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ABSTRACT

Semantic object-based processing will play an increasingly important rolgtunef multimedia
systems due to the ubiquity of digital multimedia capture/playback technologiesmeneasing
storage capacity. Although the object based paradigm has many urddmégefits, numerous
technical challenges remain before the applications becomes pervaaitieularly on compu-
tational constrained mobile devices. A fundamental issue is the ill-posedepralf semantic
object segmentation. Furthermore, on battery powered mobile computingesdethe additional
algorithmic complexity of semantic object based processing compared tontimmad video pro-
cessing is highly undesirable both from a real-time operation and batteryeligpgctive. This
thesis attempts to tackle these issues by firstly constraining the solution spldoe@sing on the
human face as a primary semantic concept of use to users of mobile devicesel face detec-
tion algorithm is proposed, which from the outset was designed to be aledodhe offloaded
from the host microprocessor to dedicated hardware, thereby prgvietime performance and
reducing power consumption. The algorithm uses an Artificial Neural bidt(ANN), whose
topology and weights are evolved via a genetic algorithm (GA). The compoghtiorden of the
ANN evaluation is offloaded to a dedicated hardware accelerator, whaapable of processing
any evolved network topology. Efficient arithmetic circuitry, which levemgodified Booth re-
coding, column compressors and carry save adders, is adoptedhbudulge design. To tackle
the increased computational costs associated with object tracking or bagaszt shape encoding,
a novel energy efficient binary motion estimation architecture is propdseekgy is reduced in
the proposed motion estimation architecture by minimising the redundant operatigarent in

the binary data. Both architectures are shown to compare favourable witbl&vant prior art.
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CHAPTER 1

Introduction

Relentless progress in semiconductor technology is a key enabling fadte @ontinuous evo-
lution of modern connected computing solutions [1][2]. Both now and hisdtyichis evolution
is driven by the diverse needs of users in academic, military, businessamne environments.
For example the emergence of key computing platforms (mainframe, PC, edd)ffenent appli-
cation families (databases, spreadsheets, data networking, computeggetnjrcan be directly
attributed to these diverse needs. Moreover, whereas once compalteoltggy was only con-
sidered as a tool to assist in scientific and business calculations, it is nowesdgply ingrained
in many fundamental facets of our daily lives, such as entertainment (diigital, digital TV,
etc.) and communications (Voice over Internet Protocol (VoIP), email, nhsteessaging, etc).
With such ubiquity, the choice of which platform (server, PC, laptop, mobilécdestc.) a user
employs is typically a trade off between cost and/or requirements (compatiatesources, net-
working resources, interface, mobility etc). Increasingly, mobile de\soes as mobile phones,
smartphones, Personal Digital Assistants (PDA) etc are becoming a viablgoaular platform
for a range of applications. In 2005 alone there were over 800 million mobdegs sold [3][4].
This compares to approximately 200 million desktops, notebooks and x8érsewhich were
shipped in the same year [5]. In 2006 there were over 1 billion mobile prsmie$6].

There are many contributing factors to the popularity and success ohsoicite devices. A
fundamental desire for untethered voice communications fuelled the suctése initial First

Generation (1G) and Second Generation (2G) mobile phones. EmergirtgQdneration (3G)



1.1. THE EMERGENCE OF MOBILE MULTIMEDIA

mobile devices have a much broader appeal due to improved computatiortelesawmmunica-
tions capabilities. These mobile devices allow multiple forms of effective and immeecizemn-
munication. In addition, the improving general purpose computing perfarenahthe device
is enabling application convergence (e.g. telephone, video confegeriiort Messaging Ser-
vice (SMS), email, internet browsing, gaming, digital camera, digital audiedvjgayer, mobile
TV, etc) on the devices [7][8][9]. These additional applications amefieial in both personal
and corporate use scenarios, and allow “dead time” (e.g. commuting,igqgeet) to be used
more productively. This is a particularly valuable feature for todays ggaihich places such
a high value on the commodity of time. By augmenting the technical capabilities andviimgr
mass market appeal, mobile devices are now frequently designed andedaakenhighly desir-
able, premium priced style icons [10][11]. It is not surprising then to fisers who feel a strong
sense of attachment to their mobile device. The growing market for devisergisation (ring
tones, wallpapers, coloured fascias), which was worth over $3 billigtdwale in 2005, is strong
evidence of the desire of a subset of users to extend their personaliipdiaidualism to their
mobile device [12]. This is a clear indication of how deeply ingrained mobile&eds\have become
in todays social fabric. Coupled with the technical advances, this deratestrow increasingly
important the ubiquitous mobile device will become as a general purpose tiamptatform in

the future.

1.1 The Emergence of Mobile Multimedia

The widespread availability of low cost digital capture and playback dswvidth ever increasing
storage capacity, coupled with rapid advances in signal processwvenbay made digital multi-
media universal [13][14][11]. These technological advancessiole changing human behaviour
have affected all aspects of how multimedia is now created, stored, distridteconsumed. For
example, traditional sources of video content (TV, film etc.) are being manted by user
created content (e.g. mobile-video calls, video messaging, video blogs,[E35¢. In this new
paradigm, users are frequently empowered by the ubiquitous batteryqubwmbile device and
motivated by factors such as a desire for graphically enriched commumisatiofor filling “dead
time” by consuming multimedia content. These devices have the potential to affengag-
ing mobile multimedia experience for the user. Furthermore, reflecting a symisatdtonship,

increased multimedia processing capabilities is considered vital for futurderd®yices [16].



1.2. GRAND CHALLENGES FACING NEXT GENERATION MOBILE MULTIMBIA

BACKGROUND OBJECT

-,

SMALL BOAT OBJECT
SEMANTIC VIDEO *

OBJECT
SEGMENTATION

LARGE BOAT OBJECT

e

WATER OBJECT

Figure 1.1: Video scene decomposed into constituent semantic objects

However, numerous technical challenges remain to be solved befdrgerexration mobile mul-

timedia can become a reality.

1.2 Grand Challenges Facing Next Generation Mobile Multimedia

The phenomenal growth in digital multimedia in conjunction with the emergencenveogent
mobile devices has highlighted a number of open research challenges fi@zingeneration mo-
bile multimedia. Amongst others these challenges include semantic multimedia pmgcessl-
timedia content delivery and the issues arising as a result of the condtrasmurces available
on a mobile device. This section briefly outlines these challenges in orderg@gjtext for the
research undertaken in this thesis. A more thorough discussion of tisess iis presented in

Chapter 2.

1.2.1 Semantic Multimedia Processing

Rapidly increasing volumes of digital multimedia content emphasises a need foviedontent
structure awareness in multimedia processing algorithms. For example, thi®regnt becomes
apparent by witnessing the difficulties encountered whilst searching fasonal digital image
or video libraries devoid of meta-data. Moreover, bridging the gap betaeerrelated collection

of pixels and the overall semantics of these pixels, is of considerablditoenine entire end to



1.2. GRAND CHALLENGES FACING NEXT GENERATION MOBILE MULTIMBIA

Table 1.1: Novel semantic visual object based applications

| Phase | Example Applications \

Creation Video object reuse, virtual scene creation,
intelligent capture technology

Storage & Region of interest coding, spatial/temporal

Compression | scalable visual object coding, very low bit
rate object model based coding
Consumption | Semantic transcoding, video summarisation,
& Viewing content based interaction, intelligent
searching & browsing

Transmission | Increased error protection for semantically
important objects, event triggering based
on detection of semantic objects

end life cycle of digital visual data. The same conclusion can also be drhaut audio content,
however this research focuses on visual data only.

