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ABSTRACT

Edge detection is one of the key stages in imagegssing and object recognition.
Canny edge detector treats edge detection as al gigvcessing problem to design an optimal
edge detector and has been widely used for edgetirt. The objective of the project is to
present a distributed Canny edge detection algorithich results in significantly reduced
memory requirements, decreased latency with no losgedge detection performance as
compared to the conventional Canny algorithm. Téne algorithm uses a low-complexity 8-bin
non-uniform gradient magnitude histogram to complbek-based hysteresis thresholds that are
used by the Canny edge detector. FPGA-based hardwehitecture of our proposed algorithm
is presented in this project and the architectsresyinthesized on the Xilinx FPGA family.
Experimental results are also given to show thieieffcy of the proposed method.
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CHAPTER 1
INTRODUCTION

11. DIGITAL IMAGE PROCESSING

Digital image processing is an ever expanding aywhrhic area with applications
reaching out into our everyday life such as in roedi space exploration, surveillance,
authentication, automated industry inspection amdmiany more areas. Modem image
processing applications demonstrate an increasergadd for computational power and
memory space. This stems from the fact that imaglevideo resolutions have multiplied in
the past few years, especially after the introductof high definition video and high
resolution digital cameras. Therefore there is ednfer image processing implementations
that can perform demanding computations on subataamounts of data, with high

throughput, and often need to meet real-time requémts.

1.2 PROJECT GOAL

The ultimate goal of this project is to detect éuigies of the image in a better manner.
This project uses block based method for deteatiren smaller edges in definite manner.
Also the FPGA implementation of the proposed atpaniis presented which is necessary for
real time applications.

1.3 SOFTWARE USED

+ MATLAB 2009a
* Modelsim
*  Xilinx ISE 8.1i

Ptolemy provides software synthesis from models.il&Vthis type of system may be a
dominant design platform in the future, it is stihder much development, meaning that it
may not be a viable design choice for some timelisdussion on the various viable options

for DSP system design is found below

2.21PCDIGITAL SIGNAL PROCESSING PROGRAMS

Signal processing programs used on a PC allowafoidrdevelopment of algorithms,
as well as equally rapid debug and test capabilitle is common for many hardware
designers to use some sort of PC programming emwieot to implement a design to verify
functionality prior to a lengthy hardware design.

MATLAB is such an environment. Although it was desh for manipulating matrices
in general, it is well suited to some image procesapplications. MATLAB treats an image
as a matrix, allowing a designer to develop optidiznatrix operations implementing an
algorithm. However, if the eventual goal is a haadsvdevice, the algorithms are instead
often written to operate similarly to the proposeddware system, which results in an even
slower algorithm. Systems such as ID and its gmghtomponent ENVI are more
specifically geared to image processing applicatioand include many pre-written
algorithms commonly used to process images.

However, even specialized image processing programsing on PCs cannot
adequately process large amounts of high-resolstiaming data, since PC processors are

made to be for general use. Further optimizatiostrrake place on a hardware device

2.2.2 APPLICATION SPECIFIC INTEGRATED CIRCUITS

Application Specific Integrated Circuits (ASICs)present a technology in which
engineers create a fixed hardware design usingriatyaf tools. Once a design has been
programmed onto an ASIC, it cannot be changed.eSihese chips represent true, custom
hardware, highly optimized, parallel algorithms aessible. However, except in high-
volume commercial applications, ASICs are oftensidered too costly for many designs. In
addition, if an error exists in the hardware desagml is not discovered before product

shipment, it cannot be corrected without a verylggsoduct recall.

CHAPTER 2
LITERATURE REVIEW

2.1EDGE DETECTION

Image edge is a fundamental feature of image, whittains abundant internal
information, such as direction, step charactesstihape and etc, so it has been widely used
in image segmentation, image categorization, inmagsstration, and pattern recognition. The
edge mostly exists between object and object, blsjed background, area and area. Edge
detection is considered as an important researcthisfdomain and a huge amount of
researches has been conducted, typical the fidgr atifferential operator such as Roberts
operator, Prewitt operator, and Sobel operatorssednd order differential operator such as
Laplace operator and LOG operator.

Edge detection serves as a pre-processing stepaioy image processing algorithms
such as image enhancement, image segmentatiorkingaand image/video coding.
Typically, edge detection algorithms are implemdnising software. With advances in Very
Large Scale Integration (VLSI) technology, theirdware implementation has become an
attractive alternative, especially for real-timgkgations.

2.2PLATFORM SUSED FOR DSP DESIGN

There are several different choices a designemifien implementing a DSP system
of any sort. Hardware, of course, offers much grespeed than a software implementation,
but one must consider the increase in developmiem inherent in creating a hardware
design. Most software designers are familiar withbGt in order to develop a hardware
system, one must either learn a hardware desigiuéaye such as VHDL or Verilog, or use a
software-to-hardware conversion scheme, such amar@g-C, which converts C code to
VHDL, or MATCH , which converts MATLAB code to VHDL

While the goals of such conversion schemes arerabli®, they are currently in
development and surely not suited to high speedicapions such as video processing.

Ptolemy is a system that allows modelling, desimi simulation of embedded systems.

2.2.3DEDICATED DIGITAL SIGNAL PROCESSORS

Digital Signal Processors (DSPs) such as thosdadaifrom Texas Instruments are a
class of hardware devices that fall somewhere miwan ASIC and a PC in terms of
performance and design complexity. They can berpromed with either assembly code or
the C programming language, which is one of théfquim's distinct advantages. Hardware
design knowledge is still required, but the leagnaurve is significantly lower than some
other design choices, since many engineers havel&dge of C prior to exposure to DSP
systems. However, algorithms designed for a DSmatabe highly parallel without using
multiple DSPs. Algorithm performance is certainigtter than on a PC, but in some cases,
ASIC or FPGA systems are the only choice for agfesstill, DSPs are a very common and

efficient method of processing real-time data.

One area where DSPs are particularly useful isdé=gn of floating point systems.
On ASICs and FPGAs, floating-point operations ather difficult to implement. For the
scope of this project, this is not an issue becallsmages consist of only integer data.

Recent advances in DSP technology have resultedeip high-speed algorithm
implementations. While the advantages of ASICs BRGAs are still applicable, this new
generation of DSPs has made some engineers reeo$GA development. Still, as new
DSPs arrive to the market, so do new FPGAs, aril éixpected that the two architectures
will have similarly increasing performance for easw generation of processors.

