Contrast &etching, Negative image transformation, Power
transformation and Histogram Equalization. Medidéterf has beel
already discussed, is a nbnear, low-pass filtering method, which
are used mainly to remove «and pepper noise from an image.
Contrast stretching attempts to improve an image by ey the
range of intensity values it contains to make fise of possibl
values. Contrast stretching is restricted to aalimaapping of inpu
to output values. The negative transformation tesalreversing of
the grey level intensities of the image therebydping a negativ
like image. Power lawtransformation is also called as gam
correction, which is given by the express = cr?. For various
values ofy different levels of enhancements cee obtained. For
achieving high performance image enhancement mstham
implemented on FPGAs.

A. Histogram Equalization

Histogram equalization ione of the commonly used ima
enhancement tecniqudsistogram equalization is considered to
most populabecause of its simplicity and better performancealb
types of images. Histogram equalization is a tr@amsétion tha
stretches the contrast by redistributing the grayel valies
uniformly [15]. Digital images are represented as two dimensi
pixel arrays. Each pixel indicates the brightness or rcofothe
image at a given pointSuppose we have an image whick
predominantly dark. Then its histogram would be camtratec
towards the lower end of the grey scale and allitege detail it
compresse into the dark end of the histogram. If we coudtiétch
out’ the grey levels at the dark end to produce aaemuniformly
distributed histogram then the image would beconuehrclearer.
Histogram equalization creates an image with eguditributed
brightness levels over the whole brightness scal-255). It
maximizes the overallcontrasi a nearly uniform (i.e. flat)
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distribution is produced. The histogram equalizatadgorithm is The “memory controller unit” generates timing favntrol signals
implemented on FPGAs which provide finer flexihjilitand to send/receive image pixels data to/from the mgmihe “weight-

powerful computing capability. Fig 7 shows the Bd{daiagram of updating unit” is in fact an arithmetic processordalculate the
Histogram Equalization algorithm. weights and threshold values. Each input pixel éadr from
memory, compared with the weights and the closeighteis

updated. The update is done based on the differbatgeen the
input pixel and the weight, scaled by a learninig factor. Once a
complete frame of the image is processed, the cehteackground

clock

| | | | and foreground clusters is computed. “Thresholdingit”
clock istogrn| | cumisve| | i Rl manping determines the threshold value by averaging theghtgi Then
e gray et every single pixel of the same image is fetcheanfrmemory via

memory controller unit. Each read pixel is compared the
threshold value, and the result is written bactheomemory.

In this algorithm we need real numbers for sometspaff the
numerical computation. These non-integers, sucfioasing point
allow a wide range of values to be represented.fBating-point
arithmetic units consume significantly greater ek resources
The ROM is initialized by image. Histogram of grbgvel block than the integer arithmetic and this make it maiable for million
will counts the occurrence of each pixel value ygralue block) in gates FPGA like Xilinx Virtex series. Of course soany
the image in 1-D array. Cumulative block will cowe#ch value in enhancement and optimization has been proposedhorreal
the array with previous one, multiplier block wilinultiply numbers. Since the resource of the current FPGAcees limited
CDF(cumulative distribution function) array with restant value, and because the focus of this algorithm is nothenhigh precision
Then mapping block will mapping each pixel in uninfied image of the numbers, all numbers are represented irgént@and an
to corresponding value in new matrix. The minimumet period in approximation is applied for the arithmetic.

this system is 5ns for a test image of 100x10Gak been found
that the computation speed improved further by ickemisg
optimization in FPGA implementation systems.

