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ABSTRACT

Diverse application scenarios and real-time constraintca@mputer-vision applications
have motivated numerous explorations of computer ardhites that provide more ef ciency
through hardware scalability by exploiting the charastérs of image processing and com-
puter vision algorithms. The growing and computational goand programmability of the
of multi-core architectures provide great prospects faebaration of image processing and
computer vision algorithms which can be parallelized.

This thesis undertakes a novel study to nd unique attribotfehree widely used algorithms
in computer vision, and identi es computer architectuyd@st suited for each algorithm. Sig-
ni cant acceleration over standard CPU implementationbtaimed by exploiting data, thread
and instruction parallelism provided by modern programiegbaphics hardware. We test the
following architectures most used for graphics and imagipplications: Intel Pentium 4 HT,
Intel Core 2 Duo, NVidia 8 Series GPU and Sony PlayStation3JF”2IIBE. Additionally,
we have optimized two image processing and computer visgorithms, namely Canny edge
detection and KLT tracking for the PS3. The architecturegabilities of handling three im-
age processing algorithms of varying complexity were est&d over standard inputs. The

results are then tabulated for comparison.
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Chapter 1

Introduction

Image processing is widely used in many elds, including meatlimaging, industrial man-
ufacturing, and security systems. Therefore, during tseflaw decades, there has been an
increasing interest in the development and the use of paalthitectures and algorithms in
image processing.

Fast processing response is a major requirement in manyeipeagessing applications.
Even when the size of the image is very large, typical visigsteams involve real-time pro-
cessing where a sequence of image frames must be processedrinshort time.

The operations performed by image processing algorithmseacomputationally expen-
sive due to their manipulating large amount of data. To maegram execute in real-time,
the data needs to be processed in parallel and often a gra@abfdeptimization needs to be
utilized. However, most of these operations exhibit ndtpesallelism in the sense that the
input image data required to compute a given area of the bigmpatially localized. This
high degree of natural parallelism exhibited by most of thage processing algorithms can
be easily exploited using SIMD parallel architectures amhguting techniques.

Recently, a number of novel and massively-parallel comprsritectures have been intro-

duced that promise signi cant acceleration of applicasibg using a large number of compute



cores. The super pipelined processor design approachukhbeg the limits of performance
by increasing the pipeline length has hit the power wall pgithe way for multi-core and/or

multithreaded architectures. GP GPUs take advantage @@t architectures stream model
of computation. The IBM cell processor is another leading m@mtial processor based on

the stream model of computation.



Chapter 2

Previous work

The introduction of the Intel OpenCV library [4] representsimportant milestone for Com-
puter Vision. The motivation behind building and maintagnicode libraries is to address
reusability and ef ciency, by providing a set of data sturets and implementations of classic
algorithms. In a eld like Computer Vision, with a rich thedi@al history, implementation
issues are often regarded as secondary to the pure reseanploreents outside of specialty
sub elds, such as Real-Time Computer Vision.

The Gaussian smoothing operator is a 2-D convolution opetesed to remove detail and
noise from, that is to "blur', images. Smoothing is a preout® many image processing
algorithms, including Canny edge detection and KLT trackescussed futher along in this
thesis. For a digital image affected by Gaussian noise, thes&an smoothing operation
produces superior results at noise removal, but the neildeand the edges of the image
become blurred after smoothing [14]. Therefore, it is mayt&uitable to perform classical 2-
D Gaussian smoothing if preserving details is of importai@® such instances, [10] present
a technique in which the lIter variance is adapted to both tte local variance and noise
characteristics of the signal. We, however, follow the gerend most widely used classical

case, and consider the adaptive Gaussian smoothing todmparated in future work.



In this thesis we focus on optimized Intel SSE, PS3 and f&R implementations of the
Canny edge detector [5]. This algorithm has remained a stdnda&dge nding techniques
over the years. Applications of edge detection includerthse as features in vision algo-
rithms, their use to improve the appearance of displayeeotdyjin image coding and others
too numerous to discuss. Many implementations of the Cargorithm have been made on
various platforms in the past, including in the earlier GRGR partial Canny edge lter for
the GPU has been presented in OpenVIDIA using NVIDIAs Cg shkdguage [12]. This
implementation, however, does not include the hysterabisling connected component part.
Neoh and Hazanchuk [31] have presented an implementatitimedfield-programmable gate
array (FPGA), again without the connected components raboth cases, the reason for the
lack of the connected component is related to the need fofowal memory, which causes
signi cant slowdowns. Recently, the algorithm's implematidn on CUDA [29] includes hys-
teresis labeling and with improved execution time. Theele®en merely one implementation
of Canny edge detection, for color images, on the Cell BroadEagihe architecture (CBEA)
[15], which, however, is unoptimized and has potential foeexd-ups.

Object tracking, although a simple task for humans, is alehging problem for computer
vision systems. Lucas and Kanade proposed a dynamic imgggtragion technique, which
made use of the spatial intensity gradient of the imagesetatively nd a good match be-
tween frames [28]. The KLT model, a generalized extensio2®f by Shi and Tomasi [41],
incorporates an af ne transform to handle rotation, segliand shearing of objects. High-
performance, parallelized GPU based KLT feature trackiognfvideo source has signi cantly

improved the algorithm runtime performance [42] [43] [239].



Chapter 3

The Image Processing Algorithms

Image processing algorithms can be classi ed as low-lanétymediate-level and high-level
operations [24].

Low-level image processing operations work on an entirgygrta generate either a single
value, a vector,or an image from. Due the involved compenatilocal nature, where they
work on individual pixels and input image data is spatiatigdlized, low-level operations
offer ne grain parallelism [33]. This property of low-lel/@nage processing operations can
be tapped using SIMD parallel architectures or technig&@soothing, sharpening, ltering,
convolution, histogram-generation are few examples oflém&l image processing operations.

Intermediate-level image processing operations prodoogpect data structures like lists
from input images. As these computations work only on sedgsnehand not on a whole
image, intermediate-level image processing operatiofes ohly only medium grain paral-
lelism. They are more restrictive from data-level paralal aspect (DLP) when compared
to low-level operations. Hough transform, object labelingtion analysis are examples of
intermediate-level image processing operations.

High-level image processing operations are characte@®egdymbolic processing where

they work on data structures as input to return other datiatstres as output that lead to deci-



sions in an application. Also, they usually have irrequtaness patterns. Due to these proper-
ties, high-level operations offer coarse grain paralelend are dif cult to run data-parallel.
Position estimation and object recognition are exampldsgif-level image processing oper-

ations.

3.1 2-D Gaussian Smoothing

Noise caused by sensor electronics, and introduced inlsrgnamission can reduce the visual
guality of an image. So, it is desirable to remove it beforagemanalysis. The 2-D Gaussian
smoothing is a convolution operation, and a low-level imagecessing algorithm, that is

used to remove detail and suppress noise [9] [14]. Smootkiaghong the key techniques in
image processing which can be implemented in both spatiaagoand frequency domain.

Compared with the frequency domain techniques, the spatmabdh techniques are faster and
easier to implement. It uses a moving kernel that represhatshape of a Gaussian hump.
For a pixel, the intensity is replaced with the sum of the padetween the intensity values
within a neighboring area centered at the pixel and the @ierfits of the kernel. Thus, any

ne structure that is smaller than the lter's kernel sizetgeemoved.