2.24FIELD PROGRAMMABLE GATE ARRAYS

Field Programmable Gate Arrays (FPGAs) represecbnfigurable computing
technology, which is in some ways ideally suited fodeo processing. Reconfigurable
computers are processors which can be programnitdandesign, and then reprogrammed

(or reconfigured) with virtually limitless desigas the designer’s needs change.

FPGAs generally consist of a system of logic bloglsually look up tables and flip-
flops) and some amount of Random Access Memory (RAM wired together using a vast
array of interconnects. All of the logic in an FP@An be rewired, or reconfigured, with a
different design as often as the designer likess fjipe of architecture allows a large variety



of logic designs dependent on the processor’s ress)) which can be interchanged for a

new design as soon as the device can be reprogmme

Today, FPGAs can be developed to implement pamddisign methodology, which is
not possible in dedicated DSP designs. ASIC desigthods can be used for FPGA design,
allowing the designer to implement designs at d¢mtel. However, usually engineers use a
hardware language such as VHDL or Verilog, whidbves for a design methodology similar
to software design. This software view of hardwaesign allows for a lower overall support

cost and design abstraction.

2.3 FPGA DESIGN OPTIONS

In order to create an FPGA design, a designer basral options for algorithm
implementation. While gate-level design can resutiptimized designs, the learning curve is
considered prohibitory for most engineers, andkihewledge is not portable across FPGA
architectures. The following text discusses sevéigh-level hardware design languages
(HDLs) in which FPGA algorithms may be designed

2.31VERILOG HDL

Originally intended as a simulation language, \YgriHDL represents a formerly
proprietary hardware design language. Currentlyild@rcan be used for synthesis of
hardware designs and is supported in a wide vaoiespftware tools. It is similar to the other
HDLs, but its adoption rate is decreasing in favoiuthe more open standard of VHDL. Still,
many designers favour Verilog over VHDL for hardeadesign, and some design
departments use only Verilog. Therefore, as a hareesigner, it is important to at least be
aware of Verilog

2.3.2 ALTERA HARDWARE DESIGN LANGUAGE

Altera Hardware Design Language (AHDL) is propnigfaand is only supported in
Altera-specific development tools. This may be sesna drawback, but since AHDL is
proprietary, its use can also result in more efficihardware design, when code portability is

not an issue. In typical design environments, diffé FPGA architectures are used for

more engineers are learning VHDL than Verilog, vahis another compelling reason for its

use in this project.

The design flow for this project is representedFigure 1.5.1. This shows the
interaction between the VHDL design environment #irel FPGA-specific tools. In the first
state, a design is created in VHDL. Next, the ced®/ntax is verified and the design is
synthesized, or compiled, into a library. The desig next simulated to check its
functionality. Stimulating the signals in the designd viewing the output waveforms in the

VHDL simulator allows the designer to determinepg@ofunctionality of the design.

Next, the design is processed with vendor-spepifice-and-route tools and mapped
onto a specific FPGA in software. This allows thegieeer to view a floor plan and
hierarchical view of the design, which can helpifyérg a proper mapping procedure. Next,
the design is verified for proper functionality @nagain. This step is important because it
assures that the design is correct in its transidtom VHDL to gate level. If this is found to
be correct, the design can then be programmedtbetspecified FPGA

Create Design
Create Design (VHDL)
i (MATLAB)
§ Eeer Proc. Code
VEDL Image
. Code . Data filg MATLAB/VHDL MATLAB
Design Synthesis Design Simulation ata Conparison A Processig
DesgaMemsty —y Emor Processed
VHDL Image Tmage
‘ Place maRowe | 0% Vestication Data fle MATLA.B_N[-I]B)]. Matrix

Figure 2.1: Hardware Design Flow

2.5 FIELD PROGRAMMABLE GATE ARRAYS (FPGAS)

A Field Programmable Gate Array (FPGA) as name ssiggis a programmable

device in which the final logic structure can beedily configured by the end user for a

different designs, meaning that time spent leardlfpL may be wasted if a Xilinx FPGA is

later chosen.
2.3.3VHSIC HARDWARE DESIGN LANGUAGE

In recent years, VHSIC (Very High Speed Integratidcuit) Hardware Design
Language (VHDL) has become a sort of industry steshdor high-level hardware design.
Since it is an open IEEE standard, it is suppobga large variety of design tools and is
quite interchangeable (when used generically) betwdifferent vendors’ tools. It also
supports inclusion of technology-specific modulesrhost efficient synthesis to FPGAs.

The first version of VHDL, |IEEE 1076-87, appearadl®87 and has since undergone
an update in 1993, appropriately titled IEEE 103649 is a high-level language similar to
the computer programming language Ada, which iended to support the design,

verification, synthesis and testing of hardwaregtes
2.4 DESIGN APPROACH

Prior to any hardware design, the author choser¢ate software versions of the
algorithms in MATLAB. Using MATLAB procedural routes to operate on images
represented as matrix data, these software algwsithere designed to resemble the hardware
algorithms as closely as possible. While a hardwaystem and a matrix-manipulating
software program are fundamentally different, tleay produce identical results, provided
that care is taken in development. This approach taken because it speeds understanding
of the algorithm design. In addition, this approéatilitates comparison of the software and
synthesized hardware algorithm outputs, allowingited error calculations.

This project was targeted for FPGA systems for teasons. One, the author had
some previous experience in FPGA implementationsidgo processing algorithms. Two,
FPGAs represent a new direction for DSP systend,tlere is much original work to be

done in terms of optimized algorithms for this tyfesystem.

VHDL was chosen as a target design language beaHuseniliarity and its wide-
ranging support, both in terms of software develepntools and vendor support. Today,

variety of applications. In its simplest form anG# consists of an array of uncommitted
elements that can be programmed or interconnecteat@ing to a user’s specification. The
ability to reprogram these devices over and oveiragf the flexibility of interconnection

resources makes FPGAs an ideal device for impleing#t testing ASIC prototypes. The
Figure 2.1 portrays the architecture of a conceB&A.
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Figure 2.2: FPGA Architecture

The most important components in an FPGA are cordigle logic blocks (CLB's),
input-output blocks and programmable switches. @hghitecture has a two dimensional
array of CLBs that are by general interconnecti&sources. These CLBs can be as simple as
2-input NAND gates or it can have a complex strretsuch as multiplexers or look-up
tables.

Most logic blocks also contain some type of flijpp, to aid in the implementation of
sequential circuits. The interconnect consistsegfnsents of wire, where the segments may
be of various lengths. These interconnects are mpdeogrammable switches that serve to
connect the CLBs to the wire segments, or one segment to another. The wire segments



along with programmable switches are together wiadouting architecture. Similar to the

logic blocks, these switches can be designed inymays.