By processing visual data in terms of the encapsulated semantic object&idsek1), im-
provements can be made to a plethora of applications within the realm of videe/pnacgessing
and analysis. These include browsing, searching, video summarisatios¢cdding, region of
interest compression and scalable compression. This is already evidesgrsoof on-line digital
image and video libraries, where the growing use of manual annotationlgrsed as “tagging”)
of the semantics of the content considerably aids searching and brd&/gjfi8]. However, such
manual annotation is costly, tedious and inconsistent. Unfortunately, aut@aatantic segmen-
tation (the process of decomposing the scene into unique semantic visuzsphjed annotation
is an impossible task to solve in a generic fashion. These could be comkibengrincipal reasons
why semantic object based processing is not pervasive. Fundameatatiynatic segmentation
and annotation is an ill-posed problem. Even from a human perspectiieredif observers will
describe the same scene in different ways. In fact, even the sameabadr view the same
scene with different levels of granularity based upon their motives fovinge As will be shown
in Chapter 2, the problem can only be made tractable by focusing on sgpfication scenarios,
e.g. sports games, head and shoulder sequences etc. Despite thies@mnssand the likelihood
of non-ideal automatic segmentation and annotation, semantic processinfjessltioe potential
to assist and/or make possible novel applications throughout all phiagissial data processing,
albeit in constrained domains. Examples of such applications are listed inITablEhe proposed
research aims to contribute enabling technologies in this area.

Detecting objects at the point of creation on a mobile device rather than offtiree less

computationally constrained computing resource is an attractive proposstiballmws semantics
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to be introduced earlier in the digital visual data “life cycle”. This has themi@kto permit a
greater range of novel applications (see Table 1.1). For examplegdunmobile video call, the
detection of the most important semantic visual objects (e.g. human facadyl altow higher
quality encoding or increased error robustness for these objectsisTios possible if the object
detection does not take place on the mobile device. Unfortunately, evantiwiesolution space
is constrained, semantic object segmentation algorithms are inherently compaltptmmplex.
On a mobile device this computational complexity increase diminishes real timermarfoe and
increases power consumption. This is highly undesirable as mobile deuviteisfeom a variety
of limitations as will be described in Section 1.2.3. There is a clear conflict leetthee mobile
device hardware limitations and the requirement for robust segmentatiaittahg® for semantic

video processing. This provides strong motivation for innovative rekea this domain.

1.2.2 Multimedia Content Delivery to Mobile Devices

The evolution from the analog wireless infrastructure to 2G systems, viesgaily driven by

a need for improved mobile personal communications. Widespread advianaeeas including
voice quality, hand-off speed, spectrum usage efficiency, erbmustoess, etc. allowed 2G mobile
communications to be very successful in handling voice and low end datheFuore, the move
to 2G systems also enabled new services such as SMS, fax, Wirelessatipplierotocol (WAP),
etc [19]. These additional services provided extra non-voice ba&setue streams for network
operators and useful services for end users. However, with hdtidlimited to 9.6 Kilobits per
second (Kbps), bandwidth intense services such as video cornifegacvideo on demand were
not feasible. The emerging 3G standard, which uses digital packet sditehnology and can
achieve data transfer rates up to 2 Megabits per second (Mbps) is antatieaddress this issue.
Whilst high data rates are important, it is only one issue when carrying multimeai@arten very
lossy wireless communication channels. Multimedia content can tolerate sombdag&ver the
time sensitivity of delivery presents unique challenges. Fast handbofflatency and minimal
packet loss are fundamental to the success of streaming multimedia [2@sauwth underpins
current research in the area. Active research topics include qualdégreice, mobility support,
signalling protocols, network survivability etc and the impact these havewsiqronsumption on
the mobile device [21][22][20][23][24]. In the longer term outlooksearch has begun on Fourth
Generation (4G) systems, a principal feature of which is the seamlessaitidegsf multiple com-

munication technologies including Global System for Mobile (GSM), wireleasl Lbluetooth
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etc. Another important feature of 4G systems is the provision of servicesihgon contextual
awareness (location, environmental, health, activity). Clearly, prednewireless infrastructure
is vital for the successful delivery of next generation high resolutiolimedia content, however,

this is outside the scope of this research and will not be consideredrfurttigs thesis.

1.2.3 Multimedia Processing on Resource Constrained Mobile&ices

Multimedia processing is generally considered one of the most computatioeallgrdling tasks,
due to elaborate resource intense algorithms coupled with a requireménglichroughput per-
formance, frequently with a real time constraint. Yet a mobile device suifens a variety of
limitations, including low computational capabilities, low memory capacity, shortrydite and
strict miniaturisation requirements (size, weight, screen size etc). Therdéfe computational
demands associated with multimedia processing on a mobile device have the mdesirable
effects of reducing real time performance and increasing power ogutgan on the device. This
issue is further exacerbated by the trend for the mobile device to act aataopoconvergence
for multiple microprocessor intensive applications. Furthermore, as wasrtsrated by the fail-
ure of initial WAP services, users are unwilling to tolerate degradation in\teeath application
experience just for mobile convenience [25][26].

The system designer of a mobile device is now presented with the unenviailenge of
implementing high resource usage algorithms on low throughput and reslomited hardware
with short battery life. In particular, as further elaborated in Chaptere2sttiort battery life places
a major constraint on mobility, since the rate of battery discharge in a mobileedgei@rns the
operating time of the device between recharges. In addition, the batterliadsm direct impact
on the overall size and weight of the device. Unfortunately, the intuitipeageh to tackling short
battery life by improving battery technology is providing limited results, with battapacity
only improving by 5% each year [7]. Therefore, a more fundamentalagp is required, which
tackles power consumption as the cause of the short battery life. Treeesfacoupled with the
overarching impact of power consumption on circuit timing performancepsiliesource usage
and electronic component reliability have brought energy efficiency tdotteéront of design in

recent times. Energy efficient design is discussed in detail in Chapter 2.
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1.3 Research Motivation and Work Programme

Considering that there is huge consumer demand for novel multimedia appigatiomobile
devices, the issues outlined in Section 1.2 are unfortunate, particulargetc object based
processing could be considered an enabling technology toward thatTdoa provides the mo-
tivation for this research to explore viable implementation options for semarjéctgirocessing
on mobile devices. The proposed segmentation solution avoids attemptingudeeyatc inter-
pretation of digital visual data, and focuses instead on mid-level semaipict®bThis approach
is taken as there is an emerging belief that mapping low level pixels to (frdgweell defined)
semantic objects is a considerably easier task than a direct mapping frois tpixiverse user

semantics [27][28][29].

1.3.1 Novel Face Detection and associated hardware accelgon

In order to demonstrate a robust semantic video object segmentation satuti@noblem is con-
strained and focused on the segmentation of the human face as a funda®eraatic object of
benefit to users of mobile devices. As Chapter 2 will demonstrate, theraaarg approaches to
face detection. A fundamental goal of this research is to find solutionswane suitable for de-
ployment on a resource constrained mobile device and this has a major deflofetine choice of
algorithm. The proposed novel solution (see Chapter 5), employs antEwvary Artificial Neural
Network (EANN). During regular face detection, the computational coniiyl@ssociated with
the Artificial Neural Network (ANN) phenotype evaluation is offloadedhirthe host processor
to a dedicated hardware accelerator. As will be demonstrated in Chaples Bnproves energy
efficiency and real-time performance. This approach also offers tpego be retargeted to clas-
sify extracted features for other semantic processing tasks. In additiang to the widespread
deployment of ANNSs in a broad spectrum of classification, perceptiomced®on and control
applications [30], the core could be re-deployed for a number of apiplicaon a mobile device.
For example, by modifying the software, the same core that accelerateddtartion could be
reused as an accelerator for advanced Atrtificial Intelligence (Algdonputer gaming [31]. This
scenario along with a ARM microprocessor based hardware integrasiorework is depicted in
Fig. 1.2. However, applications other than EANN-based face detectooaudside the scope of

this research.
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Figure 1.2: Example of multiple applications leveraging a hardware ANN aatete
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1.3.2 Hardware Acceleration of Motion Estimation

Motion Estimation (ME) is a fundamental enabling technology widely used in widetpression
and video processing tasks. One such video processing task is traekirantic video objects
(such as faces) in video sequences. In the case of face detecibntracking can be used to
improve detection rates and/or reduce computational expense in multi-resdhuti® detection
algorithms. Furthermore, it is generally accepted that ME consumes 4@%otepending on the
configuration) of the total computational resources required in moderio @deoders [32][33].
The re-usability potential, coupled with the high computational expense, rividkessery suitable
candidate for low power hardware acceleration on a semantic videossingeznabled mobile
device. Chapter 7 describes the proposed ME architecture, which irei@anch is principally
employed to reduce the computational expense of the face detection algdesiunibed in Chap-
ter 5. With the target deployment of a mobile platform, the architecture is debigite low
power operation as the principal design constraint. This goal is achigvesploiting inherent

algorithmic and data redundancies.
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1.4 Research Objectives

The research goals of this thesis can be summarised as follows:
1. To design a face detection algorithm suitable for hardware acceleration
2. Evaluate the proposed face detection algorithm against prior avgedpn the literature.
3. To design and implement an energy efficient hardware accelerateAfdN.