For a Gaussian function with standard deviatiom 1-D Gaussian Iter can be written as:

Gxy = e 2°



The idea of Gaussian smoothing is to use this 2-D distribu®a “point-spread’ function,
and this is achieved by convolution. Since the image is dta a collection of discrete
pixels we need to produce a discrete approximation to thessia function before we can
perform the convolution. Theoretically, the Gaussianritigtion is non-zero everywhere,
hence requiring an in nitely large convolution kernel, lpriactically it is effectively zero at
more than about three standard deviations from the meanthenllernel can truncated at
this point. Figure 3.1 shows a suitable integer-valued olution kernel that approximates a

Gaussian with a () of 1.0.

Original

Figure 3.1: Input to and output of Gaussian Smoothing

The effect of Gaussian smoothing is to blur an image, in alamfiashion to the mean
Iter. The degree of smoothing is determined by the standdadiation of the Gaussian.
(Larger standard deviation Gaussians, of course, recarigett convolution kernels in order to
be accurately represented.)

The Gaussian outputs a "weighted average' of each pixelghberhood, with the average
weighted more towards the value of the central pixels. Thia contrast to the mean lIter's
uniformly weighted average. Because of this, a Gaussianiggs\gentler smoothing and

preserves edges better than a similarly sized mean lter.
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Edgelinking by Hysteresis (Final) Non-Maximal Suppression

Figure 3.2: Input to and outputs from each of three stages nh{&Bdge Detection
3.2 Canny Edge Detection

Edge detection is one of the most commonly used operatioimmage analysis providing
strong visual clues that can help the recognition procedge&are local variations in a image
function de ned by a discontinuity in gray level values aral/g strong intensity contrasts.

Canny Edge Detection is an optimal edge-detector algorithemh maximizes the proba-
bility of detecting true edges while minimizing the prolabpiof false edges [5]. It is an
intermediate-level image processing operation implestki three stages, namely: gradient
estimation, non-maximal suppression and edge-linkingysgdresis.

The algorithm rst smooths the image to eliminate noise tigio convolution with Gaus-
sian kernel. It then nds the image gradient to highlightioeg with high spatial derivatives.
To achieve this, a separable Gaussian ker@g| G,) and its derivative &; GY) need to be
generated. The reason behind using a Gaussian kernel isdeeg&aussian function is com-
pletely described by its rst and second order statistidsese kernels can be of variable kernel

width (w) and variance ().



The calculation of gradientsgy; g,)in X and Y directions respectively, for an image) (
involves smoothing of the image along one axis followed byvobving it with derivative of

other axis. This process can be mathematically denoted as:

a(xy)=1 Gy(xy) Gxy) and g(xy)=1 Gu(xy) Gy(xy)

The gradient magnitude can be determined in terms of Ewslidiéstance measure. To re-
duce computational complexity, Manhattan distance medswsed instead, and thus gradient

magnitude gets simpli ed into

JAGY)) = Jo(X Y)) + jgy (X))

Although the edges in gradient magnitudes image are usuallyindicated, the spatial
position for a thick or blurry edge cannot be determined exdty. A thick edge is made
sharp through the elimination of unnecessary edge-pixbkrein the value of an edge-pixel
is decided on the basis of its gradient direction. The methodlled non-maximal suppression
of edges. The gradient directior(;y), is the direction of the maximum slope formed by the

vector addition of the image gradients in x and y directionsig by

1 g(xy)

(xy) =tan g (X;y)

The non-maximal suppression algorithm nds the local maximthe direction of the gra-
dient, and suppresses any pixel that is not at the maximum-fmeximal). This is done by
labeling all possible edges in the image and disregardinof #he non-edges. To implement
this, the pixels of the gradient magnitude image are grolgaesed on the four quadrants that

their corresponding angles of the gradient direction fa(Rig 3.3).
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Figure 3.3: Angles and quadrants

Hysteresis is used to track along the remaining pixels tha¢ mot been suppressed. Hys-
teresis uses two threshold values and the result contditiseabne-pixels coming from the
high threshold and those one-pixels from the low threshHadtldre connected to a high thresh-
old pixel through eight-connected neighborhoods. Thisghold technique improves edge
localization. The high and low threshold values can be folwach the statistics of the im-
age. For the high threshold, a histogram of image magnitudéient is created. From the
histogram, a certain percent of the highest magnitude pixed chosen to be de nite edges.
The percentage that yields the most reasonable resulteds us

Most edge detectors work on the grayscale representatitmedmage. This reduces the
amount of data to work with, from three channels to one, buhatcost of losing some
information about the scene. By including the color compopnéthe image, the edge detector
should be able to detect edges in regions with high coloatian but low intensity variation.
To Canny edge detector can be extended to perform color edgetida, and differs little
from the traditional grayscale version. The algorithm seada color image and divides it

into its three separate color channels. Then, each colomehas run through the Canny edge

10
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Figure 3.4: Comparing results of grayscale and color Canng eggection. EFT: Input

image “Lena” of size 10241024 pixels. ENTER: Output of Grayscale Canny edge detector

with =0.8, Gaussian kernel size = 5. RIGHT: Output of Color Canny edge detector with
=0.8, Gaussian kernel size = 5.

detector separately to nd a resulting colored edge mapaliiithe resulting edge maps from

each of the three color channels are combined into one coengdige map.

Color edge detection seems like it should be able to outperfyiayscale edge detectors
since it has more information about the image. From Fig.\8ed¢an see that in the case of the
Canny color edge detector, it nds slightly more number of eglthan the grayscale version.
Finding an optimal way to combine the three color challengayg improve this method. But,

from a practical viewpoint, this difference may be signintao real world applications that

depend more on ef ciency than marginal improvement of rissul

3.3 KLT Feature Tracking

Feature selection and tracking are the two major problemsainy object tracking strategies.
The feature tracker presented in [41] by Shi and Tomasi. diniextension of Tomasi and
Kanade's work in [45], which itself uses techniques devetbm [28] by Lucas and Kanade.
[41] introduced the concept of using an af ne motion mode¢taluate feature quality across
frames, thus allowing identi cation of features that do wotrespond to features in the real

world, such as depth illusions and edges of highlights.

11



The Kanade-Lucas-Tomasi (KLT) feature tracking, which iegh-level image processing
operation, essentially comprises of two important stepst step determines what feature(s) to
track through feature selection, and the second step iesahacking of the selected feature(s)
across a sequence of images.

The KLT tracker rests on three assumptions: temporal gersis, spatial coherence and
brightness constancy between the same pixels from one fiathe next. Temporal persis-
tence implies that the image motion of a surface patch ctsasigaly in time. This means the
temporal increments are fast enough relative to the scateotibn in the image such that the
object does not move much from frame to frame. Spatial coloerassumes that neighboring
points in a scene belong to the same surface, have similaomaind project to nearby points
on the image plane. The Brightness Constancy Equation asghatemn object's brightness
remains relatively constant along its motion trajectosyJang as both the object (or feature
point) and its surroundings are in light of the same intgndit enables the brightness of a
feature point to propagate to its neighborhood and thus wetrmomplex brightness changes.

For image frame (x;y;t), let( x; y; t) be asmall step away from any poix y;t),
between tima andt + t. If the displacement of image poi(;y) overt + t, denoted by

( x; y)issmall, then according to the brightness constancy cainstr

(X y;t+ t)=1(x+ xy+ yt)

Letx =(x;y)"T andd =( x; y)T . Inthe presence of image noisg

I(x;t+ t)=I1(x+d;t)+r

12



KLT will compute the displacement vectdrthat minimizes the following error, over a small

image patch W.
X
r=  (I(x+d;t) I(x;t+ 1)?