Some FPGAs offer a large number of simple connestleetween blocks where as
others provide fewer, but complex routes. The mognable switches can be constructed in
several ways including: pan-transistors controligdstatic RAM cells, antifuses, EPROM
transistors and EEPROM transistors. Commerciall&/&8 have been classified into four-
major categories based on their interconnectiore ifterconnection can be symmetrical
array, row based, hierarchical, or sea of gatetleTa.1 shows commercially available
FPGA's.

. . Programming
Company Architecture Logic Block Type
Technology
Actel Row-Based Multiplexer-Based | Anti- fuse
Altera Hierarchical-PLD PLD Block EPROM
Quick Logic Symmetrical Array | Multiplexer-Based | Anti- fuse
Xilinx Symmetrical Array | Look-up Table Static RAM

Table 2.1 Summary of Four Commercial FPGAs

2.6 BLOCK SELECT RAM (BRAMYS)

Block Select RAM (BRAMSs) are dedicated blocks ofmaey that can store large
amounts of data. Each memory block is four CLBshhimd is organized into memory
columns stretching the entire height of the chiper® is one such memory column between
every twelve CLB columns. The block Select RAM aiscludes dedicated routing to
provide an efficient interface with both CLBs arttier block Select RAM Each Block Select
RAM is a fully synchronous dual-ported and canes#096 bits.

CHAPTER 3
EXISTING METHOD

A lot of edge detection algorithms, such as RoHetector, Prewitt detector, Kirsch
detector, Gauss-Laplace detector and Canny detéetee been proposed. Among these
algorithms, Canny algorithm has been used widelshénfield of image processing because

of its good performance.

3.1 CANNY EDGE DETECTION ALGORITHM

The Canny edge detector is predominantly used inymeal-world applications due
to its ability to extract significant edges with agb detection and good localization
performance. Unfortunately, the Canny edge detectidgorithm contains extensive
pre-processing and post-processing steps and is pmmputationally complex than other
edge detection algorithms, such as Roberts, Prewit Sobel algorithms. Furthermore, it
performs hysteresis thresholding which requiresmating high and low thresholds based on
the entire image statistics. This places heavyirements on memory and results in large
latency hindering real-time implementation of then@y edge detection algorithm.

The Canny edge detection algorithm is consideratiamdard method” and is used by
many researchers, because it provides very shatphamedges. The Canny operator works
in a multi-stage process. Canny edge detection lires filtering with a Gaussian kernel to
smooth noise and then computes the edge strengthdimection for each pixel in the
smoothed image. This is done by differentiating ithege in two orthogonal directions and

computing the gradient magnitude as the root susgoéres of the derivatives.

The gradient direction is computed using the ageeanhof the ratio of the derivatives.
Candidate edge pixels are identified as the pitteds survive a thinning process called non-
maximal suppression. In this process, the edgegttieof each candidate edge pixel is set to
zero if its edge strength is not larger than thgeestrength of the two adjacent pixels in the
gradient direction.

Thresholding is then done on the thinned edge madmiimage using hysteresis. In
hysteresis, two edge strength thresholds are #dedandidate edge pixel values below the
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Each port has independent control signals so tiattwo ports can be configured
independently. The width of each addressable locatian vary from 1 to 16 bits. For
example, if each location is 16-bits wide, therr¢heill be 256 such locations within one
Block Select RAM memory. The dual-port Block SelB#M is used our implementation to
store image data.

2.7 OPTIMIZATION TECHNIQUES

Each of the logic gates in the circuit has delagoemted with it as the inputs
propagates through the outputs. Optimization isrtizén part while modelling hardware to
reduce the propagation delay and to exploit pdisite and pipelining. The following
techniques are followed in this work for hardwamgplementation of the image processing
algorithms.

2.7.1 PARALLELISM

Exploiting the potential parallelism of the prograand then run different
non-conflicting operations at the same clock cyleacquire speed up. On FPGA’s by
designing specific hardware many operations caruben parallel, significant speed up can
be obtain. This is the main reason why applicatiorFPGA can sometimes run faster than
the software version even though the FPGA hardwaret much slower clock speed.

2.7.2 PIPELINING

Pipelining is an implementation technique wherehyjtiple tasks are overlapped in
execution. Ideally next task is started after ewdogk cycle. When the pipeline is full, the
throughput will be a task per cycle in regardlebfaw many cycles it takes for the task to
finish.

10

lower threshold are labelled as non-edges, angikeds values above the high threshold are
considered as definite edges. All pixels above threshold that can be connected to any

pixel above the high threshold through a chairl@elled as edge pixels

Some approaches have been proposed for real-tige @etection. Alzahrani and
Chen present an absolute different mask (ADM) etigfection algorithm and its pipelined
VLS| architecture for real-time application. Butettedge detector in offers a trade-off
between precision, cost and speed, and its cajyatulidetect edges is not as good as the
Canny algorithm.

There is another set of work on Deriche filters thave been derived using Canny's
criteria. For instance, it was stated in that &vpek with four transputers takes 6s to detect
edges in a 256 x 256 image using the Canny- Deejwrithm, far from the requirement for
real-time applications.

The approach of operates on two rows of pixels tne. This reduces the memory
requirement at the expense of a decrease in thaghput. Furthermore, it is known that the
original Canny edge detection algorithm needs tdapéive image-dependent high and low
thresholds to remove false edges. However, theritligo in just fixes high and low
thresholds in order to overcome the dependency dmetwthe blocks, which results in

decreased edge detection performance.

3.1.1PRINCIPLE OF CANNY ALGORITHM
The canny algorithm consists of three criteriothef edge detection algorithm.
1) Thecriterion of SNR
The larger of the SNR, the higher quality of theeddon edge. The SNR is defined as
follow:

(3.1)
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Where, theG(x) represents the edge functidm(x) represents the impulse
response of the filter of width is . represents the mean square deviation of the

Gaussian noise.

2) Thecriterion of positioning accuracy
The positioning accuracy of the edge is definefib Bsw:

“; G (=x) (=x)dx,

L=

(3.2)

Where theG' (X) andh' (x) respectively is the derivative of tk&x) andh(x) ,
the larger of the positioning accuracy, the reisuitetter.