=10

gray level

T

synchronizer

Fig 7: Block Diagram of Histogram equalization aitfums

C. Edge Detection algorithm

An edge in an image is a contour across which tightness of the
image changes abruptly. However, image data igatscso edges

B. Thresholding technique in an image often are defined as the local maxifth® gradient

The histogram—-based method [16] can be used tandiet the
threshold value for image binarization. For exirart useful
information from an image this algorithm dividese thixels into
two groups --background and foreground objects thenoptimum

[17].The edges of image are considered to be mgsbitant image
attributes that provide valuable information fornfan image
perception. The edge detection refers to algoritvhgeh aim at
identifying points in a digital image at which tireage brightness

threshold is obtained. All pixels above a determiirfghreshold) changes sharply. The basic edge-detection opasmtomatrix area
grey level are assigned to the object, and alllpikelow that level gradient operation that determines the level ofiavere between
are assumed to be outside the object (backgroumellobject pixel different pixels. Examples of gradient-based edg¢eciors are
is given a value of “1” while a background pixelgiven a value of Roberts, Prewitt, and Sobel operators. All the gmatebased
“0” which gives the binary output from thresholdinthe selection algorithms have kernel operators that calculatesthength of the
of the threshold level is very important, as it Iwdffect any slope in directions which are orthogonal to eadiegtcommonly
measurements of parameters concerning the objech, as poor vertical and horizontal. Then the different compuseof the slopes
contrast, inconsistency between sizes of object lamckground, are combined to give the total value of the edgensth.

non-uniformity in the background, and correlatedisao The These algorithms consist in a 2-D first derivaterapor applied to
threshold level is normally taken as the lowesinpai the trough the grey-scale image to highlight regions of thexge with high
between the two peaks or the mid-point betweernwiepeaks may first spatial derivates. The edges are translateal lidges in the
be chosen. For hardware implementation of the Hwmldéng gradient magnitude of the image. The algorithmksamong the top

method speed and complexity have to be considengd tlese
conditions are met by using FPGAs. The hardwarhit@acture is
based on a weight-based clustering threshold atgorin which the
gray level pixels of an image are divided into twhisters,
foreground and background. The hardware includesetimajor
modules; memory controller unit, weight-updating itunand
thresholding unit. The modules and their intercatioas are

illustrated in Fig 8.

N weight update
unit

¥
controller
unit

| i

thr

unit

Fig 8: Thresholding block diagram

of these ridges and sets to zero all pixels thanat actually on the
ridge top and give a thin line in the output. Thige detection of an
image is the convolution products of the image Igixgth different

masks which result in the calculation of the hamizb and the
vertical gradient. The two gradients are calculatsithg differences
between adjacent pixels.

Prewitt Edge Detection

One way to find edges is to use the Prewitt kerrElte Prewitt

kernels are based on the idea of the central diffas and give
equal weightage to all pixels when averaging. Tleetical and

horizontal kernel for the prewitt algorithm is given Fig 9.

1 |0 |-l 1 1 1
0
1 |0 |-1 -1 -1 -l

Gx Gy
Fig 9: Prewitt Edge Detector — Horizontal & Verfiarnel.
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These convolutions are applied to the grey-scalegamto get the

horizontal (Gx) and the vertical gradients (Gy).e$& kernels can
then be combined together to find thbsolute magnitude of the

gradient at each point. These kernels are, howesesitive to
noise. The gradiemhagnitude is given by:

|G| =JGx2+Gy 2 ; |G| =|Gx| + |Gy| )
Gradient direction is given as,
O = tan"1( Gy/Gx) 3)

Sobel Edge Detector

The Sobel algorithm provides a differencing as wedl noise
smoothing operation in the single kernel. Thussasensitivity of
first gradient based operations can be avoidedhkyuse of this
algorithm. The Sobel operator only considers the trientations
which are 0 and 90 degrees. The vertical and hotétdernelsfor

the Sobel algorithm are given in Fig 10.

1o |-l 1|2 |1

2 10 |-2 0 [0 |0

1o |-l -L[2 -1
Gx Gy

Fig 10: Sobel Edge Detector — Horizontal & Vertikalnel.

With Sobel operator the lines corresponding to edgecomes
thickens compared with the Roberts Cross and Prewiérator
output due to the increased smoothing of the Sopetator [18].
The FPGA allows implementation of these algorithwith parallel
architecture. The hardware architecture is shovther-ig 11.