W

By its Taylor expansion, approximatiigdx + d;t), one obtains a linear system for esti-

mating the unknowrd, where the image gradient vector at positiorns denoted byG =

[ (1( )+ IX( i+ T)) ; s+ |; it 1)) ]. This can be written as

X X

( G'G)d)= GT I(x; t)
W w

P =
Denoting( , GTG) by matrixA,and , GT [(x; t) by vectorb, we get
A(d)= b

In [41], Tomasi presented a variation of the KLT equation efthuses both images sym-
metrically. This equation, derived in [2] is identical toetlabove equation, is used in our
implementations. Detection of features to track is a sinplacess. The key to detection is
understanding that not all the pixels in the image are 'gdodtracking, but, the pixels that
are "corners” are the ones that are good for tracking. A bettthod to detect if a pixel is a
corner is computing the eigenvalues of (enatrix for the window of pixels surrounding the
desired center or reference pixel. If both eigenvalues anezero, then the reference pixel is a
corner. Thus, feature to track are selected by nding imagatpg where corner-ness measure,

c, is a local maximum. It is evaluated over the complete imadé [28], following which a

13



non-maximal suppression is performed. The corner-nessumeaan be written as

X
c=min(eigl G'G))
W

= min(eig(A))

The linearity assumption is only valid for a small displa@std, since a change in lighting
occurs during motion such as shadows and occlusions. Amesdiution KLT tracker is often
used in practice for handling larger image motion. It rshdks at coarse resolutions and
then re nes the result in ner resolutions. Multiple iterans are performed at each resolution
for improved accuracy. New features are re-selected frome to time, in lieu of features
tracks eventually lost due to camera motion and occlusecomgdintain an approximately xed

number of features in the tracker.

14



Chapter 4

Overview of Architectures

Image processing algorithms have a close relationship téhtype of architecture adopted
for their execution, with an effective architecture re iegt the type of algorithm to be im-
plemented. Recently, a number of novel and massively-ghi@imputer architectures have
been introduced that promise signi cant acceleration gfligations by using a large number
of compute cores. In the world of desktop computers domehiayex86-based processors, the
super pipelined processor design approach that pushamitedf performance by increasing
the pipeline length has hit the power wall paving the way faittircore and/or multithreaded
architectures to invade this market segment. In the worlthobile computers, novel low
power design techniques have been adopted in the procekgset, and system to maximize
the battery life while keeping the performance at acceptéblels. Also, virtualization and
security support are now visible in many product offerings.

GP GPUs take advantage of the GPU architectures stream rmabdeimputation. The
IBM cell processor is another leading commercial processset on the stream model of
computation. The Stanford IMAGINE processor is based omemst processor architecture
developed by a team of researchers led by Professor Willialty.DMultimedia and graphics

applications and database queries are examples of apmlisathich t the stream model



of computation. In general, applications with large datis sed applications amenable to
vector processing will perform well under this model of cargiion. The stream model

of computation is based on the concepts of streams and kemibkre a stream is a set of
sequential data that require related operations to be npeettbon them and the kernels relate
to the instructions or operations to be performed on the.d&@eam processors perform
extremely well on media, graphics, applications with laglgéa sets requiring the execution of
similar operation on their data elements such as vectolegsieg applications.

With its unique capabilities for accelerating applicaarequiring video, 3-D graphics,
for areas such as imaging and visualization, Cell BroadbarmginEnCBE) technology is a
promising step forward in the pursuit of real-time procegsof highly sophisticated algo-
rithms. Based on a high-bandwidth memory architecture anticate technology, the CBE

is a processor optimized for compute-intensive and braadibah media applications.

4.1 Intel NetBurst Microarchitecture: Pentium 4 with Hyper-
Threading

Intels Pentium 4 processor uses a redesigned microartthidgecamed P68 or“NetBurst” by
Intel. The NetBurst re ects the end of the P6 micro-architegetera that started with the
Pentium Pro in 1995 and was used in all later Pentium versionsigh the Pentium I11. Intels
goals for NetBurst were to be able to execute legacy 1A-32 diDSexecuting a single
instruction across multiple data) applications and opegathigh clock rates that will scale
easily in the near future.

Hyper-Threading technology, which brings the concept wiuianeous multithreading to
the Intel architecture, was rst introduced on the Intel Xgarocessor in early 2002 for the

server market. In November 2002, Intel launched the tedgyobn the Intel Pentium 4 at
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Figure 4.1: Intel NetBurst 20-stage pipeline

clock frequencies of 3.06 GHz and higher, making the teadmpolidely available to the
consumer market.

The "Hyper-Pipelined” technology refers to the 20-stageepne of the NetBurst micro-
architecture as seen in Fig. 4.1. This is twice as long asiffedipe on the P6 microarchitec-
ture and is the primary reason Intel is able to get such faskalates, because, if less work is
being done on each clock tick, then clock ticks can occuefasttel claimed that the 20-stage
pipeline would allow them to reach 10 GHz clock frequencreshie future without another
micro-architecture change.

The Hyper-Threading technology implementation on the NetBmicroarchitecture has
two logical processors on each physical processor. Eadbalogrocessor maintains a com-
plete set of the architectural state [26]. The architettteste consists of registers, including
general-purpose registers, and those for control, theregebprogrammable interrupt con-
troller (APIC), and some for machine state. From a softwarspeztive, duplication of the
architectural state makes each physical processor appéartivo processors. Each logical
processor has its own interrupt controller, or APIC, whichdias just the interrupts sent to
its speci ¢ logical processor.

NetBurst instruction execution is broken into three mairtgan in-order issue front end,
an out-of-order (OOOQ) superscalar execution core, and-ander retirement. The job of the
front end is to feed a continuous stream of micro-ops to tleewakon core. The fetch/decode
unit can decode one IA-32 instruction per clock (complexrindions are looked up in a
microcode ROM) and passes micro-ops to the Execution TrackeCd he trace cache passes

micro-ops to the execution core and can issue 3 micro-opsyoées.
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The fetch/decode unit can decode one IA-32 instruction fmaake with complex instruc-
tions being looked up in a microcode ROM, and passes microatipas per second (micro-
OPS) to the Execution Trace Cache. The execution core has sggeution units accessible
through one of four issue ports. One or more ports may be dssaoesach clock cycle (see
gure 3) and ports may then dispatch one or two IOPS per cldeko integer ALUS on the P4
actually run at twice the core processor frequency (thishatintel calls the Rapid Execution
Engine) and can execute in half a clock cycle. Two instrungtiare issued by sending one in
the rst half of the cycle and the second in the second halfdfifcourse, the port has access
to these double speed ALUs.

The branch predictor in the Pentium 4 is more advanced tegréidecessors, the Pentium
[l and P6 microarchitecture. The branch delay could bets &s zero clock cycles on a cor-
rectly predicted branch, and a wrongly predicted brancksams average 20 cycles. Prefetch-
ing in the NetBurst micro-architecture happens automdyidat the hardware by bringing
data or instruction cache lines into L2 based on prior refege Basing prefetching decisions
on prior reference is a new feature. The hardware can alsmduoat linear prefetching of
instructions. Also, SSE2 adds instructions that can allopragrammer to request a data
prefetch using software for code with irregular accessepagt

The NetBurst architecture is particularly skillful at spagt sequences of instructions that
can be executed out of original program order, that is, abétwhe. These sequences are have
no dependency on other instructions and do not cause sigle®that affect the execution of
other instructions. When the processor spots these semjénerecutes the instructions and
stores the results. After verifying that assumptions maaténgd their speculative execution
are correct, the processor then retires these instructdtierwise, all the pre-executed code
is thrown out, the pipeline is cleared and restarted at tla pbincorrect speculation.