3) Thecriterion of the singleness edge response
To ensure the edge only have one response, thagavdistance D(f ') ) of
the zero-crossing point of the derivative of theirise response of the edge detection
algorithm. TheD( f ') should meet the follow formula:

) { fmh'z(x)d\‘
D )=mi———

= (x)dx
S (3.3)

Where,h" (x) is the second derivative bfx).
3.2ALGORITHM FLOW
Canny developed an approach to derive an optimgé etbtector based on three
criteria related to the detection performance. fifuelel was based on a step edge corrupted

by additive white Gaussian noise. A block diagraithe Canny edge detection algorithm is
shown in Fig. 3.1.
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In 2-D, a circularly symmetric Gaussian has therfor

Gx,y) = _]Jl

e

(3:5)

The idea of Gaussian convolution is to use this @ifdribution as a point spread
function, and this is achieved by convolution. ®irtbe image is stored as a collection of
discrete pixels. A discrete approximation to theu§san function is required to perform the

convolution.

In theory, the Gaussian distribution is non-zerergwhere, which would require an
infinitely large convolution kernel, but in pracgidgt is effectively zero more than about three
standard deviations from the mean, and so coneoilkernel is truncated. The convolution
kernel of standard deviation(s) 1.4 is used foratimag in this thesis as shown in Figure 3.2.

5x5 Gaussian Smooth Filter o=1.4

Figure 3.2: 5x5 Gaussian convolution mask

The effect of Gaussian convolution is to blur arag®. The degree of smoothing is
determined by the standard deviation of the Ganssia
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Figure 3.1 Schematic of canny edge detection

The original Canny algorithm consists of the follow steps:

1. Smoothing the input image by Gaussian mask. Theubsmoothed image is denoted
as 1(%, y).

2. Calculating the horizontal gradient Gx(x, y) andtieal gradient Gy(x, y) at each
pixel location by convolving the image I(x, y) withartial derivatives of a 2D
Gaussian function.

3. Computing the gradient magnitude G(x, y) and dieecbG(x, y) at each pixel
location.

4. Applying non-maximum suppression (NMS) to thin eslge

5. Computing the hysteresis high and low thresholdsetbaon the histogram of the
magnitudes of the gradients of the entire image.

6. Performing hysteresis thresholding to determinesthge map.

3.21SMOOTHING

In the first stage the 5x5 Gaussian convolutionknssised for smoothing. The effect
of Gaussian convolution is to blur an image. Thgrele of smoothing is determined by the
standard deviation of the Gaussian.

The Gaussian distribution in 1-D has the form:

G(x) = ,L e
JIno (3.4)

Whereo is the standard deviation of the distribution.
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3.2.2 GRADIENT CALCULATION

After smoothing the image and eliminating the noike next step is to find the edge
strength by taking the gradient of the image. Medge detection methods work on the
assumption that an edge occurs where there iscardisuity in the intensity function or a
very steep intensity gradient in the image as shiowigure 3.3.

Most edge-detecting operators can be thought gfadient-calculators. Because the
gradient is a continuous-function concept and imagee discrete functions, we have to
approximate it. Since derivatives are linear anit-sinvariant, gradient calculation is most
often done using convolution. Numerous kernels Heen proposed for finding edges, some
of the kernels are: Roberts Kernel, Kirsch Compgg&ssel, Prewitt Kernel, Sobel Kernel,
and many others.

i H
ﬁ‘-' :,. Profile of a
e horizontal
H H line
i i
: H
i
H H First
. : derivative
i H H H

Figure 3.3: Gradient of image

The Prewitt kernels are based on the simple idethefcentral difference between
rows for horizontal gradient and difference betweelumns for vertical gradient

16



a N Ix+L»-I(x-1Ly)

"
2

9.1

(3.6)
and

-

3.7)

The following convolution masks are derived fronuatpns.

0 0 0
-1 0 1
0 0 0

Fig 3.4 Horizontal Convolution

0 -1 0
0 0 o]
0 1 0

Fig 3.5 Vertical Convolution

These convolutions are used for calculating thézbatal and vertical gradients.
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Figure 3.6Gradient Orientation

3.24NON-MAXIMUM SUPPRESSION

With the magnitude and direction obtained from pes stage one can apply the
thresholding operation in the gradient-based metimatend up with ridges of edge pixel. To
get rid of ridges, the edge strength of each catdig@dge pixel is set to zero if its edge
strength is not larger than the edge strength efttho adjacent pixels in the gradient
direction. This is called thinning process.

Once the direction of the gradient is known, théues of the pixels found in the
neighbourhood of the pixel under analysis are pukted. The pixel that has no local
maximum gradient magnitude is eliminated. The caispa is made between the actual
pixel and its neighbours, along the direction & gradient. For example, if the approximate
direction of the gradient is between 00 and 456, iitagnitude of the gradient BK,y is
compared with the magnitude of the gradient atcajapoints as shown in Figure 3.7.
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3.23MAGNITUDE AND PHASE

Convolution of the image with horizontal and veatigradients produces horizontal
gradient (dx) and vertical gradient (dy) respedjive

The absolute gradient magnitude (|G|) is calculéedhe mean square root of the
horizontal (dx) and vertical (dy) gradients.

That is,

|G| =V(dx"2 + dy*2) 3.8)

To reduce the computational cost of magnitudes, dtfien approximated with absolute
sum of the horizontal and vertical gradients

(1G[=ldx] +]dy[) (3.9)

The direction of the gradient () is calculatedabgtangent of the vertical gradient to the
horizontal gradient

6 = arctan( dy / dx) (3.10)

Since arctangent is a very complex function and edsjuires floating point numbers,
it is very difficult to implement such functions &PGA. Instead, the value and sign of the
components of the gradient is analyzed to calcukeelirection of the gradient. If the current
pixel is Px,y and the values of the derivativethat pixel are dx and dy, the direction of the

gradient at P can be approximated to one of thmseshown in the Figure 3.6.
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Figure 3.7 Pixel Interpolation

Where
Pry= [dxxy] + [dyy|

The values of the gradient at the point Pa andr@llefined as follows:

B=

By +Be
%,whm’ Ruya = | ey |+ dwyr | and Boy = | iy |+ diseny |

(3.11)

Praya +Prya

B

_where Poagm= | dxx--lj-l |+] dy, Al |and P, = \d’fx.; al+ ﬂf";._\-l |

3.12)

The centre pixePx,yis considered as an edge xify a p>p andx, y b p>p . If neither
condition is not satisfied then the centre pixedliminated.