Convolving Pixel
With kernels

Vertical
Input R >
pixels Image
Delay
> Line
] Horizontal
v h A
Qutput o | Thresholding - Combining
Pixels Block

Fig 11: Hardware Architecture of edge detectiqgoathm

The architecture consists of four major blocksstHine input pixels
are passed through the Image delay line. Image dieka shifts the
incoming image pixels through line buffers to ceeatdelay line.
Buffer depth depends on the number of pixels inheéame. The
number of buffer lines depends on the size of thavolution

kernel. The pixels are forwarded to the verticat dvorizontal

kernel. The kernel performs convolution operatiothwhe pixels
and the result of which is forwarded to the comtinblock .This
block combines the results of horizontal and vattimonvolution.

The final output of this block is the sum of thesalute values of
the results of horizontal and vertical convolutidime output of the
combining block is the output may consist of somperi®us noise.
By controlling the threshold value in the threshodd block the
effect of noise can be reduced. Finally the oufgixéls are taken
from the Thresholding block.
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VI. MOTION BASED IMAGE ALGORITHMS

A. Sum of Absolute Differences (SAD) Algoritm

The Sum of Absolute Differences (SAD) algorithnaisimple area
base image matching technique for determining aretaiion
between two images [19]. It is used in stereo imggivhere two
cameras are used to image a scene from two difféseations so
that a physical point appears in different locatiam each camera
image. This algorithm compares a window in one ieagth every
possible window in the other image. The relativecepioffset
between a window area and its best match (greateselation)
gives a value of stereo disparity. This is repe&bedvery window
of the initial image, with a greater disparity iodiing that the
object is closer to the cameras. The hardware medjub capture
stereo images can be implemented inexpensivelywatid greater
computational performance by using FPGAkis algorithm can be
formulated as a window-based operator, though saspects must
be considered:

a) The coefficients of the window mask are variablel arew
windows are extracted from the first image to cibmis the
reference block. Once the processing in the seareh has
been completed, the window mask must be replacddanmew
one, and the processing goes on the same wayalintihta is
processed.

The different windows to be correlated are extrcie a
column-based order from the search area to explait
overlapping and sharing. The pixels are broadcastel the
processors to work concurrently.

When the SAD value is processed, data is availabderow format
therefore when blocks are processed verticallyyiptes read data
in

the search area are overlapped for two block sea#dh algorithm
is shown in Fig 12.

The pixel values of the left and right stereo image subtracted,
and the absolute value of these differences isntakhis absolute
value is then summed along each three pixel colanthrow. When
these operations are completed, each PE contans8x8 SAD
values for that disparity. The disparity is thearaased (shift one of
the images across by one pixel), and the operatigpsated. The
disparity that gave the lowest SAD will become thiael’'s value in
the final disparity map. The generated disparityprtfzen gives an
indication of the relative distance of each imageelpfrom the
cameras.

] 41 6 11416
18[9 11819
2 |32 21312
a) b)
R i I
4115[17 — 136«
Tt - -
c) d)

Fig 12: SAD Algorithm a) Left and Right Image Rifences
b) Absolute Value of Left and Right Image Differesc
¢) Column SAD d) Sum of Absolute Differeader a Single
Disparity Level
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B. Background Subtraction Algorithm VII.CONCLUSION

Background subtraction is the most used algoritomdetecting A number of image processing algorithms have bésgudsed such
motion in images. The main target of motion detecfrocess is to as generic convolution, filtering, gray-level imageorphology,

segment the foreground pixels that belong to theimgoobjects matrix multiplication, Gaussian filtering, etc. Theage processing
[20] .To achieve this there are several approadbes(a) the algorithms are inherently parallel and are ofteplemented with

background subtraction, (b) the temporal difference two |ong sequences of basic operations. The high pedbces of
successive frames and (c) the optical flow. Thekgeound image processing algorithms have been achievednpieimenting

subtraction approach detects the moving regionsufyracting the them on FPGAs. The performance comparison withroghesting

current frame (pixel by pixel) from a reference geacalled conventional architectures confirms the promisidgamtages of the
background. On the other hand, the second apprieastthe same FPGA-based approaches, which combine the flexitdedware

principle of the background subtraction method, ibuthis case the design with high parallelism. It is a convenieratfdrm to develop
reference image is the previous frame instead efttackground and accelerate image processing applications umedal-time

method. The third method is based on the factttigabbject motion constraints. The platform has proven to be capableandling a

information is contained in the brightness chargfébe image. large amount of data with low area utilization, ienefit from