With the introduction of Streaming SIMD Extensions 2 (SSEBg NetBurst microarchi-

tecture extends the SIMD capabilities that MMX and SSE tetdgies delivered by adding
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144 new instructions that deliver 128-bit SIMD integerlamietic operation and 128-bit SIMD
Double-Precision Floating Point. These new instructiogls/dr the capability to reduce the
overall number of instructions required to execute a paldicorogram task and as a result can
contribute to an overall performance increase. They aatel@ broad range of applications,
including video, speech, and image, photo processingyption, nancial, engineering and
scienti ¢ applications.

For our work, we have used Pentium 4HT 600 series, a NetButktnewer Prescott core
which has an increased cache size over the older Northwoed(apto 2MB), and Hyper-
Threading technology, a much larger instruction pipelBiegtages compared to Northwood's
20), an improved branch predictor and support for SSE3 SINHIructions. The clockspeed
was 3 GHz with 2MB L2 cache. Our code was compiled and exeautea system having

1GB of physical memory, with Intel C++ Complier 11.1 on Linuxiithtu 8.04).

4.2 Intel Core Microarchitecture: Core 2 Duo Mobile

Figure 4.2: The Intel Core microarchitecture 14-stage pipdunctionality
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Intel Core Microarchitecture is a multi-core processor waechitecture that supercedes the
Intel NetBurst microarchitecture discussed in [19]. TheBuest architecture was abandoned
due to excessive power consumption and the resulting ctefémess to increase clock speed.
The Intel Core microarchitecture reduced power consumgtiptowering clock rate, and
improved performance by better utilizing a processor'sgesaf available clock cycles and
power, thus causing the performance/watt factore to ingrov

Some features introduced by Core microarchitecture include

Supplemental Streaming SIMD Extension 3 (SSSE3), whichrsaging SIMD Exten-
sion (SSE) instruction set's fourth iteration is also knoasTejas New Instructiosn (TNI),
or Merom New Instructions (MNI). SSSE3 contains 16 new diszinstructions over SSE3.
Each can act on 64-bit MMX or 128-bit XMM registers. It allotvsrizontal operations within
a register, as opposed to the almost strictly vertical dparaf all previous SSE instructions.

Streaming SIMD Extension 4 (SSE4) contains 54 instructibias, unlike earlier SSE
iterations, execute operations which are not speci c totiméddia applications [46]. The in-
structions are divided into two categories: Vectorizing @der and Media Accelerators, and
Ef cient Accelerated String and Text Processing, for muakidia and database applications
respectively.

Intel Wide Dynamic Execution delivers more instructions pck cycle, improving
execution and energy ef ciency. Every execution core isaxjdllowing each core to complete
up to four full instructions simultaneously using an ef ntel4-stage pipeline.

Intel Advanced Smart Cache includes a shared L2 cache toequweer by minimizing
memory traf ¢ and increase performance by allowing one ¢ongtilize the entire cache when
the other core is idle.

Intel Smart Memory Access improves system performancedipgpimemory latency and

thus optimizing the use of data bandwidth out to the memobggstem.
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Intel Advanced Digital Media Boost made all 128-bit SSE, S@B& SSE3 instructions
execute within only one cycle, thus doubling the executjpeesl for these instructions which
are widely used in multimedia and graphics applications.

The Core 2 range from this microarchitecture lineup includgle, dual and quad-core
CPUs. The Core 2 adds some additional features to the Core mubre&ture. For our
evaluation, we have used Intel Core 2 Duo T7250 (Merom-2M)Joltage mobile processor
running at 2GHz with 2MB L2 cache. Our code was compiled aneteted on a system

having 2GB of physical memory, with Intel C++ Complier 11.1 dnux (Ubuntu 8.04).

4.3 Cell Broadband Engine Architecture: PlayStation 3

The Cell Broadband Engine Architecture (CBEA) was developeatljoby Sony, Toshiba,
and IBM. It is a heterogeneous multi-core microprocessdn afit objective is to provide high
performance computation for graphics, imaging and vigadibn, and to a wide scope of
data-parallel applications.

The Cell Broadband Engine (CBE) has one 64-bit host procesdeddabwerPC Process-
ing Element(PPE), eight specialized co-processors ca§eérgistic Processing Elements(SPE),
and one internal high speed bus called Element IntercoBiec{EIB) which links the PPE
and SPEs together. The host PPE houses the PowerPC PrddagdéPU), equipped with
the 64-bit PowerPC AS instruction set architecture, andMiEX (AltiVec) vector instruc-
tion set architecture (AltiVec) to parallelize arithmetiperations. Each SPE consists of a
Synergistic Processing Unit (SPU), and a Synergistic Mgnikdow Controller (SMF) unit
providing DMA, memory management, and bus operations. A ISRERISC processor with
a 128-bit SIMD organization for single and double precisiwtructions. Each SPE contains
a 256KB local memory area for instruction and data , calledltital store (LS), which is

visible to the PPE and can be addressed directly by softwahe. LS is not analogous in
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Figure 4.3: Block diagram of a generic Cell B.E. architecturerFt: Structural diagram of
the Cell Broadband Engine.OP RIGHT. The PPE allows application execution, performs I/O
and has the PPU in it. 8rToM RIGHT: Each SPE incorporates its own SPU to perform its
allocated computational task, while each SPU has a dedica¢enory called the LS.
operation to a superscalar CPU cache since it is neitherpaamst to software nor does it
contain hardware structures that predict what data to |dad.EIB is a circular bus made of
two channels in opposite directions and allows for commaition between the PPE and SPEs.
The EIB also connects to the L2 cache, the memory contralfet,external communication.
The CBE can handle 10 simultaneous threads and over 128 aditgjanemory requests.

The clock speed for PPE is 3.2 GHz. The PPEs creates threddisesme threads are carried
to SPEs for performing the mathematical operations. ThesSRé&n send back the results of
operation back to PPE. An SPE is a RISC processor. Each SPEBhasogal storage of 256
KB. An SPE can operate on 16 8-bit integers, 8 16-bit integeB2-bit integers, or 4 single
precision oating-point numbers in a single clock cyclec#n also do a memory operation in
the same clock cycle. The SPE processor cannot directlysasystem memory; the 64-bit
memory addresses formed by the SPE must be passed from thpr8€dssor to the SPE

memory ow controller (MFC) to set up a DMA operation withindlsystem address space.
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The number of SPEs that can be used in a speci ¢ applicatiberslj for example in case
of PS3 it can use 6 out of the 8 SPEs. Scaling is just one cétyatiilthe Cell architecture
but the individual systems are going to be potent enough em twn. An individual Cell
have a theoretical computing capability of 256 GFLOPS (&illFloating Point Operations
per Second) at 4GHz. CBE's hardware has been speci cally dedigo provide suf cient
data to the computational elements to enable such perfaenamhis is a rather different
approach from the usual way which is to hide the slower pdrth® system. The main
program executes on PowerPC and the calculation part isfanaad to SPEs. SPEs perform
the vector multiplication directly on 128 bits, making prag execution faster.

Our code was compiled and executed on a PS3 system havingapphysical memory,

using Cell SDK 3.1 on Linux (Fedora 9).

4.4 Graphics Processor Unit: Nvidia GeForce 8 Series

Although there are many different graphics cards availakld each possessing slightly vary-
ing capabilities, graphics cards are basically data- onchnaes (see Fig. 4.4).

Data is instantiated in the main application that runs onGR&J. Then this data is passed
to the GPU either through binding variables or through pasdiata to graphics registers in
groups of values stored in textures. Once the data is on Hghgs card, it follows through
the rendering loop being modi ed at each step. In a commodegng pipeline, data starts
out as models in a virtual scene. These models can be either2-D objects. In either case,
models are composed of vertices and facets, and can be temied by the data structure that
describes its connectivity.