325 THRESHOLD

The output image of non-maximum suppression stagg consist of broken edge
contours, single edge points which contribute tdseo This can be eliminated by
thresholding withhysteresisTwo thresholds are considered for hysteresis,higtethreshold
other low threshold.
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If any edge response is above a high threshoddetipixels constitute definite edge
output of the detector for a particular scale. Vidiial weak responses usually correspond to
noise, but if these points are connected to artg@pixels with high threshold, they are more
likely to be actual edges in the image. Such caweaegixels are treated as edge pixels if their
response is above a low threshold.

To get thin edges two thresholds (high threshold)(@nd low threshold (TL)) are
used. If the gradient of the edge pixel is aboeeTH, it is considered as an edge pixel. If the
gradient of the edge pixel is below TL then it icanditionally set to zero. If the gradient is
between these two, then it is set to zero unles®tis a path from this pixel to a pixel with a
gradient above TH ; the path must be entirely thhopixels with gradients of at least TL.

3.3RESULT OF EXSITING ALGORITHM

Fig 3.8 Original Lena Image Fig 3.9 Canny Edggeotion Image
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It was observed that the largest peak in the gnadimgnitude histograms after NMS
of the Gaussian smoothed natural images occurs theaorigin and corresponds to low-
frequency content, while edge pixels form a sedéssmaller peaks where each peak
corresponds to a class of edges having similarigmadagnitudes.

Consequently, the high threshold should be selewtéateen the largest peak and the
second largest edge peak. A sample gradient maignitistogram is shown in Fig. 4.2 for the
512x512 Lena image (Fig.4.1). Based on the abogerehtion, we propose a non-uniform
quantizer to discretize the gradient magnitudeolgistim. Specifically, the quantizer needs to
have more quantization levels in the region betwtberiargest peak A and the second largest
peak B and few quantization levels in other pdfig.4. 3 shows the schematic diagram of
the designed quantizer. Accordingly, n reconsteuctevels can be computed as follows:

R1 = (min + max)/2 4.1)
Ri+1=(min +Ri)/2, i=2,..,n 4.2)

Where min and max represent, respectively, therminm and maximum values of the
gradient magnitude after NMS, and Ri is the reaoiesibn level.

The proposed distributed thresholds selection alyaris shown in below. Let Gt be
the set of pixels with gradient magnitudes greatean a threshold t, and let NGt
fort = 2, 4, 6, be the number of correspondinglgnet elements in the set Gt. Using NGt, an
intermediate classification threshold C is calcedato indicate whether the considered block
is high-detailed, moderately edged, blurred orueed. Consequently, the set Gt = Gt=c can
be selected for computing the high and low thregghol

The high threshold is calculated based on the dniato of the set Ge such that 20% of
the total pixels of the block would be identifiesl strong edges. The lower threshold is the
40% percentage of the higher threshold as in tlggnat Canny algorithm. We compared the
high threshold value that is calculated using theppsed distributed algorithm based on an
8-bin non-uniform gradient magnitude histogram witfe value obtained when using a
16-bin non-uniform gradient magnitude histogram.

These two high thresholds have similar values. &fee, we use the 8-bin non-
uniform gradient magnitude histogram in our impletagion.
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CHAPTER 4
DISTRIBUTED CANNY EDGE DETECTION ALGORITHM

4.1 ALGORITHM DESCRIPTION

The Canny edge detection algorithm operates omwtiee image and has a latency
that is proportional to the size of the image. Wligkrforming the original Canny algorithm
at the block-level would speed up the operatianspuld result in loss of significant edges in
high-detailed regions and excessive edges in texegions. Natural images consist of a mix
of smooth regions, texture regions and high-dedaigyions and such a mix of regions may
not be available locally in every block of the emtimage. We proposed a distributed Canny
edge detection algorithm, which removes the intedEpendency between the various
blocks so that the image can be divided into bloakd each block can be processed in
parallel

The input image is divided into mxm overlappingdiis. The adjacent blocks overlap
by (L - 1)/2 pixels for a L x L gradient mask. Hovee, for each block, only edges in the
central n x n (where n = m + L — 1) non-overlappiegion are included in the final edge
map. Steps 1 to 4 and Step 6 of the distributednZaigorithm are the same as in the
original Canny algorithm except that these are applied at the block level.

Step 5, which is the hysteresis high and low thskeishcalculation, is modified to
enable parallel processing. In [4], a parallel &gesis thresholding algorithm was proposed
based on the observation that a pixel with a gradieagnitude of 2, 4 and 6 corresponds to

blurred edges, psycho visually significant edgeb\ary sharp edges, respectively.

In order to compute the high and low hysteresissholds, very finely and uniformly
quantized 64-bin gradient magnitude histogramscareputed over overlapped blocks. If the
64-bin uniform discrete histogram is used for thghhthreshold calculation, this entails
performing 64 multiplications and 64*Np comparisomehere Np is the total number of
pixels in an image. Therefore, it is necessaryirtd & good way to reduce the complexity of
the histogram computation.
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Fig 4.1 Histogram of the gradient magnitude after-maximal suppression of the Lena
image.
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Fig 4.2 Reconstruction values and quantizationléewein and max represent, respectively,
the minimum and maximum values of the gradient ritede after NMS

42 THRESHOLD SELECTION SCHEME

Pseudo-code for the proposed distributed threstelittion scheme is given as

Let Gt: set of pixels with gradient magnitude geeahan a threshold t.
Ne4: number of elements in the set Gt
Step 1 Determine Gfort=2, 4, and 6 and &fort =2, 4.
Step 21f (Nes > 0.25 Total_block_pels)

C=6 /* High-detailed */
Else if ((Ns4> 0.05 Total_block_pels

C=4 /* moderately-edged */
Else if ((Ns2 < 0.25 Total_block_pels

Cc=2 [*blurred */

Else

Exit; /* textured */

Step 3 Compute the normalized histogram afG and the corresponding
cumulative distribution functioR(Gt=C).

Step 4 Compute High thresholaisF(High threshold)= 0.8

Step 5 Compute Low threshold 0.4*High threshold
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For a 3x3 moving window two FIFO buffers are usEde size of the FIFO buffer is
given as W-3, where W is the width of the image.aEoess all the values of the window for
every clock cycle the two FIFO buffers must be.feibure 5.1 shows the architecture of the
3x3 moving window. For every clock cycle, a pixeréad from the RAM and placed into the

bottom left corner location of the window.

FIFO 1 D wl

w21 [ w22 | w23

%)

wi3

w31 | w32 | w33

Fig 5.1 Architecture of 3x3 moving window

The contents of the window are shifted to the rigith the rightmost member being
added to the tail of the FIFO. The top right piieldisposed after the computation on the
pixels is completed, since it is not used in futtmenputation.