4. To design and implement a flexible motion estimation core which can be usedendbe-

ing of binary shape associated with the segmented face .

5. To evaluate both hardware architectures against prior art within &daichmarking and

normalisation framework.

1.5 Thesis Structure

The thesis is structured as follows:

e Chapter 1 — Introduction
The introduction (this chapter) outlines the context and motivation for thearel con-

ducted in this thesis.

e Chapter 2 — Theoretical Background
The theoretical background chapter elaborates in more detail the telcboidext for the
research. The general topics covered are digital video processgiig(video compression

& semantic video object segmentation) and low power design.

e Chapter 3 — Face Detection: A Review of Popular Approaches
This chapter firstly presents a thorough review of the prior art in fatecten algorithms.

Conclusions are drawn from this review and a novel algorithm proposed

e Chapter 4 — A Novel Face Detection Training Algorithm
The proposed novel face detection training algorithm is described in détaitprehensive

details are presented for various training runs.

e Chapter 5 — Software Implementation of Trained Face Detection Algrithm

This chapter describes the implementation of the trained EANN face detectamnitlatg in
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software. Software profiling and optimisations are discussed. Faceidetperformance

benchmarking comparisons against prior art are then presented.

e Chapter 6 — Hardware Acceleration of EANN
A review of ANNs and EANN is firstly provided. The proposed hardwarehitecture for
the EANN accelerator is subsequently described in detail. This is followesl/@lyation

against the prior art.

e Chapter 7 — Hardware Acceleration of Motion Tracking
This chapter initially reviews related research in the field of motion tracking.etaikkd
description of the proposed motion estimation/tracking hardware architéstpresented.

This is followed by evaluation against the prior art.

e Chapter 8 — Conclusions & Future Work
This chapter provides a summary of Chapters 3,4,5,6 & 7, outlining the keayilmaions.
This is followed by a discussion which suggests avenues for futurensigaof the re-

search.

1.6 Summary

The growing market for mobile phones is a reflection of how ubiquitous lygti®rvered mobile
devices have become in today’s society. Multimedia functionality is seen asl @aitgponent
in the current and future success of these devices. However, irilyeresource intensive mul-
timedia processing algorithms present numerous implementation challenges ttheelitnited
computational resources available. In the future these challenges wiaoerbated by a con-
sumer demand for semantic content aware multimedia processing algorithmseSdasch aims
to help in this regard with contributions to the fields of semantic video object gegtimn and
dedicated video processing hardware. Specifically a novel facetidetedgorithm and energy

efficient hardware architectures for ANN and ME acceleration arpgs®d in this research.
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CHAPTER 2

Technical Background

This chapter reviews issues in digital video compression, semantic videct @ggmentation,
implementation options and energy efficient design principles in order toderaontext for the
research carried out. Previously in Chapter 1 it was highlighted that e paogress in digital
video compression algorithms is a fundamental underpinning technology pesponsible for
the ubiquity of high quality digital video on both mobile and tethered computing piatfo An
overview of these video compression algorithms/tools along with their assbdeptoyment in
industry standards is provided in Section 2.1. Section 2.1.2 discussesds®witleo compression
algorithm and tools can be extended to process content in terms of elatagsemantic objects,
which as was shown in Chapter 1, can facilitate applications allowing a plethbemefits for the
end user. A review of algorithms for the extremely challenging problem jeicblsegmentation is
given in Section 2.2. The contributions of this thesis within a semantic vide@gsot context
are outlined in Section 2.3. A selection of implementation options for advanced pidcessing
on computationally constrained mobile devices is presented in Section 2.4. Aaiisideration
for implementation of advanced algorithms on a mobile device is energy efficiehs such,
a detailed review of energy efficient design principles is given in Sectibn Phis includes an
overview of the sources of power consumption, as well as common ted@migged to reduce

power consumption.
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2.1 Digital Video Compression

Before considering digital vidéocompression techniques or semantic video object processing
algorithms, the fundamental properties and characteristics of raw uteshdagital video require
explanation. A raw unencoded digital stillimage can be considered to bmap $hot” of a natural
real world scene, which results in a two dimensional rectangular or squatrix of discrete
digital samples capturing the colours present. It is assumed that the rddlsgene contains
smooth continuous colour tones with bandwidth limited edges (these are tehetazs which
can be exploited in compression algorithms). Each resultant digital samplesgesentation
of the colour in the scene at a particular location. The colour can besemel in a variety of
different schemes (i.e. different colour spaces). In the most diohetrse each sample consists
of Red, Green and Blue (RGB) components. Typically, 24 bits per RGB tiipleonsidered to
give adequate dynamic range, although it is not uncommon for a greatdvemwf bits to be
used. For example, in some High Definition Television (HDTV) encoderfikcdatapaths and
medical imaging storage applications ten or twelve bits are used. As with allgaealo digital
sampling, Nyquist sampling theory must be considered, although the huyemopssual system
is quite tolerant to many aliasing effe€t84]. The size of the rectangular sampling matrix or
frame is application and transmission bandwidth dependent. For example bile devices with
limited screen size and limited transmission bandwidth, standardised resolutobress352 x 288
(referred to as Common Intermediate Format (CIF)) @t x 144 (referred to as Quarter Common
Intermediate Format (QCIF)) samples or pixels are popular, whilst at tiee etid of the consumer
market, European PAL based Standard Definition Television (SDTV) a@bd@\VHhave typical
active resolutions af20 x 576 and1920 x 1080 respectively.

Digital video temporally extends digital still image sampling. There is continuonpkag
of a scene at discrete time intervals in conjunction with spatial sampling in two diomsnsee
Fig. 2.1). The temporal sampling resolution is typically quoted as the numbeeamit per
second. It should be noted that the visual quality of the captured videeai influenced
by the spatial and temporal resolution. A high horizontal and vertical saghpliows a natural

scene to be captured with more fine detail and thus creates a greateoteaaksm. A high

LIn this thesis, unless explicitly stated otherwise, digital video is frequently tseefer to both digital video and
digital still images. This generalisation is made as digital video could be cmesido be a superset of digital still
images. That is, digital video is an extension of digital still images in the teahdomain.

2This is not always the case. For example, a familiar aliasing phenomegset particularly in older films) that is
noticeable and quite objectionable, occurs when the spokes of a fastgweaggon wheel appear to move backward.
This is caused by temporal aliasing [34].

12
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Figure 2.1: An example of a digital still image and video sequence
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frame rate (i.e. temporal sampling rate) allows objects within a scene that fgdvéetels of
motion to be perceived as having smooth continuous trajectories, whergssémpling rate
were lower the object could appear as having a disconcerting jerky mowerhvereasing the
frame rate obviously has a proportional increase in the unencoded@ibpfréhe video and this
is not desirable in many applications. For example, low bit-rate communicatiansiebcams,
mobile video calls) sometimes use a frame rate as low 5-15 frames per se@wele, this can
result in jerky motion. The use of 25 to 30 frames per second is generdiigiesat to capture
moving sequences for viewing on a mobile device, whilst a higher frame td 60 frames per
second is generally required for larger display sizes (e.g. SDTV) to &isivnoving objects have
smooth motion. When the trade-off between sampling resolution (both spadiééeporal) and
data transmission rates was encountered during the design of early Bvhission standards, a
solution termed interlacing was propogeth this scheme, only half of the frame data (even or odd
lines) is transmitted every frame. The reduced data frame is termed an exoh fozld depending
on the line type that was sent. The scheme doubles the perceived framéthate doubling the
bandwidth. Although, this is not without disadvantages, as distortions aelited. For the
remainder of this thesis it can be assumed that non-interlaced video (alem las progressive
video) is being used.