The rst modi cation happens in the vertex processor, whesatines called vertex pro-
grams operate on each vertex of the model. In traditiongdlgea applications, this is where

the shading and lighting computations are performed, akagehformation regarding ver-
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Figure 4.4: GPU Data Flow

tex perturbation due to skinning or bump mapping. For imagegssing applications, the
step though the vertex program is used to determine textomlmates and modi cations to
the color of the objects surface due to shading. Next, theesiseassembled and rasterized.
Rasterization is a process of scan converting a mathemalsalription of an objects sur-
face (continuous or piecewise-continuous) into a disareter values stored in a pixel frame
buffer. Once broken into pixels, data is sent to the fragnpeotessor, where routines called
fragment programs further modify the pixel color data. Tinal stage in the GPU rendering
pipeline is lling the frame buffer with the nal color valugfor each pixel.

Given its data ow architecture, programming the GPU ameunttransforming an algo-
rithm to t within the framework of the vertex and fragmentggrams. These programs act as
microcode that is loaded directly onto the GPU and hence stouction fetching from main
memory is needed. Depending on the graphics, and the gsapitéeface, the capabilities of
the fragment and vertex processors vary.

Since early 2007, GPU manufacturers have begun to marketaseompute coprocessors,
and this is the way we consider them. The manufacturers haseea up the functionality of
these coprocessors using common programming languagkssars no longer need to have
knowledge of graphics concepts. This is especially usehdmprogramming items that are

not directly related to items that are in the graphics pipeli
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Figure 4.5: The CUDA Programming model EET: Grid of thread blocks. RSHT: CUDA
Memory Hierarchy.

For general purpose programming for the last couple of yagsire more familiar with the
version released by NVIDIA. It consists of a programming lp€€Compute Uni ed Device
Architecture (CUDA), and a compiler that supports the C lagguwith GPU speci ¢ exten-
sions for local, shared and global memory, texture memany,raultithreaded programming.
The ability to program in a more native fashion means thaiencomplex algorithms and data
structures can be more easily implemented in this framework

The CUDA model is supposed to be extended over the next fewggores of processors,
making investment of effort on programming it worthwhiley enportant consideration for
researchers who have spent signi cant time on short-livelbel architectures in the past.
Under CUDA the GPU is a compute device that is a highly mukitidled coprocessor. A
thread block is a batch of threads that executes on a muttgemr that have access to its local
memory. They perform their computations and become idlemthey reach a synchronization
point, waiting for other threads in the block to reach thanpoEach thread is identi ed by
its thread ID (one, two or three indices). The choice of 1,3-@r index layout is used to map

the different pieces of data to the thread. The programmgesvdata-parallel code, which
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executes the same instructions on different data, thougie smstomization of each thread is

possible based on different behaviors depending on the wdlthe thread indices.

Figure 4.6: Mapping of graphics pipeline in NVIDIA GeForceés8ries GPU. The fragment
processor and frame-buffer objects' direct off-screerdegimg capability is frequently used
in GPGPU applications.

The NVIDIA GeForce 8 Series GPU is the 2007-2008 generatitimeoNVIDIA GPU, and
has also been released as the Tesla compute coprocessdt risists of a set of multipro-
cessors (16 on our GeForce 8800GTX), each composed of 8gsase All multiprocessors
talk to a global device memory, which in the case of our GPWR VIB, but can be as large
as 1.5 GB for more recently released GPUs/coprocessors.8 Tinecessors in each multi-
processor share 16 kB local read/write shared memory, & $etaf 8192 registers, and a
constant memory of 64 kB over all multiprocessors, of whidkBS8can be cached locally at
one multiprocessor.

In order to achieve high memory throughput, the GPU attengpt®alesce accesses from
multiple threads into a single memory transaction. If aletds within a warp (32 threads) si-
multaneously read consecutive words then single largeokthe 32 values can be performed
at optimum speed. If 32 random addresses are read, then dragten of the total DRAM
bandwidth can be achieved, and performance will be muchrloB&se read/write addresses

of the warps of 32 threads also must meet half-warp alignmeoutirement in order to be
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coalesced. If four-byte values are read, then the base ssltbethe warp must be 64-byte
aligned, and threads within the warp must read sequentigtd-addresses.
For our experiments, the code was compiled and executed GIC on a system having

NVIDIA GeForce 8800GTX, 1GB of physical memory, and ran CUDA @n Linux(Gentoo).
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Chapter 5

Implementation

5.1 Gaussian Smoothing

This section describes the four architectures and theiesponding implementations of Gaus-
sian smoothing. A Gaussian kernel is a separable Iter. Ugua non-separable Iter of
window sizeM M computesM ? operations per pixel, whereas for a separable lter its is
M + M = 2M operations. This is a two step process where the interneedgsults from
the rst separable convolution is stored and then convolvet the second separable lter to
produce the output.

The smoothing kerndb(x; y) is kept constant at a size of 5x5 with)(= 1. Since the same
smoothing kernel is convolved with the imput image, the atgm lends itself well to the

Single Instruction Multiple Data (SIMD) technique to acheelata level parallelism.

5.1.1 Intel NetBurst Microarchitecture

The NetBurst micro-architecture extends the SIMD capadsliof MMX and SSE technolo-
gies to deliver 128-bit SIMD integer arithmetic operatiod 28-bit SIMD Double-Precision

Floating Point, thus reducing the overall number of indiars required to execute a particu-



Figure 5.1: Parallel transposition of the image

lar program task and resulting in an overall performancesiage. We made use of this feature
to improve on execution time.

Since the smoothing kernel is separable, attempts to phzall 2-D separated convolution
by conventional block partitioning may not be optimal, espkly for larger kernel sizes be-
cause it requires the duplication of a large amount of boynpixel data. Hence, instead of
xed partitioning the image blocks are redistributed amdmgtasks between the convolutions
of two 1-D Gaussian lIters [48].

First, the 8-bit grayscale input imadeis divided intoN regular blocksN = 1;2, by a
column-wise partitioning and the blocks are distributedtgroup of threads. Each thread
convolves its own block data with 1-D IteGy, in y direction. Upon completing convolution
with every pixel|l (x;y), fromits block, each thread writes its result into a anotiiaceholder
imageJ atJ(y; x). This redistribution, similar to a parallel transpositiofithe entire image,
divides the image into blocks with row-wise partitioningowW J is partitioned column-wise
into N number of regular blocks, just &svas, with one thread assigned per block. Next, each
thread convolves its corresponding column-wise block fata J with 1-D lter, Gy, in x
direction (Fig. 5.1). Lastly, the data blocks of the threatlsmerged together to give the nal

result.
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There are 144 instructions in the NetBurst's Streaming SIM@eRsions 2 (SSE2) for ex-
tending SIMD computations to operate on operands that cotwa packed double-precision
oating-point data elements, 16 packed bytes, 8 packed sycfddoublewords, and 128-bit
packed integers. The operands can be either in memory oreha gight 128-bit registers
called the XMM registers. Each XMM register can accommodatéo eight 16-bit integers.