Similarly for a 5x5 window operation four FIFO bef§ are used, Each FIFO size is
W-5, where W is width of the image. To access thlies in the moving window in every
clock cycle the four FIFO buffers must be full. &ig 5.2 shows the architecture of 5x5
moving window. For every clock cycle, a pixel refeain the RAM is placed into the bottom
left corner location of the window. The contentsiué window are shifted to the right, with
the rightmost member being added to the tail of RHeO. The top right pixel is disposed
after the computation of the pixels is computed.
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CHAPTER5
HARDWARE IMPLEMENTATION

In this section, we describe the hardware impleat@mt of our proposed distributed
Canny edge detection algorithm on the Xilinx Spa2& FPGA (XC5VSX240T).

First the implementation of the moving window operavhich form the basis of the

proposed algorithm is explained

5.1 MOVING WINDOW OPERATOR

The algorithms implemented in this work use the imgpwvindow operator. The
moving window operator usually process one pixehefimage at a time, changing its value
by some function of a local region of pixels (caeby the window). The operator moves
over the image to process all the pixels in thegendn this section a 3x3 moving window
used for the median filtering, morphological angedetection algorithms and a 5x5 moving
window used in Gaussian smoothing filter operatiosmexplained.

For the pipelined implementation of image processilyorithms all the pixels in the
moving window operator must be accessed at the sameefor every clock. In order to
access all the pixels in a moving window systeufiesign was devised that took advantage of
certain features of FPGAs. The First In First OLE(®) buffers are used to create the effect

of moving an entire window of pixels through themuey for every clock cycle.

A FIFO consists of a block of memory and a congrothat manages the traffic of
data to and from the FIFO. The FIFO’s are implereenising circular buffers constructed
from multiport block RAM with an index keeping tkaof the front item in the buffer. The
availability of multi-port block RAM in the Xilinx\Vertex-E FPGA helps in achieving the
read and write operations of the RAM in the sameelckcycle. This allows a throughput of
one pixel per clock cycle. The same effect can tieiexed using double-width RAMs
implemented in lookup tables on the FPGA. Howevke use of block RAMs is more

efficient and has less associated logic for readimgywriting.
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Figure 5.2: Architecture of 5x5 moving window

5.2. ARCHITECTURE OVERVIEW

FPGA

Fig 5.3 The architecture of the proposed distriduanny algorithm
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Depending on the available FPGA resources, theenmegds to be partitioned into g
sub-images and each sub-image is further divided m mxm blocks. The proposed
architecture, shown in Fig. 5.3, consists of q pssing units in the FPGA and some Static
RAMs (SRAM) organized into g memory banks to sttre image data, where g equals to
the image size divided by the SRAM size

% Ductional Thresholding
l Nem . =
2 Mavimum [~ ik

= S sion Irysteresis
i

Fig. 5.4. Block diagram of the CE for the propodeddributed Canny edge detection

Each processing unit processes a sub-image ansg/wnedds data from/to the SRAM
through ping-pong buffers, which are implementethwiual port Block RAMs (BRAM) on
the FPGA. As shown in Fig. 5.4, each processing (W) consists of p computing engines
(CE), where each CE detects the edge map of an loleck image. Thus, p - q blocks can be
processed at the same time and the processinddira@ N x N image is reduced, in the best
case, by a factor of p - q.

The specific values of p and q depend on the psitgdime of each PE, the data
loading time from the SRAM to the local memory amé interface between FPGA and
SRAM, such as total pins on the FPGA, the dataviidsh, the address bus width and the
maximum system clock of the SRAM. In our applicatiove choose p = 2 and g = 8. In the

proposed architecture, each CE consists of thevfidilg 6 units, as shown in Fig. 5.4

Smoothening unit using Gaussian filter.

. Vertical and horizontal gradient calculationtuni
. Magnitude calculation unit.

. Directional non-maximum suppression unit.

. High and low threshold Calculation unit.

o A W N P

. Thresholding with hysteresis unit.
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5.3. IMAGE SMOOTHENING

Smoothing of the image is achieved by 3x3 Gauss@volution. A 3x3 moving
window operator is used, two FIFO buffers are emygdbto access all the pixels in the 3x3
window at the same time. Since the design is pipdli the Gaussian smoothing starts once
the 2 FIFO buffers are full. That is, the outpupisduced after a latency of twice width of
image plus two (2*width +2) cycles. The output bist stage is given as input to the
horizontal and vertical gradient calculation stage.

P | pa | &
pg | ¢ | pa
P | pa | &

Fig 5.6 Mask for the low pass Gaussian filter

Local Row Dat:
Memory Xilinx
(BRAM) core

Address and Timing

—

Fig 5.7 Pipelined Image Smoothening Unit.
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Classically, the image smoothing is implemented dpyplying the Gaussian
convolution on the entire image. Furthermore, tmeathened image is used as an input to
calculate the gradient at every pixel, and theselignt values are used to calculate the phase

and the magnitude for each pixel, which is follovigthon-maximum suppression.

To get rid of ridges, the edge strength of eacfuickate edge pixel is set to zero if its
edge strength is not larger than the edge stremigthe two adjacent pixels in the gradient
direction. This is called non-maximum suppressibmo threshold ( High threshold & Low

threshold) values are used get the connected exegle.prhis is called hysteresis.

On a general purpose computer the four stagehefcanny edge detection are
performed sequentially on the entire image, ongesfallowed by other stage. This approach
on FPGA requires lot of hardware resources andydesislow. In order to efficiently use the
hardware resources and increase the speed, hartbawees like parallelism and pipelining
are employed. Since output in each stage depenth@meighbouring pixels, a moving
window operator discussed.

3
Four 8-bit FIFO i} -
> X
Array g —

Gaussian

read fom RAM. | Smooting
% ]

Two 18- bit ‘%L Horizontal

TWO

FED Directional Gradiznt(dx) ¢ bit FIFO

P Non-Max e
P Suppression Vertical A
T&T Gradient{dv)

Fig 5.5 Pipelined Architecture
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The input image is smoothened using a 3x3 Gaussé#sk, as shown in Fig. 5.6. The
Gaussian filter (Fig. 5.6 is separable and, this,implementation of the 2-D convolution

with the 3x3 Gaussian mask is achieved using rafvcatumn 1- D convolutions.

The proposed architecture for the smoothening isnihown in Fig. 5.7 The main
components of the architecture consist of a 1-Refimpulse filter (FIR) to process the data
and the on-chip Block RAM (BRAM) to store the dalta.our design, we adopt the Xilinx's
pipelined FIR IP core, which provides a highly paegerizable, area-efficient,
high-performance FIR filter utilizing the structucharacteristics in the coefficient set, such

as symmetry and conjungacy.