As previously mentioned, the RGB colour space is typically used during thelsay of a
natural scene into the digital domain. In addition, it is also used for outputigigadimages on
Cathode Ray Tube (CRT) or Liquid Crystal Display (LCD) units. In the R&aBur space each
component has an equal weighting. However, the human psychovigiahsis more sensitive
to brightness (luminance) than colour (chrominance). As a result a commogassing step is
to convert from the RGB colour space into the&,C,. colour space. Th& component repre-
sents luminance, and,C, are the chrominance components. The benefit of this colour space
conversion, is that the chrominance components can be subsampledaving storage and/or
transmission bandwidth. Video compression algorithms usually support 4:2:2,and 4:2:0 lu-
minance/chrominance sampling (see Fig. 2.2 for more details). The 4:2:0 sasg@ge is the
most popular for video compression algorithms and results in little or no dibéetoss in visual
quality and has the benefit of reducing the data by a factor of two.

Regardless of the format (resolution, sampling scheme etc.) chosennesgagded digital

video requires enormous storage capacity and/or transmission bandwidthexample, using

3Another motivating factor for interlacing was due to the limited refreshépéeathode ray tube based TVs of the
era
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the CIF format with 4:2:0 colour sampling and 25 frames per seconds reqaise x 288 x

1.5 bytes x 25 = 3.6255 MBps. Putting this into context, this low resolution format, which is
only suitable for a mobile device, requires in excess of 13 gigabytes @fggdor one hour of
video. This bandwidth requirement is at odds with the characteristics ofriet &pplication i.e.
extremely limited storage space available on mobile devices, limited bandwidth moirifalwco
nications and the relatively high cost of mobile communication data transmissiioese As a
further example, SDTV has a bandwidth requirement of 216Mbps, so wifbaher processing,
a DVD could hold little more than a few minutes of SDTV video. This clearly illustrétesneed
for efficient compression of video data. Fortunately, this can be adhigyexploiting the many
inherent redundancies in the video data representation. The tools uaeddao compression

system are explained in the following subsections.

2.1.1 A Generic Video Compression System

There are a number of broad categories of inherent redundancies withw unencoded video
data representation which can be exploited to achieve compression. ifihesent data redun-

dancies can be summarised as the following:

e Spatial Redundancies:
There is considerable redundancy between adjacent pixels, suchaagarhomogeneous
coloured regions like a blue sky. In addition, colour transitions are typiceaihlg, reflect-

ing the way they occur in the natural world.

e Temporal Redundancies:
There is frequently little difference between consecutive frames of vidExss considerable
motion and/or a scene change has occurred. This can be exploited byautihg and

transmitting those regions within the frame which have changed.

¢ Statistical Data Redundancies:
Some symbols used within the video compression system have a higheriptploloc-
curring than others. Rather than employ an equal word length for all thbag, if a shorter
word length is used for more frequently occurring symbols, an overdliateon in data can
be achieved. Morse code is a classical non-video example of wher¢icihtisdundancies

in a data distribution is used to reduce the bandwidth.
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e Properties of human visual system:
As previously mentioned, the human visual system is more sensitive to lumitizaice
colour. This is typically exploited by subsampling the chrominance componeraddi-
tion, the human visual system is less sensitive to areas of high frequancsharp colour

transitions.

Ideally the compression algorithm applied to the inherent video data redciedaat the en-
coder would be perfectly reversible at the decoder. This type of casioreis known asoss-
less Lossless compression is vital for example in computer file compressioritaiger where
any loss/corruption would destroy the overall message. Whilst lossless gmmpression algo-
rithms* exist, the compression achievable is small, typically in the order of 2-4x |85 the
exception of a small number of applications in niche atgthss rate of compression is insufficient
due to the sheer quantity of video data. Fortunately, from a compressispeptive, a perfect
reconstruction at the decoder is not always necessary. In manyatpig, the eye can tolerate a
loss. This form of compression is termkedssy since information is lost during the compression
process. The challenge then becomes one of balancing compressigneffi(i.e. size of the
resultant bitstream) versus acceptable visual quality for a given applicétidhe case of mobile
applications, it may also be tolerable to accept reduced visual qualitydaceel computational
complexity in order to improve the real-time performance and/or power effigisasons.

Mainstream video compression algorithms use a combination of interframe @affame
coding for both lossless and lossy compression (see Fig. 2.3(a))ramtieacoding exploits spatial
and perceptual redundancies and is coded without reference tofi@hmegs. Interframe coding
exploits temporal redundancies by using previous (and sometimes futanegd. In both cases,
further processing, known as entropy coding, is used to exploit thetgtaltidata redundancies.
This general video compression framework is typically known hglaid video codeand is the
basis of all modern video compression systems. Fig. 2.3(b) and Fig. 2&fe) the principal
constituent elements of a generic hybrid encoder and decoder in giletdér These elements are

explained in the subsequent subsections.

4Zero mathematical loss of visual quality at the decoder
5Such niche area applications include compression of video data butetsaasd intermediate storage of video in
production studios where quality is imperative
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2.1.1.1 Motion Estimation & Compensation

There is typically only a very slight change between successive franvegio. For example, Fig.
2.4(a) and Fig. 2.4(b) show temporally adjacent frames from a test iseggieA temporal pre-
diction model at the encoder & decoder can exploit this redundancy dinatevide compression
provided the model parameters and any correction terms are less thawthixehinformation.
As can be seen in Fig. 2.4, if frame one is subtracted from frame two, tlieiaégnergy (shown
scaled in Fig.2.4(d) for ease of viewing) contains considerably less d#talreasonably intu-
itive that the residual frame will require less data bandwidth than the orifiaale 2. In fact,
the entrop$§ of the original frame two is 7.15 bits/pixels, whereas that of the temporalqie
residual is 4.38 bits/pixels. In the previous example the temporal predictiorlmad the most
basic available, that is simple frame differencing. More complex temporallsiode reduce the
entropy further by more accurately capturing the interframe temporal mhiawhich can be
attributed to a combination of camera motion & object motion. However, for peddtitpplemen-
tation purposes the choice of temporal prediction model is also a tradetaféde complexity,
memory requirements and prediction performance.

A generic temporal prediction model can be considered to consibtbn Estimatiorand
Motion CompensatianMotion estimation attempts to establish the motion that has occurred be-
tween frames, whilst motion compensation uses the motion vectors gene@teth& motion
estimation process to retrieve the predicted block. There are two main appsaased commonly
for motion estimation, gradient descent based algorithms and block-matdpordgtans (see Fig.
2.5). Of these, the block matching approach gives acceptable predietifamrpance whilst using
less computational resources when implemented in either software or marditee block based
algorithm examines eacll x N block in the current frame and finds the associated best match-
ing block within a predetermined or adaptiv pel search range in a reference frame(s). Motion
compensation uses the motion vector associated with the best match to retrieygptbpriate
block, which is then subtracted from the current block to generate acficedresidual. The pre-
diction residual is then used in subsequent processing. A subtle poistihait be noted is that
since differences will likely exist (i.e. due to the lossy process) betweefrdlal” previous frame
and the decoded previous frame in the decoder, the motion estimation/cotiqre psacess does
not use the real previous frame but rather uses the decoded frameeincib@er (see Fig. 2.3(b)).