Using SSE2, the convolution operation between the smogtkénnel and a data pixel is
performed in parallel. First, the smoothing kernel, of lgng, needs to be loaded from mem-
ory into an XMM register. As each of the ve values of the kdrie oat, under single-
precision a oat is of size 32 bits. However, XMM registersxaaccommodate at most four
single-precision oats, leaving no room for the fth kernelement. Therefore, each 32-bit
single-precision oating-point kernel element is coneetinto 16-bit half-precision oating-
point element. These half-precision elements are thengohdero-padded to 128 bits and
stored in global memory. Since the kernel value remains amgéd throughout the smooth-
ing operation, storing it in the global memory eliminatepeated half-precision conversion
and packing operations. Access to this memory locationlgsvald through thread synchro-
nization as only one thread is able to read at any instantd thto shared memory region.
The kernel value is then loaded from memory into one of the XMlyisters acting as source.
The 8-bit value of the data pixélx;y) and its four consecutive column-wise neighbors (till
| (x;y +4)) are loaded into another XMM register that is the destimatido avoid exceed-
ing image boundary, the neighbors are substituted with & tWo XMM registers are then
multiplied in parallel. The result of a 16-bit by 8-bit mydlication is 24-bit oat which is
rst converted to converted to 16-bit integer using SSHEH3IST TP instruction [21]. Each of
its ve components of the multiplication result are summex the 16-bit result is converted
to 8-bit integer by usingConvert:T oByte() function of Visual C++ compiler, and stored in
memory location fod (y; x). The process is repeated till every pixel within a block fgiaen

thread is convolved.
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5.1.2 Intel Core Microarchitecture

Most of the algorithm's implementation remains similar ke tmethod described in 5.1.1,
in addition to some SSE4.1 instructions to help optimize $San smoothing on the Core
microarchitecture [40]. The 8-bit grayscale input imdges divided intoN regular blocks,
but for a larger rangdl =1;2; 4.

The most notable of these is instructiBOUNDP S rounds the scalar and packed single
precision operands to integer, and replad€éST TP of SSE3. On an averageOUNDP S
takes a minimum of 1 clock cycle, although cache misses andptions may increase the
clock counts considerably, compared®t6STTP's 2 clock cycles [21][20].

The use of SSE2/SSE3/SSE4 limits the number of threads hanefore blocks, to four as
each thread needs two XMM registers for SIMD multiplicateomd there are at most eight

XMM registers available.

5.1.3 Cell B.E. Architecture

The inputimage is a JPEG le, rstits header is read and cdpeethe output le. An array is
initialized to hold the corresponding value for each piXahe image. The PowerPC supports
the Big endian format and JPEG supports both big and littleagnioyte orders, therefore no
conversion is neccessary. In order to have maximum pag@ibelessing, computationally de-
manding processes are split amongst the six SPEs. Indtimizof the SPE is done at the PPE
by the creation of threads. Operations that require higberpautational resources and that
are independent with respect to other parts of the imagepéxseimmediate neighborhood
are processed in the SPE. The amount of data storage on thie&#PEtore is limited to 256

KB, so the image to be processed in our case, is dividedNnparts, varying\N overl; 2; 4;6

and send to each of tH& SPEs for processing. The data transfer from PPE to SPE is done

by direct memory access. Each DMA transfer instruction cansfer up to 16 KB. Multiple
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DMA transfers can be initialized and grouping is also pdsshy the use of tags. In this
implementation, the image to each SPE is transferred by MABransfers. The processing
of image is done by use of SIMD (single instruction multipkgta) instructions to increase

ef ciency. The computed data is transferred back to the PPEMA transfers again.

5.1.4 Graphics Processor Unit

We have used a separable Iter algorithm, similar to the argpied with the CUDA toolkit
to implement the Gaussian smoothing [38]. The GPU used iBIYH®IA GeForce 8 Series,
which has 128 SIMD stream processors working together ingg@f 8 to form 16 multipro-
Cessors.

A simple way to implement Gaussian smoothing in CUDA is to ladalock of the image
| into a shared memory array, perform a point-wise multipiaaof a Iter-size portion of
the block, and then write this sum into the output image inaememory. Each thread block
processes one block in the image, and each thread genesatggeaoutput pixel.

Our implementation has two components: host processing &fU. The host component
performs fast retrieval and decompression of image intessible arrays for kernel process-
ing. We used Climg, a third party image processing librarydfa retrieval. The data array's
format is in 8-bit row major order. The data then gets loadd¢d GPU global memory. The
GPU component performs the necessary steps of GaussiartrsngpAlthough most of the
implementation is optimized for CUDA architecture, not ajpacts are as ef cient as we
would prefer.

The source image data is accessed through threads that loadesponding pixel into
the blocks shared memory space. For a thread blodk of N, the non-separated M
Iter needs each thread block to load an additional bordeelsi of border widtrb'\"?c, or

4 N b'\"70+4 2b'\"7c border pixels. For a separatét M lIter, each Iter would only need
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Figure 5.2: Border and image pixels during Gaussian smogthah First pass: Whe6, is
convolved withl . b) Second pass: WhéBa, is convolved withJ .

pixels along a single dimension, making the total numberixélp loaded to b&l N bM7c.
Border pixels are necessary as convolutions near the edghieaal block will have to access
pixels normally loaded by adjacent thread blocks. Sinceeshememory is local to individual
thread blocks, before processing, each block loads its etvof$order pixels.

We use two functions to convolve the source imageith separable Gaussian lters of
size 5, and compute the gradie@g andG, for each pixell (x;y). The rst convolution is
between the horizontal kernél, and the source imagé, across the columns, to store the
obtained result in placeholder imade In this function, not all border pixels are memory
coalesced from global memory, this is because they do nohbdb the same half-warp base
address as the non-border pixels. The second convolutiovob@s the vertical kerneb,
with J down the columns. In this routine, the border pixels are ntgmoalesced since their

are contiguous addresses are correctly aligned aroundtir@arder pixels (see Fig. 5.2).
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5.2 Canny Edge Detection

Our implementation is is designed to process 8-bit or higlegath grayscale images, while
satisfying Cannys criteria for optimal edge nding. The merhance of the Canny algorithm
depends heavily on the adjustable parameteend the threshold values in edge-linking. The

input grayscale image, is in a linear, 8-bit per pixel format.

5.2.1 Intel NetBurst Microarchitecture

To nd the gradient magnitude, the 8-bit grayscale input@g®d , is convolved with separa-
ble Gaussian kernel of size ve and its derivatives, to ne timage's gradients i®k andy
directions. Thread,; andt, are created to calculate gradientsinirection,gy(x;y), andy
direction,gy(x; y), respectively. Both, andt, are executed concurrently.

To nd the image the gradient ir direction, the entire imageis rst convolved with 1-D
lter, Gy, iny direction. The result of this convolutiod, is then convolved with the derivative
of Gaussian irx direction, G2(x;y). The result,g,, is stored as a positive packed 24-bit
oat, in global memory to which threath has exclusive read/write access. The convolution
using SSEZ2 is similar to that described in subsection 5hutlwith blocksizeN = 1 and no
unpacking and type-conversion operations performed aemigeof computation. Similarly,
the gradient in y-direction is found by rst convolvinig with a 1-D Gaussian kernel ir
direction, Gy (X;y), whose result is then convolved with a 1-D derivative of Gaas kernel
iny direction,GS(x; y). The obtaned gradieng,, is stored as a positive packed 24-bit oat,
in global memory to which threaid has exclusive read/write access.