By exploiting the symmetry of the Gaussian filtehe architecture uses two
multipliers to perform the 1-D convolution using@4ap filter. The address controller fetches
the input image data from the local memory into fifle core and, after the computation, it
stores the results back in the BRAM.

5.4. GRADIENTS AND GRADIENT MAGNITUDE CALCULATION

This stage calculates the vertical and horizontaldignts using 3x3 convolution
kernels shown in Figure 5.8. An 8-bit pixel in rander of the image produced during every

clock cycle in the image smoothing stage is useti@iput in this stage.

Since 3x3 convolution kernels are used to calcuttaegradients, neighbouring eight
pixels are required to calculate the gradient ef¢antre pixel and the output pixel produced
in previous stage is a pixel in row order. In ortieraccess eight neighbouring pixels in a
single clock cycle, two FIFO buffers are employedstore the output pixels of the previous

stage.

This stage calculates the vertical and horizogtatlients using convolution kernels.
The kernels vary in size from 3 x 3 to 9x9, depegdin the sharpness of the image.
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Figure 58 Gradient Convolution Kernels
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Fig 5.9Gradient and Magnitude Calculation U

The Xilinx FIR IP core, which can support up to 256 sets of coeffic with 2 to
1024 coefficients per set, is used to implemen kernels. The whole design is pipelint
and thus the output generated every clock cycle. This is input to thee made calculation
unit which computes, at each pixel location, gradient magnitude from the pixe

horizontal and verticajradients

Cannysuggests this is done byst applying a Gaussian blur to smooth out pos:
noise, and afterwards fiing gradents using a mask operation, where the mask is caldt
from the frst derivative of the Gaussian in both directio®nceimee have alread
implemented maskperations with 3x3 and 5x5 maskboth the Gaussian blur and itrst
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Fig 5.10 Directional Non Maximum Suppression Unit

The second phase is minimizing false edges - at&avk as non max suppression.
This is done by only approving pixels, whose gratiieare local extremes in the direction of
the gradient. Furthermore a hysteresis threshg@iitormed. To test if the gradient is a local
extreme along the direction of the gradient, oretbsnow this direction and the sizes of the
gradients of both the actual pixel and also thesaieng the gradient direction. The size can
easily be found from equation 5.3.1 and so carditeztion from equation 5.3.2, but instead

of the ArcTan we use the comparison network fragorie 5.11.

layl=|dx| [dyl<ldx]|
x-1y-1 *-1,y-1
e ;
\ o
P
A dx>0
dy=0
el XAy
dx=0
v dy=0
# N
Adx<0 | dee0 ™ / \
S dy=0 | dy=0 ™S y .
o @ ®
®-1,y+1 Xy+1 )+ 1y+1 x-1,y+1 xX+1,y+1

Figure 5.11. Determination of a gradient directiam be done using this comparison
network.
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derivative in both directions could easily be impénted using these. The equations for the
2D Gaussian filter and its derivatives can be deem appendix F, together with discrete

versions of 5x5 masks.

The size and direction of the resulting gradiemt bath be found from the gradients
in the x- and y-direction. The ArcTan is often usgdmathematicians when describing the

direction, but in implementations it is very inefént.

(5.3.1)

0 = ArcTan ( Eiy )
Wk (5.3.2)

The architecture of this unit is shown in Fig. 5T8e gradient calculation architecture
consists of two 1-D FIR models and the correspandocal memory. The filters for
computing the horizontal and vertical gradient elem can process data in parallel. The
magnitude computation consists of two multipliensl @ne square-root computation module,
which are implemented by the Xilinx Math Functidhdores.

5.5 DIRECTIONAL NON MAXIMUM SUPPRESSION

Fig. 5.10 shows the architecture of the directior@l-maximum suppression unit. In
order to access all the pixels’ gradient magnitudebe 3 x 3 window at the same time, two
FIFO buffers are employed. The horizontal grad@rtand t vertical gradient Gy control the
selector which delivers the gradient magnitude eighbours along the direction of the

gradient, into the arithmetic unit.

This arithmetic unit consists of one divider, twaltipliers and one adder, which are
implemented using the Xilinx Math Functions IP cor&he output of the arithmetic unit is
compared with the gradient magnitude of the cepixel, and the pixel that has no local

maximum gradient magnitude is eliminated.
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The comparisons are based on the values of théegtadn the x- and y-directions.

From figure 5.11 it is seen how the values of ttalgnts in the x- and y-direction for
the centre pixel are used to determine an areaelettwo neighbours. Since the direction of
a gradient often is between two actual neighbowes,are interested in the interpolated
gradient from those two. Knowing the size of thadjents for the two neighbours, it is
possible to calculate the size of the interpolapetiient from the actual direction or position
between neighbours. We do not have the actualtitirecbecause we did not want to use
ArcTan, but the position can be found from thetieteship between the x- and y-gradients.

L]
D

Figure 5.12: Drawing to help figure out the relathip betweedy and the gradients in the
x- and y-directions.

Figure 5.12. helps to illustrate this. In this eyxden we have chosen that
|dy| < |dx|, dx > 0 and dy < 0. If we say that dieance from our centre-pixel (M) to the
right-hand neighbour (B) is 1, then the distanky) from (B) to the position we need can be
calculated from (5.4.1). The distance from (B)he tpper-right neighbour (A) is also 1.
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_dy
Tdx

When the position is known, the interpolated gratigize can be calculated from

Ay (5.4.1)

equation 5.4.2.
[Gel=y - |G|+ (14y)- |G (5.4.2)

Since the distancay is the same in both directions, equation 5.4r1 aao be used
for finding the interpolated gradient size betwaeeighbours (C) and (D). In the case where
|dy| > |dx|, the same principle is applied, butrteighbours are different according to figure
4.28, andAx should be used instead &§ in equation 5.4.1 along with the new neighbours.
Equation 5.4.3 shows the calculationat

dx
Ax =

= (54.3)

If the gradient size of the centre pixel is largjean the interpolated values on both
sides along the direction, the pixel qualifies foe following hysteresis-threshold. The
concept of hysteresis threshold is to compare taelignt-size to two different threshold-
values. A low threshold that divides pixels in tgmups - non-edges and possible edges.
A high threshold that distinguishes between possidiges and positive edges. A result from
this phase can be seen from picture 5.13.