Itis also worth emphasising the fact that block based algorithms estimate the wiaigrnoup

SEntropy is a measure of the amount of information content in an informatarce

18



2.1. DIGITAL VIDEO COMPRESSION
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Figure 2.4: Temporal Redundancy in Video Sequences
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of pixels. This generally works quite well, as semantic objects are generatlly targer than the
typical range of block sizes, thus frequently the block based motion estinzgjorithm generates
a motion field that is relatively consistent with the trajectory of an object. Thekldize leads to
certain characteristics of the resultant motion vectors and prediction atsilsmall block size
can give very good prediction results, but is also likely to get caught il lminima which are
not consistent with the true motion of the object. Although in video compressavablishing the
true motion is a secondary concern compared to energy minimisation of thietgredesidual.
In contrast, in other video processing applicatfotiee true motion is of principal importance. A
further issue with a smaller block size is that there is also an increased caimpaitaomplexity
cost in the motion estimation algorithm. However, it could be argued that theegtéssue with
smaller block sizes for video compression is that they require a greaterenaiimotion vectors
to be added to the bitstream. So although the prediction residual may havendegg, eéhis is
counter balanced by the increased bits required to store the motion véldteralternative option
of using a large block matching size is also not without disadvantagesx&ampde, on occasions
it lacks the resolution necessary for complex motion fields in highly detailed®i@cg. a block

containing the edges of two or more objects moving in differing directionsis ifhue of block

"For example, in frame rate conversion for HDTV decoders (i.e. 5Bt@fnes Per Second (FPS) to 100/120 FPS)
inaccurate motion vectors lead to poor interpolation results with highly objedilerartifacts.
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Figure 2.6: Block sizes used in H.264 motion estimation)

size is addressed in newer video compressions standards (MPEGelagrkater extent MPEG-
4 part 10 / H.264) through the use of variable block size. H.264 useg@hge optimisation to
establish the optimum trade off between a range of block sizes (see Figth&&juality of the
prediction residual and the cost of the motion vectors.

There are principally two constituent elements in a block matching algorithm:; thie tolatch-
ing routine and the search strategy. The search strategy finds appeaq@ndidate blocks within
a search window, whilst the block matching evaluates a distortion metric (legahdarity) be-
tween each candidate block in the search window and the current block icuthent frame.
The search strategy and block matching typically operate on just the luminangenent, with
resultant motion vectors scaled for the chrominance blocks accordingc¢brbiminance subsam-
pling strategy employed. A wide variety of matching criteria can be used, thekgle Mean
Squared Error (Egn. 2.1), Mean Absolute Differences (Eqn. 21y 8f Absolute Differences
(SAD) (Egn. 2.3), Binary Block Match (Eqn. 2.4), SAD summation truncat®AD estimation,
Reduced Bit Mean Absolute Difference, Minimised Maximum Error funct@2j[ The matching
criteria is a complexity/prediction performance trade off and represeritisl @@mputational com-
plexity decision as the distortion metric is typically inside deep inner loops otlsestrategies.
For example, in the case of binary valued pixels (single bit representatioppmsed to 8 bits) the
SAD calculation is simplified. This allows the subtraction operation in Equation 28 teplaced

by a single bit XOR, since the difference between two pixels will be eitherl drhe absolute
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function is also implicit in the XOR function, because the XOR cannot givegatine result. The
operation reduction coupled with less data (1 bit instead of 8 bits per pixetrgied through a
binarisation/quantisation process) is beneficial from the point of viewwoiputational complex-
ity. However, the lack of pixel value granularity typically leads to degradaitiothe quality of

the motion vectors, which causes the prediction residual to have moreyerdany distortion

metrics were evaluated by Kuhn in terms of image quality (PSNR) and implementataksr
(area, throughput, power) [32]. He found that the SAD metric gavetimam trade off between

complexity and efficiency/quality.

| =Mi=N
N SN . a2
MSE (BCUTT7 Bref) - M x N < : (Bcurr (17]) Bref (Z,j)) (21)
=1 j=1
1 i=M j=N
MAD ch'r? Bre = curr .7 ) — re .7 . .
( D=2 N 2o 22 1 Beurr (0:3) = Brey (i )] (2.2)
=1 j=1
i=M j=N
SAD (Bcurra Bref) = |Bcurr (Z>]) - Bref (Z7])| (23)
i=1 j=1
i=M j=N
Binafy SAD(Bcurra Bref) = Z (Bcurr ('La]) ® Bref (l,j)) (24)

i=1 j=1
In Eqn. 2.1 to Eqgn. 2.4, is the block under consideration in the current frame Bng is
the block at the current search location in the search frame. The blaclssiz x N.

Once the distortion metric is calculated between the current block and meéeldock, the
process repeats until all of the search positions defined by the sdeatdgyg within the search
window are examined. The block match which gave the minimum distortion metric stk
be the most suitable match and used for subsequent processing. fiehanide variety of search
strategies that can be used. The choice is typically a complexity/perfornraciecoff, with the

following being the broad options available [32]:

e Exhaustive full search algorithm
This searches every position within the search window and as suchsalyxass the best
results, but it is also very computationally expensive. However, thdagtuof the search

positions is suitable for hardware.

e Fast exhaustive search

This search strategy eliminates non-optimal search positions while maintairingbmo-
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tion vectors through early termination of distortion metric calculations. Sometimes this

process is called a SAD step cancellation search strategy.

e Fast heuristic / logarithmic search strategies
This approach uses the assumption that the distortion metric monotonicallysesneav-
ing away from the minimum point to reduce the number of search positionsevythere
is the distinct possibility of this search strategy getting stuck in a local minimum, vitnich
turn yields a higher energy prediction residual. The three step searoleiample of this

approach.

e Hierarchical or multi-resolution search strategies
An initial search takes place in a low resolution version of image, progedgsiigher res-
olution searches take place in the parts which exhibit the best promise. thgmapproach
reduces the number of search positions relative to the full search amuhced to the loga-
rithmic search strategies, the hierarchical nature can help to avoid local nioerta a low
pass filtering effect. However, local minima issues are still possible for segatins which

disappear during the sub-sampling process.

e Zone based search strategies
These search strategies employ numerous stopping thresholds, whibh adwantageous
in a rate/distortion sense. For example, a spiral search coupled with multiphthds de-
fined for different search radii could terminate calculations early if drteeopredetermined

thresholds was reached.

e Motion vector prediction and dynamic search window size
These two techniques can be applied to most search strategies. A predfdti@enmotion
vector can be used to seed the search strategy. In the ideal case rédratipn is accurate
enough (i.e. below a specified threshold), no further processing isreelq Otherwise
a conventional search is carried out around the motion vector prediétéor example,
a logarithmic or zone based search strategy is then used, the motion vesdatipn is
still likely to reduce the overall number of operations necessary to giegistactory result
and/or improve the quality of the prediction residual. In a similar fashion, amynsearch
window can be used to reduce the number of operations by constrainiagaheh window
in areas of predicted low motion. Typically spatial and/or temporal correlatiethods are

used to estimate the motion vector predictor and search window size.
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2.1.1.2 Transform Coding

Most mainstream video compression systems use transform-based algpnithiols literally
transform the spatial information (i.e. the pixels or a motion compensated poadiesidual)
into an alternative representation which is more amenable to compressioralt€higtive repre-
sentation is almost always in the frequency domain. Whilst both the spatiadaarsfiorm domain
are equivalent, spatial redundancies and the sensitivities of the hunuaah system can be more
easily exploited in the frequency domain. This is because energy in a lrsten is concentrated
in low frequencies and in addition the eye also has greater sensitivity to foyggrency content.
Therefore, once the spatial data is transformed into the frequency dosuasequent processing
can direct greater coding resources to those frequencies whicheaneotte perceptually impor-
tant.

Many transforms have been suggested for image and video compresdiatirig Karhunen-
Loeve Transform (KLT), Singular Value Decomposition (SVD), Disci&tevelet Transform (DWT),
Fourier transform, Discrete Cosine Transform (DCT) etc. The ideaétoam compacts the largest
amount of energy into the smallest number of coefficients. The KLT is optimuerims of pack-
ing the greatest amount of energy into the fewest transform coefficiédntsontributing factor
for this performance is that the KLT calculates the optimal transform matrixldack by block
basis. However, for practical implementation purposes the choice ofdranss a trade off be-
tween energy compaction, reversibility and computational complexity. TheiKlekcessively
computationally demanding to be practical and in addition requires consideratrhead to be
transmitted to the decoder. The DCT is a close approximation to KLT in terms fafrpemce
and is reversibf but requires considerably less computational resources and rioeagecom-
munication to the decoder. For these reasons the DCT is frequently used ia andgvideo

compression systems.