When both the threads andt, nish executing,g, andg, are added row-wise, ve pixels
at a time. The result of each SIMD addition is unpacked anegkdtm afloat imageg using

CImg functions. The threads are then terminated.
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During nonmaximal-suppression, we need to determine trectibn, = % of local
maxima which is an edge. This is done by computing the arcetaingf gradient in y- over
gradient in x-direction. For non-SSE case, computing is&dérigonometric functions is very
slow. TheC function atan() usually takes between 250 and 350 instruction cycles [34].
Evaluating inverse trigonometric function is performect@mper image dimension, slowing
down the entire process. Thus, this is the most prominenttifum to optimize. Even the
instructionF P AT AN has high latency and stalls the FPU for many (150-300) clgcles.
Notice that the angles need not be computed exactly singaatieaused only for interpolation
[30]. Therefore, it is feasible to use an approximation forerse trigonometric functions
[25]. Approximations to the arctangent function can be wi#d using second and third-
order polynomials and simple rational functions. Lagraimgerpolation-based and minimax
criterion-based approaches are used to obtain the polgh@woef cients. As elaborated in
[39], a second-order approximation farctan( ), with a maximum absolute error of 0.0038

radians, is thus written as

arctan( ) 2 +0:273 (1 § j); 1 +1

The approximation operation can be computed in three (twtipfies, one add) cycle
in most processors. Still, the dif culty in speeding-up aparallelizing 2-D non maximal
suppression is due to its non-separability. In [32], Neudteal. discuss a few optimizations
for 2-D non maximal suppression, but we have not attemptget it

In the hysteresis step, the image is divided into two blockso thread are created, one
for each block. Each thread performs edge-linking througtdresis on its corresponding
block. The higher threshold value is calculated as 10%, aweéi threshold value as 75% of
maximum pixel intesity of the image. The two threshold valugper and lower, are precom-

puted and stored in registers before starting hysteresesuds%¥ SSE'CMP P S instruction

35



to compare four packed single-precision oating-pointuesd of the image pixels, rst with
higher threshold value, and later with the lower threshatl®. For Thread# 1, we load
four consecutive pixel values into XMM2 and rst perform SIMcomparison with values in
XMMO that has high threshold values, until all pixels are gamed. This comparison yields
a high-thresholded image which is stored in an imalgefor later use in edge linking. We
then compare all image pixels, packed and loaded in XMM2) walues in XMML1 that has
lower threshold value, to yield a low thresholded im&ge However, both image3$ andK

are not complete, until Thread# 2 concurrently threshoigdsl walues from its image block.
For Thread# 2, we load four consecutive pixel values into X81&hd rst perform SIMD
comparison with values in XMM3 that has high threshold va)umtil all pixels are compared
and yields a high-thresholded image stored inWe then compare all image pixels, packed
and loaded in XMM5, with values in XMM4 that has lower threkhealue, to yield a partially
complete low thresholded imadge. When both Thread# 1 and Thread# 2 nish executing,
they are joined and terminated. The resulting imafyjesdK are now doubly thresholded

through edge linking to produce the nal result.

5.2.2 Intel Core Microarchitecture

Most of the algorithm's implementation remains similar ibhe tmethod described in 5.1.1, in
addition to SSE4.1 instructions to help optimize oatingmiaperations on the Core microar-

chitecture [40].

5.2.3 Cell B.E. Architecture

The process of nding gradient is described in Section 312 §onvolution of the given image
with a Gaussian lIter and its derivative, to smoothen thegmas identical to the method as

described in 5.1.3. The parallel implementation is basethempthread library which creates
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separate threads and allocates those threads to the cohexdry SPE, thus every thread is
associated with a SPE and can completely run simultaneously

The magnitude of gradient value for each pixel is computetistored in another different
array also the direction associated with this gradientevédustored in a array. The gradient
and its direction are passed onto the function for perfogmion maximal suppression. After
the non maximal suppression the values are sent to thrasgdighction. In thresholding
function all the values are rst arranged in ascending owmtlea the 10 percent of the initial
values is taken as higher threshold and 75 percent is takéowas threshold value. Then
depending in which range the value of pixels lie the deciganade whether a pixel is a edge
pixel or not. If a pixel value is between high threshold ana tbreshold, its eight neighbors
are checked if any one of them is having value greater tham thigeshold than this pixel is

also treated as edge pixel. The nal edges are written batkgoutput le.

5.2.4 Graphics Processor Unit

A GPU's hardware capabilities allow for fast performancedel-level operations required
for implementing Canny algorithm. Many steps, including ing image gradient and non-
maximum suppression, can be performed in parallel on a4exel. The primary goal is to get
an optimized parallel algorithm that utilizes the NVIDIA REGTX8800) SIMD architecture
model and processing power of the GPU. The approach useniusto that of [29], but
has 8-bit grayscale than 24-bit color images as input, witinoticeable loss in edge details.
The image width and height are a multiple of 16 pixels to tlggd memory access alignment
properties of the GPU. All of the kernel threads belong tougsoof 256, that i6 16,
threads per block. Generally, every thread correlates toghespixel for processing since the

Canny algorithm works on pixel-level.
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We rst nd the gradient of the image using the same procedasedescribed in section
5.1.4. Once the gradient magnitude and gradient directéme been found, another function
checks each pixel for the edge criteria and suppressesralédge pixels. Edge pixels have
gradient magnitudes greater than both of its adjacent pixethe gradient direction. The
non-edge pixels are suppressed by setting their gradiegmitoge to 0.

The process of hysteresis and connected components bggimarking all pixels that have
gradient magnitudes over the high threshold, whichG%oof highest present intensity value,
as a de nite edge. These pixels are placed into a queue armraestarting points for a
generalized breadth rst search (BFS) algorithm that adherehe speci ¢ constraints of the
CUDA architecture. Each thread block processes a sepattadé BES on a group of pixels
from the image. A group of pixels is de ned as the set of pixaigned with its corresponding
thread block plus a one pixel border around the blocks peeme

The main issue of connected components through hystere€I8DA is the necessity for
inter-thread block communication. Although threads withithread block can be synchro-
nized, threads in different blocks are not. This is probléenfmr a connected components
algorithm when adjacent pixels belonging to adjacent thitdacks should be connected but
cannot because of the locality of threads. As a result, aiipatis approach is taken, where

we call the function four times per iteration.

5.3 KLT Tracker

In KLT, the algorithm works at sub-pixel precision, whereaige areas are examined using
several matrix operations and error estimations with iratlsg Feature windows in frames are
never be identical because of image noise and intensitygasam hus, translation estimation
cannot be absolutely accurate, and as the errors accumtatéeature windows drift from

their actual positions. This algorithm excessively useatiog point operations causing high
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resource costs. Also, only small displacements can be astth{see 3.3), thus requiring slow
moving objects in the observed scene or high frame rateohttoming video stream, which
also results in high resource consumption.

Tracking in the Kanade-Lucas-Tomasi algorithm is accosigd by nding the parameters
that minimize a dissimilarity measurement between featunelows that are related by a pure
translation motion model. This is a source of potential jpaiam, because each calculation of
these parameters is independent. In feature selectiofedhg&e quality evaluation process is
similarly an independent calculation that only involvegechad feature windows, and contains

potential parallelism.

5.3.1 Intel NetBurst and Core Microarchitectures

Every image frame is read from memory, which is smoothed &nahulti-resolution pyramid
of image intensity and gradients is constructed. The trarks done on every frame using
the image pyramids corresponding to the current and previiames. Feature re-selection is
performed once in every frames for an approximately constant feature count in theker.
The value ok was set to 10, but this generally depends on camera motiothantumber of
lost features.

The multi-resolution pyramid of the image intensity andgtadients are computed by a
series of two-pass separable Gaussian convolutiynandGy. These convolutions are im-
plemented in MMX/SSE3 in chunks of 128 pixels and interlebreanually to avoid stalls.
After the corner response is computed, non-maximal supjaess used to de ne the actual
feature points. A feature point is declared at each pixelre/tiee response is stronger than at
all other pixelsin @ 3neighborhood. No sub-pixel precision is used. KLT trackpegiorms

a xed number of tracking iterations at each image resotustarting with the coarsest pyra-
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mid level. Each tracking iteration constructs a linear sysbf equations in two unknowns for
each interest point and directly solves them to update ttima®d displacement (see 3.3).
The rst thread bilinearly interpolates intensity and gextt magnitudes ir3 3 patches
around each KLT feature in the two images frames, and stbe®s in a temporary data-
structure. This interpolation is performed as a vector ati@n, where three consecutive row-
pixel data is packed in an XMM register. Various quantitiealeated aB 3 image blocks
are added rstin computing partial row sums followed by aggncolumn sum. Thread# 2 and
Thread# 3 evaluates all the six elements of the métrand the vectob and write them into a
different placeholder image for use of Thread# 4 in the the step. Thread# 4 which writes
the currently tracked position into the next row in the feattable. The invocation of these
four threads corresponds to a single tracking iteratiorhendriginal algorithm. At the end
of tracking iterations, the nal feature positions alonghwvi d and the SSD residual between
each initial and tracked image patch is loaded. An inaceuesture track is rejected when
its d and residual SSD exceeds the thresholds. During featuseleetion, a corner-ness
map with sparse entries is read back and non-maximal sugpreis done on it to nd new

additional features to track.