11111 ]|1]|1]1
1 2-Edge
1 - Potential
1122 1 Edge
2 1 0 -Non-edge
1 1
1 1
2

Figure 5.13. Result of the non max suppressionghas
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unit will compare this difference with 0. If thefidirence is 0, a stop signal will be generated
to stop the accumulating of accumulator 2. The e/adfi accumulator 2 is then the high
thresholdThh, and the low thresholdhl will be set the value of the half dfhh The
pipelined design is shown in Fig. 5.14.

5.7 THRESHOLDING WITH HYSTERESIS

Since the output of the non maximum suppressionaamitains some spurious edges,
the method of thresholding with hysteresis is ugedb thresholds, high threshold ThH and
low threshold ThL, which are obtained from the #h@ld calculation unit, are employed. Let
f(x, y) be the image obtained from the non maximsuppression stage, f1(x, y) be the strong
edge image and f2(x, y) be the weak edge image5.Ei illustrates the pipelined design of

this stage.

7 faey-1)

fixty 1)

f sl yet)

f iyl

Fig 5.15Pipelined architecture of the Thresholding Unit.

Instead of implementing each stage separatelyatthee mentioned pipelined design
utilizes the resources efficiently on the FPGA afgb increase the execution speed of the
algorithms. Because the output is produced evergkctycle with an initial latency till the

pipe is full.
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5.6 CALCULATION OF THE HYSTERESISTHRESHOL DS

Since the low and high thresholds are calculategda@n the gradient histogram, we
need to compute the histogram of the image afteastundergone directional non-maximum
suppression. An 8-step non-uniform quantizer is leygul to obtain the discrete histogram
for each processed block. The block-based hysgetiesisholds (high threshold ThH and low
threshold ThL) are computed.

Ad e I—% ACC

erads | Address
Selector ::> Registers ;‘
Array

Image Start Signal

<]
End | D E
Signal | & 9 Reg.

SEL B 2 I—3 acc o a
g 12 & g
g E
g =
Th, ¢«—— Reg. e g

Fig 5.14. Design of threshold calculation

Since the threshold is calculated based on theiegadhistogram, we need the
histogram of the image after the NMS operating. ifigka 360x280x8bit gray image for
instance, the magnitude of each gradient is aMvbeyseen 0 to 100, so we need a registers
array containing 100 12bit-width registers to stafieof the pixels with different gradient

magnitude.

A pixel with certain gradient magnitude will arrivaet every clock. Taking its
magnitude as the address of the registers array,ctntent of this register is then
accumulated by 1. When the end signal arrives,ctbek generator circuit generates 100
clock cycles. During these cycles, the contentosfienulator 2 which is accumulated by 1 in
each clock is set as the address of the registeng and then the difference circuit calculates
the difference between the contents of this regaste the next address register. A comparing
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CHAPTER 6
RESULTS AND COMPARISION

6.1. MATLAB SIMULATION RESULTS

We conducted the following experiments to invesdghe effedfemes of the new
distributed Canny edge detector * is proposed in this paper. The detection effectivene
the proposed distributed approach is analyzed by coimpé#ne perceptuasignificance of its
resulting map with the one produr by the original framésased Canny edge detect
Fig.6.2 and 6.7 showhe edge maps that are obtai for the 512x512 enaimage using the
original Canny edgeletecto and the proposed algorithm with a 33xgradient mask an
block size of 64. Théloating-point Matlab simulation results show that, comp with the
traditional Canny edge detector and the algoritmoppsed here cn yield better ed
detectionresults with few computationsSimilar results wereobtained for other teste

images.

Fig 6.1 Original Lena image

Fig 6.2 Edge map conventionaanny edge detect
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6.1.1 PROPOSED METHOD RESULTS

Fig 6.3 Derivative in X direction

Fig 6.4 Derivative in Y direction

Fig 6.5 Gradient

6.2.1 SYNTHESIS REPORT

Device used:
SPARTAN2E-XC2S400E-FG456
Timing Summary:
. Speed Grade: -7
. Minimum period: 22.804ns (Maximum Frequency:7831Hz)

. Maximum output required time after clock: 6.486n

Design Summary:
Logic Utilization:
*  Total Number Slice Registers : 742 out of®60 7%
. Number used as Flip Flops : 728
. Number used as Latches 1 14
. Number of 4 input LUTs 4,083 outd®00 42%
Logic Distribution:
+ Number of occupied Slices

« Number of Slices containing unrelated logic 0:out of 2,516

« Total Number 4 input LUTs 4,18% of 9600
« Number of bonded 10Bs : 8lofit 329

+ Number of GCLKs ;o dtef 4

+ Number of GCLKIOBs : lodto 4

« Total equivalent gate count for design : 41,054
« Additional JTAG gate count for IOBs : 3,686
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1 2,499 out of 4800
+ Number of Slices containing only related logic2;516 out of 2,516

52%
100%

0%

43%
24%
25%
25%

Fig 6.6 After Non-Maximal Suppression

The FPGA result is obtained using Modelsim. Thepotts synthesized using

Xilinx ISE Simulator

Fig 6.7 E

6.2 FPGA SIMULATION RESULTS

dge map of proposed method

Fig 6.8 Modelsim simulation result

6.3 COMPARISION
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Conventional Canny

Distributed Canny

LUTs

Algorithm/Parameters Edge Detection Edge Detection
Algorithm Algorithm
Minimum Period
Required For Input 30.458ns 22.804ns
Before Clock Cycle
Maximum Frequency 38.64MHz 43.78MHz
Number Of Occupied
_ 55% 52%
Slices
Total Number Of 4 Inpu
47% 43%

Table 6.1Performance Comparison between Conventional angbBeal Method
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CHAPTER 7
ADVANTAGESAND APPLICATIONS

ADVANTAGES

« Sharp edges can be detected
* Reduced memory requirements
* Reduced computational time
* Reduced loss in edge detection

APPLICATIONS

« Various image enhancement process
« Authentication purposes
« Robotic vision system

« Medical applications
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CHAPTER 8
CONCLUSION

A novel distributed Canny edge detection algorithiat results in a significant speed
up without sacrificing the edge detection perforoearhas been presented. The Matlab
simulation result shows that the proposed algorigheids better edge detection result than
the traditional canny edge detector. A novel noifeun quantized histogram calculation
method in order to reduce the computational cosh@tysteresis threshold selection is also
presented. As a result, the computational costhef proposed algorithm is very low
compared to the original Canny edge detection dtyor The algorithm has been mapped to
onto a Xilinx Spartan-2E FPGA platform and testsihg Modelsim.
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