2 s (2j + 1) kr (20 + 1) Ir
F(k,1) = WO(Z:)C(Z) ; y;) f(x,y)cos {QN] cos [2]\[] (2.5)

8n theory the DCT is perfectly reversible in the IDCT, but due to issueh ssdinite precision arithmetic, mis-
matches can occur. MPEG-2 and MPEG-4 tackle this issue using techrigak as oddification and LSB toggling
[35]. H.264 avoids the problem by using an integer based transfonichvis exactly reversible

24



2.1. DIGITAL VIDEO COMPRESSION

Probability x[i](j] not zero

F 1) = —2 CRC)F (K, D)cos [W] cos [W] (2.6)

The generalised form for the 2D DCT transform and the Inverse Dies@esine Transform
(IDCT) is given in Egn. 2.5 and Eqn. 2.6 respectively. In both casks ®, 1, ... ,N-1and F(k,
[) denotes the DCT coefficient at coordinate (k, ). Whilst f(x, y) is theuinpixel at (x, y) with
C(0) = % and C(k) = C(l) = 1 otherwise [37]. The DCT can be calculated for aayangular
array of pixels, though in video compression&r 8 matrix is generally used. This results in 64
coefficients, each of which can be considered to give a measure ahluglv content is contained
in that frequency. For example, the top left corner of the coefficientixeapresents the average
(or DC) value of the block, whilst the bottom right hand corner contaimserd having the highest
horizontal and vertical frequency present in the block. As natueries tend to change slowly,
it is intuitive that the energy is concentrated in the DC value and lower freryueoefficients
with the higher frequency coefficients typically having much smaller valube.characteristic is
demonstrated in terms of the probability of non-zero coefficient values uwr&ig.7 [36]. For a
more thorough mathematical treatment of the DCT the reader is referred ttéinsige research
in the literature [37]. Extensions and variants of the DCT are also commoh,asuthe integer

based DCT found in the MPEG-4 part 10 / H.264.
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2.1.1.3 Quantisation

As discussed previously, the DCT or indeed other transforms do notressphe source im-
age/frame data, rather the compression is achieved through the usentibatian and entropy
coding. The purpose of the quantiser is to remove transform coefficidnith have less percep-
tual contribution to the quality of the reconstructed block. This is an inherdwgky process,
data discarded through coarse quantisation at this phase cannobbereeclater at the decoder
and as such the compression achieved is a trade off with the quality of thestaection at the
decoder. There are principally two main types of quantisers, scalatisgi@which operates on
a single coefficient and vector quantisers which processes multipleciertf§i. Vector quantisers
use codebooks and can be used to quantise transform coefficieats pixel values. For exam-
ple, in the GIF standard a vector quantiser is used to reduce the numbeoofscin a block.
However, by far the most frequently used quantiser in video codecs ss#t@ quantiser. Whilst
nonlinear scalar quantisers exist (e.g. Lloyd-Max quantiser, entropgt@ined quantiser, etc),
the uniform linear scalar quantiser (which is also the simplest) is frequenthdfto be the most
effective. A uniform linear scalar quantiser has equal step sizes anddbnstruction value is set
to the centroid of the step. A larger step size reduces the precision oftileardg quantised coef-
ficient and thus also reduces the number of bits necessary to store ffigi@ue In cases where
the coefficient has a low initial value, quantisation can make the coefficiaitie null. Normally
the quantised coefficient is scaled by the step size and rounded befibrer forocessing in order
to reduce the entropy. A simple extension of the uniform scalar quantiseh&véoa “deadzone”
(i.e. an input region which has output quantised values of zero) arpenud This is useful as it
can force a greater number of small valued high frequency coeffidiezisro. A quantiser with
a deadzone typically has a variable step size and generally the step sizdifofixa quantiser
without a deadzone. A fixed step size is generally used for DC coeffioidmereas a variable step
size is useful for AC (i.e. non DC) coefficients. Different codecs emgifferent configurations

of stepsize and deadzones and this is covered extensively in the litdG8]jB5][39].

2.1.1.4 Entropy Coding

In the case of an inter-frame, motion estimation/compensation is used to make aakeprpe
diction generating motion vectors and a prediction residual. The motion contpdmeaidual or
in the case of a intraframe, the raw pixels, undergoes DCT transformatimm wnesults in DCT

coefficients that are subsequently quantised. The motion vectors (fdramtes) and quantised
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Figure 2.8: Zig-zag scanning of quantised DCT coefficients

coefficients along with other encoder configuration settings (e.g. rbesymisation points, mac-
roblock headers, etc.) must be added to the final bitstream in order fdetugler to be able to
reconstruct the frame. It is feasible to think that each of these informatiig or symbols (as
referred to in information theory) can be added directly in byte format to itisérd|am without
further processing. However, by exploiting the statistical probabilitiesebtiturrence of these
symbols greater compression can be achieved. This is essentially the@ofmtropy Coding

to assign shorter code words to the more frequently occurring symbdksa liossless process,
so no further degradation is introduced. The theoretical minimum numbetsaideded to code
an information source (termed the entropy) is given in Equation 2.7. Thitiequdemonstrates
that the higher the probability (shown &sin Eqn. 2.7) an event has of occurring, the lower the

number of bits required to store the symbol.

H(r) = Y PiLogs (2.7)

Prior to entropy coding, the quantised DCT coefficients are reorgaimsedh format that
lends itself more readily to compression. After quantisation many of the DCifigiesnts are
zero. Instead of each zero coefficient undergoing entropy codisgnple technique known as

Run Length Codings used that replaces the number of consecutive values (e.g. zero) with th
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value and the number of times it repeats. For greatest compression frolength coding it is
imperative to maximise the number of consecutive zeros. Whilst the quantisffitients can
be read out in a raster scan order, the runs of zero valued high fregeeefficients would be
frequently interrupted by non-zero low frequency coefficient valdesa result &ig-zagscan is
used to maximise the length of consecutive zeros. This scanning ordemia §hFig. 2.8.
Following zigzag scanning and run length coding, the DCT coefficientgaldth the motion
vectors and other configuration parameters undergo entropy codiegwb most widely used en-
tropy coding algorithms in image/video compressiontnéfman CodingandArithmetic Coding
In its simplest form Huffman coding can be considered to consist of twegshaource reduction
and codeword reconstruction. Source reduction is an iterative rotesmbining symbols with
increasing probability, until only two combined symbols remain. Starting fronfitiaétwo sym-
bols and working backward to the original symbols, codeword recarigiruallocates codes of
increasing length at each symbol combination node in such a manner thayealgol is uniquely
decodeable [34]. Inreality, in video codecs, the Huffman codes amfmulated for generic video
material (e.g. differentially coded motion vectors, transform coefficietts) and stored in look
up tables [35]. Huffman coding is optimum if the symbols have probabilities tleahagative
exponents of two, if not the theoretical minimum number of bits cannot bénegacOne way
of improving the performance in such a case is through the use of arithmdtitgcarhis codes
groups of symbols together, so overall a fractional number of bits cassigned per symbol. Es-
sentially arithmetic coding works by continuously updating probability codes$ paitputting bits
when the most significant bits will not change further [38]. Performang@ovements of 5%-
15% have been observed when using arithmetic coding compared to Huffodarg, although

the computational complexity does increase [38].

2.1.2 Semantic Video Object based Compression

Traditional video processing algorithms such as MPEG-1, MPEG-2, et trsual data as a
sequence of rectangular frames [38][34]. Whilst advances in exgiapatial and temporal cor-
relation in image and video data have lead to ever increasing compress®amdtegnproved re-
constructed quality, the approach is inherently unaware of the semantitustrof the visual data
[40][41]. In contrast, once a segmentation mask is provided for eanars& object, ISO/IEC
MPEG-4 Core profile provides a complete semantic multimedia compression foakng42].

This allows a video sequence to be compressed in terms of one or more sewidetiobjects,
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Figure 2.9: MPEG-4 Video Obijects

each with associated texture and alpha (i.e. shape) information. The bbpsd compression
paradigm is much more powerful than previous generations of MPEGasthdcause as was
noted in Chapter 1, it potentially allows improvements in a wide variety of applicatidthin the
realm of video/image processing and analysis, including browsing,lsegrwvideo summarisa-
tion, transcoding, region of interest compression, error protectiosealeble compression.