The three described methods have good performasicenétion parallelism as well as to attain a higher datasfinusing a reduced
detection problem, however, optical flow is a vecpmplex bus bandwidth. The execution time and maximum feegy of

algorithm (it is necessary to store more than onage), requiring operation of the hardware for the image procesalggrithms on a
high memory resources. On the other hand, the backd 256x256 size grayscale image is shown in Tablel2 [Phe table

subtraction and the temporal difference are lowt @gorithms. also compares the execution time and frequencypefation with

However, temporal difference has problems for détgcthe that of the software implementation in C language.

object’s shape. Therefore, a background subtradiased motion

detection system has low computational cost, higifiopmance.
In background subtraction method firstly, each imma§sequence is
subtracted from background. Then the resulting en&gm the

Table 2: Timing Result edge detection algorithn266 x 256 gray
scale images

subtraction is segmented in order to produce arpiimage that Image Processing Xilinix Vertex E Pentium IlI
represents the moving regions on the image. Mattieatlg, the Algorithm FPGA @ 1300 MHz
background subtraction algorithm can be definedheyfollowing Freq Time Freq | Time
equation (4) [MHZz] [ms] | [MHz] | [ms]
Median Filter, 25.9 2.56 - 51
iy, ) = { 1if [f(x,y,t) = BxY) | >T 4 @) Morphological
0 otherwise Operation
) . o Convolution 25.9 2.62 - 31
Where Td is a predetermined threshold, f(x, ystam image taken Operation
at time t and B(x, y) is the reference image (azkigaound). In the Smoothing 42.03 158 - 16
dynamic image analysis, all pixels in the motioraga d(x, vy, t) method
with value “1” are considered as moving objectthim scene.
Edge Detection 16 4.2 - a7
IDRINETIE o o o o e 1 e I
Frame | [ . \ - N\ The speed of our FPGA solution for the image preiogs
T Convolution Backgromnd s| Scomentati ! algorithms is approximately 15 times faster thae #oftware
—L 5 El Subtraoti bepuatitin | | : - -
i i ) L ) | imsge implementation. While FPGAs are excellent for sarses, such as
Backgromnd a large number of image processing applications, there are

difficulties in using more complex mathematics fdedicated
applications. So a lot of research needs to be donhis field to
provide the optimal designd-urthermore, the most demanding
operation of image processing chain is the imaljerifig, which
makes a strong use of the convolution operatioe. Main problem
in implementing convolution is speed, area and pow&everal
FPGA design approaches have reduced power, hardesoarces

The background subtraction algorithm is implemensdter the and area significa.ntly_. Still the hig.her Ie\{el taijues are needed
filtering stage. The filter is applied to both mt frame and and future work will aim at further improving thesign and trade-

background images and consists of a low-pass.fittéter this, the ©ff between various parameters.
filtered current frame is subtracted from the fitte background; the

absolute value of resulting pixels is calculatedhe the output

image is segmented in order to generate a binapgémwhere  [1]
pixels tagged with “1” belong to the moving objead pixels
tagged with “0” belong to background. After thatetkerosion
operation is performed in order to eliminate najs@erated by the
segmentation operation and the resulting imagehf $tage is
displayed on an LCD. This approach is shown in1=8g (3]

f [ Object’s
! Center

: Calculation

|

|

I
I
Motion Detection I
I

™
g’

Fig 13: Motion detection architectutre by backgrdwsubtraction
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