5.3.2 Cell B.E. Architecture

The tracking algorithm was rst implemented on the simplegée PPE architecture model
and then recoded for the parallelized PPE-SPE architentacel. In the parallelized model,

the PPE is responsible for SPE thread creation and I/O fumetind SPES perform the video
processing computation. The computational part is unifpdistributed on all enabled SPEs.
The number of SPEs therefore determines the number of tileeSRE module gets replicated

and executed.
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The data is grouped and kept ready for distribution to at BBoSIPEs. Each SPE can
directly access only its local store memory of 256 KB. The Spiesess the retrieved data
from the main memory through DMA transfer and once nisheditevback the data to the
same memory location again via DMA transfer.

The input is two consecutive image frames in JPEG format.eQhe data from both the
input images was retrieved, we store it into multi-dimensioarrays. We then apply the
tracking algorithm, described in section 3.3, usBwindow. Computationally demanding
processes are split amongst the six SPEs. Initializatiotn@fSPE is done at the PPE by
the creation of threads. Operations that require highermpcational resources and that are
independent with respect to other parts of the image extepnhimediate neighborhood are
processed in the SPE. The amount of data storage on the S&Estore is limited to 256
KB, so current image and the previous image of the sequendeaated into SPE 1 and 2 for
processing. The data transfer from PPE to SPE is done byt dirmory access. Each DMA
transfer instruction can transfer up to 16 KB. Multiple DMAisfers can be initialized and
grouping is also possible by the use of tags. The third andHdBPE bilinearly interpolates
intensity and gradient magnitudesdn 3 patches around each KLT feature in the current and
previous image frames respectively, and store them in adeampdata-structure. The fourth
SPE computes th& matrix while fth SPE determines vectdr. The currently tracked feature
position, and feature table is also maintained by SPE# 5 tAdenal feature positions along
with dand the SSD residual between each initial and tracked imaigé s loaded by SPE#
6, which performs feature re-selections and determines fgood” features to track..The
processing of image is done by use of SIMD (single instructiwltiple data) instructions to

increase ef ciency. The computed data is transferred bathea PPE by DMA transfers again.
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5.3.3 Graphics Processor Unit

Like implementation on other architectures, the GPU im@station consists of three main
modules, namely image pyramid generation, corner deteatiol the feature position update.

The creation of the respective image pyramid for the grdgsonput frames uses essentially
a straightforward implementation. As a preprocessingttegurrent frame is smoothed with
a Gaussian kernel before constructing the entire imagepgralhe rst horizontal pass con-
volves the source image with tlBeGaussian kernel and its derivative, yielding the smoothed
image and its horizontal derivative as two 32-bit oats padkn four 16-bit channels. The
subsequent vertical pass generates three 16-bit oat @igntine smoothed intensity image
and its x- and y-derivatives. The remaining levels of thegenpyramid are obtained by re-
cursive ltering with a Gaussian kernel. In terms of memogndwidth it appears to be more
ef cient not to generate the image derivatives while builglithe pyramid and to compute
the derivatives on demand in the tracking step. Image pylaising 16-bit oats store the
smoothed original image without loss in accuracy (since mpley a small Gaussian kernel).
The reduction in precision in coarser pyramid levels is nwiagor concern, but increases the
overall performance by approximately 30 percent.

The generation of the image pyramid already provides us thigh(smoothed) image gra-
dients required for the structure tensor computation, amdlsde box Itering exploiting the
separability yields the complete structure tensor. Thdlsmeigenvalue, i.e. the corner-ness,
of a3 3 matrix can be easily computed by a fragment shader, whichiedally performs
a thresholding operation and discards potential cornengalese to the image border. The
result of this operation is a oating point texture (encodadan 8-bit grayscale image us-
ing a packed representation), which has positive valuest@ngal corner pixels and zeros

otherwise.
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In order to avoid concentration of extracted features atifghly textured image regions, a
non-maximum suppression procedure is subsequently applie employ a modi ed column-
wise and row-wise max-convolution procedure, where atiehef the two passes, a positive
value in the resulting image buffer indicates that the resye position is a local maximum,
whereas negative values depict pixels, where the maximumpsgpagated from the cor-
responding neighborhood. Thus, each pass of the conwolassigns the value largest in
magnitude within the support window to the current position

Keeping already detected and successfully tracked fesatlunéng a re-detection step is very
simple: rendering points for the still valid features usengegative color with large magnitude
precedes the non-maximum suppression step, hence thaseeteare retained. It turns out
that rendering of such small point sets does not affect theadhperformance. At this stage the
GPU has ef ciently determined a binary mask for the full inedgdicating additional corner
points suitable for further tracking. Generating a comfliattepresentation of the respective
feature positions used in the subsequent tracking stepsowrkto be a nontrivial task for
data-parallel devices and usually referred as stream occtiopd17].

Essentially, stream compaction using histogram pyramrds computes a full MIPMap
pyramid by successive parallel summatior2of2 pixels similar to sum reduction by recursive
doubling. Thus, the total number of relevant pixels, i.eviyedetected feature points, can be
reported immediately from the coarsest level of the pyrafwitich consists of a single pixel).
In a second phase the compact list of positions is genergtachierarchical search using the
previously generated histogram pyramid. Finally, the melinumber of feature positions is
transferred to the host (main) memory for further proceagsin

The output of the fragment shader is a vector of oats comgjsdf the re ned positions.
Note, that there are several conditions resulting in io\lng features: the updated position
may be outside the image region, the image residual is tge lar the KLT iterations did

not converge. In all these cases the feature track is sigrednvalid by using particular
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values. In order to avoid weak local minima, the position gauh ratio updates are embedded
into a coarse-to- ne scheme using the image pyramids. @nhkSinha [42], and Zach [49]
GPU-KLT implementation, we use the third, second and zdes#l of the pyramid and skip

intermediate ones.
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Chapter 6

Experimental Results

This section presents results of three image processimyithigns discussed in 3 were op-
timized for execution on four multiprocessor architectugee 4. Each algorithm type was
debugged to produce same results on all the architectune&dussian smoothing and Canny
edge detection, we compared an algorithm's four outputsn ffour corresponding architec-
tures, with each other through correlation. For KLT, therfteature tables, one table each
from each architecture, were compared frame-by-frame. ofttienized algorithms that pro-

duced matching results were then selected and comparegdout®on times and throughput.

6.1 2-D Gaussian Smoothing

To evaluate the performance of Gaussian smoothing, tests pegformed on various multi-

core architectures. These tests showed an improvementnbsit one order of magnitude
in speed over a the Intel Core 2 Duo implementation. Table Itofvs the execution time of

Gaussian smoothing algorithm for all four architecturese Teft-hand column shows execu-
tion time for Lena.jpg and Mandrill.jpg, both standard tesages, of dimensions 1024.024

pixels and 1024 992 pixels respectively. Results from 