Shown in Fig. 2.9 is a snapshot of the “Foreman” test sequence with thei@esl segmented
texture and alpha information. Similar to the way that a snapshot of video isderfn@me, a snap
shot of a video object is called a Video Object Plane (VOP). The assdah&pe information can
be either binary or greyscale (e.g. shown in the binary form in Fig. 2.Minary shape mask
indicates whether each pixel is part of an object, whereas greysege stiformation allows an
object to have varying levels of transparency, which is useful forditgnan object (particularly
the edges of the object) onto a background. A snapshot of the bindry iafformation is termed a
Binary Alpha Plane (BAP), whilst a coding unit or block with the BAP is freqtly referred to as
a Binary Alpha Block (BAB) and is normally sizeld x 16 in MPEG-4. There are three distinct
types of BAB: transparent, opaque and boundary. An opaque BAHIisifiside the object and
appears as white in Fig. 2.9. A transparent BAB is a BAB that is completelydeutise object.
A boundary BAB is as suggested by the name, a BAB on the edge of the abjgincorporates
pixels which are fully inside and fully outside the object.

To facilitate the added object based functionality, modifications to the conwahtiybrid
codec (see Fig. 2.3(b)) are necessary. In particular, variants ofatlidonal frame based DCT
and motion estimation tools are used [43]. The video object shape informatomigressed in a

dedicated shape encoder, which principally consists of binary motion estimatgub-sampling
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unit and context arithmetic encoding [44]. The shape coder will be exgddammore depth in the
following section. The DCT transformation is replaced by the Shape Adapliscrete Cosine
Transform (SA-DCT). Using the alpha information, the SA-DCT transfonly pixels which are
part of the object. Transparent BABs are ignored, while the SA-D@drteto a regulag x 8 DCT
transform for fully opaque BABs. The shape adaptiveness of theftran is used on boundary
BABs, where pixel shifting is used to facilitate a variable point DCT. Motiaimastion must also
be modified for object based processing. The most direct approaclhysisgs pixel padding
for boundary or opaque BAB texture blocks. The alternative approépolygon matchingonly
evaluates the distortion metric on those pixels which are part of the object. uglthmentioned
in Chapter 1, it is worth reiterating that the segmentation of the objects is noeddfy MPEG-4.
Nevertheless, the availability of MPEG-4 highlights that if semantic video obgetavailable,
efficient compression and transportation of those objects is alreadiblgos$MPEG-4 object
based processing does however introduce an additional computatastadver the non-object

based MPEG-4 simple profile.

2.1.2.1 MPEG-4 Shape coding

The alpha information represents additional overhead which must be caoatedhto the de-
coder, therefore it is logical that this information should also be compiesaebinary shape
encoder is used regardless of whether the alpha information is binargysogle. This is because
the shape of the greyscale alpha map is encoded using the binary alptingnitow, whilst
the greyscale transparency information is coded in a transform baseesgr Only binary shape
encoding is discussed here.

The simplest encoding scenario is if the BAB is fully opaque or fully traresparin these
cases only a short Variable length Code (VLC) header is added to thesitstrHowever, for
boundary BABs a more involved processing is required. To encodeaaybé@pha pixel within a
boundary BAB, the shape encoder uses neighbouring pixels @dferas a context map/template)
to generate @ontext numberThe context number is then used as an index into a look up table.
This indexed entry gives the probability that the current alpha pixel isjupdased upon the
neighbouring pixe The retrieved probability is then used to drive a binary arithmetic encoder.
All alpha pixels in the boundary BAB are encoded like this before the ouipthe arithmetic

encoder is added to the bitstream. The context is created either from withsautie BAP (i.e.

%If the pixel is transparent the retrieved probability is inverted
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Figure 2.10: MPEG-4 Binary Shape Encoder

intra coding) or a combination of the current BAP and a reference BAR{ter coding). In total

there are seven distinct modes with which a binary shape encoder (se2 F)y can choose to
optimally encode a BAB. The entire process is lossless, although lossy essigr is supported
through an optional BAB subsampling scheme. An in-depth review of bishape coding is
presented by Brady [44].

In three of the encoding modes when the BAB belongs to an Inter-VOP, tamedundancy
can be exploited through the use of motion estimation. The binary motion estimatiogspris
worthy of further explanation, as it has been shown that it consume90%eof the total resources
required for binary shape encoding [45]. As shown in Fig. 2.11 a Mo#ector Predictor for
Shape (MVPS) is firstly found by examining neighbouring shape and tertacroblocks1(6 x 16
blocks), (see 2.11). The first valid motion vector in the sequence [MWBAS2, MVS3, MV1,
MV2, MV3] is chosen as the predictor (where MVS is the motion vector fapshand MV is the
motion vector associated with the texture). Once the MVPS motion compensatesbioek is
retrieved it is compared against the current macroblock. If the ertarde® each 4x4 subblock of
the MVPS motion compensated BAB and the current BAB is less than a spdobifesthold, the
motion vector predictor can be used directly. As the shape decoder essstie routine to select

a motion vector predictor, it will select exactly the same predictor. Thus there need to send
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the MVPS to the decoder, reducing the bandwidth overhead. If the MVRBmM@mpensated
error is not less than the threshold a Motion Vector for Shape (MVS) igined} The search
window is typically£16 pixels around the MVPS BAB. Any search strategy may be used to find
the best match within the search window and sub-pel search strategiestarecessary due to
the lack of granularity of the alpha information. The designer is also frebdose any distortion
metric, with the binary SAD (see Eqn 2.4) being the obvious choice. The betkein binary
shape coding for semantic objects within MPEG-4 is the calculation of the MXW&pi€r 7 of this

thesis addresses this issue with a dedicated hardware architecture.

2.1.3 Image & Video Compression Standards

Standardisation plays a pivotal role in the success of modern image anctaichgpression codecs.
With the plethora of manufacturers and the many possible platforms to suppadet; standardis-
ation ensures interoperability. This can also help to accelerate consureetamce of a particular
standard. Over the last two decades, groups within the Internationalé®thsation Organisation
(ISO) and the International Telecommunications Union (ITU-T) have leerriving force be-

hind video codec standards. The standardisation process is open itiad) participants, with

contributions made by both academic and industrial partners. This is facilttatatgh delegate
meetings every two to three months throughout the world, where techntedbdend time-frames
for deliverables are agreed. The following sections give a briefviserof the video codecs that

these groups have produced. For completeness, the JPEG still imagdscatd® be discussed.

2.1.3.1 JPEG

In the early 1980's, study groups in the ISO Picture Experts Group JRBGITU-T were working
on compression schemes for digital still images. The separate groupsocatidband formed the
Joint Picture Experts Group or JPEG, which became the name of the new ¢odee Baseline
JPEG firstly applies the DCT transform to the pixels from the input image (colmversion and
normally chroma subsampling is initially carried out). This is followed by quantisatithe DCT
coefficients, zigzag scanning, run length encoding, descriptor gégmeand finally entropy cod-
ing. Extensions to the JPEG standard, include progressive encodiadiidg. With this extension
an image can be decoded with progressively greater detail. This is tmelfulernet applications,
as it allows an image to be viewed (albeit in lower quality) before downloadicgrigplete. A

non-standardised JPEG extension catering for video is known as M&®iB6 JMIJPEG). This
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effectively treats each frame as a single picture and encodes it adisumcany respects this could
be considered to be similar to an intra only video codec. The latest incarmdtiba JPEG stan-
dard is known as JPEG 2000. The fundamental difference from thmaligtandard is that the
DCT transform is replaced by a wavelet transform. JPEG-2000 achigeater compression with
less objectionable artifacts (due to the properties of the wavelet transfadditional features of

JPEG-2000 include region of interest coding and digital watermarking.

2.1.3.2 H.261 and H.263

The demand for low bit rate video telephony and video conferencing in théortate 1980's were
the motivating factors for the ITU-H H.261 video standard. The standdmtipally targeted
ISDN networks and as such operates at multiples of 64 kbps with suppo@IF and QCIF
resolutions. It is a Hybrid Differential Pulse Code Modulation (DPCM)/TDébdec (see Fig.
2.3(b)), and bears much similarity to JPEG but with integer motion estimation to eteaigioral
redundancies.

The goal of the follow on ITU-T standard, H.263, was to improve the codifigiency, par-
ticularly for very low bit rate (sub 30-Kbps) applications such as wirel@so conferencing. To
achieve this goal, a number of new technical features were added. élasolution motion
estimation and multiple block sizes are used to generate a temporal predictthrategth less
energy. The half pel resolution is generated using bilinear interpolatimthérmore, the concept
of unrestricted motion compensation was introduced. This pads boundakg boallow a search
window extend beyond frame boundaries. This can be useful for tshjeoving in or out of a

frame. Blocking artifacts were tackled through the use of overlapped mooimpensation.

2.1.3.3 MPEG 1, MPEG-2 and MPEG-4

MPEG-1 was the first video standard from the ISO Moving Picture Exndsip (MPEG). Dur-
ing development the standard had a video and audio compression bitrateofakd MB/s, which
was the rate supported by CD-ROM drives of the time. This was importantyasienvisaged
the MPEG-1 would support the Video CD, a format intended to compete with. \KHFEG-1
used H.261 as a starting point for development and as such is very similae getteric hy-
brid DPCM/DCT hybrid structure of Fig. 2.3(b). Although MPEG-1 sugpaesolutions up
to SDTV, it does not support processing of enough frames per desiothese resolutions for

SDTV applications. In line with the goal of creating a standard to compete witg,\WWPEG-1
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only supports SIF/CIF resolutions at 25/30 Frames Per Second (F&#)efmore, none of the
MPEG-1 tools could explicitly handle interlaced video. Such content neelle tteinterlaced
firstly for MPEG-1, however as advanced deinterlacing algorithms (i.eding accurate motion
estimation) are required to minimise high frequency artifacts, a loss in qualitgracwmpression
rate is inevitable. These two aspects were an issue to support digital Bddasting and DVD
markets, but were addressed in the subsequent MPEG-2 standadstafidard was actually a
collaboration between MPEG and the ITU-T, and is officially called H.262/RPX although is
more frequently just referred to as MPEG-2. The range of suppoetautions and frame rates
were greatly extended and had a target bitrates of 4-15 Mb/s. Furthertihereoding efficiency
of MPEG-2 is improved by approximately 50% over MPEG-1. Scalability was ialsoduced,
and this increased flexibility allowing different clients to decode differgatial and/or temporal
resolutions. A further novel aspect of MPEG-2 was the use of prdditeslevels which aided
implementation and interoperability but without compromising the standard.

The aim of MPEG-4 was to further improve compression efficiency anibflgy Initial de-
velopment leveraged H.263, but the scope grew considerably to enssmmpapression and ma-
nipulation of a vast array of digital media content. Bit rate targets ranged viery low (suitable
for video stream to mobile devices) to very high (studio quality). Potentiabtangplications var-
ied from mobile multimedia, streaming Internet video, networked video gamesgétite digital
TV, virtual TV studio, studio production etc [46]. To support these ajppilbms and the coding of
both natural and synthetic content, a variety of new coding tools were irdeat] these included
object based compression (see Section 2.1.2), 2D/3D mesh coding, angoatedt coding and
sprite coding. Clearly with such a wide scope, not all tools are approgdaatal application
scenarios. As a result 19 profiles were introduced with differing sdpgaoesolutions and coding
tools. The fundamental goal of improving compression efficiency (pdatigufor low bit rate
applications) was achieved through the use of such techniques asrquenieotion estimation,
global motion estimation, unrestricted motion vectors, up to four motion vectotdqu and the
intra prediction of the DC DCT coefficients. Additional partitioning and rsil@e VLCs were

introduced for transmission robustness and error resilience.

2.1.3.4 MPEG-4 Part 10/ H.264

The most recent international multimedia standard is H.264 /| MPEG-4 Partit@nged Video

Coding (AVC). As is obvious from the name of the standard, this is a fudbiaboration be-
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tween 1SO MPEG and ITU-T. Initial development work used the extendiorts.263 and the
MPEG-4 simple profile as a starting point. Though H.264 is much narroweopesgthan MPEG-
4, it focuses on improved coding efficiency and error resilience folargular frames of video
and also improves the flexibility for usage in different networks types aplication domains.
Whilst H.264 retains the DPCM/DCT hybrid codec structure, there are a euaitadvances in
terms of video compression efficiency. In part, progress in the availaloipatational resources
as dictated by Moore’s Law, allows more computational demanding algorithnes ¢orsidered.
It is claimed that H.264 improves coding efficiency by 50% over MPEG-2itisdsuggested the
coding efficiency gains are due to a collection of many small improvements tadrea funda-
mental algorithmic shift from prior standards [41]. These evolutionary avgments include vari-
able block size motion estimation, quarter pel motion estimation, multiple refereracesd for
motion estimation, improved intra prediction, smaller blocksize integer basedatmamsontext
adaptive VLC (CAVLC) and context adaptive binary arithmetic coding BB&). Furthermore, a
new deblocking filter contributes to perceptual improvements.

In contrast to MPEG-4 which has 19 profiles, H.264 initially had only 3 prefilehese pro-
files areBaseling Main and Extended The baseline profile allows inter and intra coding along
with CAVLC entropy coding. The main profile has support for interlaceuteot and allows inter
coding with B-slice$? and uses CABAC. The extended profile does not permit interlaced con-
tent or use CABAC but allows efficient switching between different tygfeslices and improved
error resilience. There is considerable flexibility within the profiles, yehtak somewhat sim-
plistic view of profile target applications domains, the baseline profile is ceresidappropriate
for mobile video type applications, the main profile is suited to HDTV, broadaastimd stor-
age applications, while the extended profile suits streaming media applicatin§[Bce initial
standardisation, additional profiles were added to H.264, these includieRitiglity Range and
Scalability profile extensions. It is also worth noting, that unlike MPEG-4 paf.264 does not

have support for handling arbitrarily shaped semantic objects.

2.1.3.5 MPEG-7 and MPEG-21

MPEG-7 and MPEG-21 are not focused on compression, but are feshegeworks for the man-
agement of digital media content. For example, MPEG-7 Visual specifiesafeas for descrip-

tion: colour, texture, shape and motion. Within each category there are sangleomplex

19A slice is defined as collection of one or more macroblocks, with minimalastan between slices to improve
error robustness
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descriptors [34]. Example descriptors for colour include dominant eptmlour histogram and
colour quantisation. These descriptors can then be used for furthlyisenand/or retrieval appli-

cations.

2.2 Semantic Video Object Segmentation

Algorithms which segment semantic objects and regions can be categorisideasully auto-
matic unsupervised approaches or alternatively as semi-automatic apgsosoereby the user
can interact and guide the segmentation process. In both categorita, apalysis is frequently
used to merge regions of homogeneous colour [47]. By their very naeneantic objects often
consist of differently coloured regions and as a result colour informatione will typically lead
to over segmentatidh. Motion analysis based approaches have also been proposed ¢48], h
ever object boundaries are difficult to extract using only motion informafidve combination of
colour and motion information can also fail when the spatial and/or temporahiation is not
homogeneous within the object [49][50]. Therefore, other featunds@ols are frequently used
to aid the process, these include edge extraction [51][52], active wa®3], gradient extraction
[54], texture filters, change detection, depth information, etc.

It has been suggested that semantics can be decomposed into a hiefadchgneral lev-
els: visual (e.g. oval), generic objective (e.g. face), instantiated thlgge.g. Mary’s face) and
abstract/emotional (e.g. important) [55]. Therefore, even when usimgndioation of the out-
lined segmentation techniques, it can still be very difficult to map low level pixetsfeatures
into higher level semantics. To capture higher level semantics, spatialrapdra segmentation
methods are frequently augmented with domain knowledge assistance a”rglexthe combina-
tion of visual, audio and domain knowledge has had success in detectingcaBemantics (such
as finding exciting moments) in constrained domains like sports games and fil[j&/[56

To identify instances of general semantic object classes (e.g. facet@artypically specific
object detectors are required. The objects can prove useful by thesise generic objective
tasks, for example in searching for faces in an image database. Morémre are those who ac-
tually believe that identifying and combining a reduced set of mid level semdrjgcts and con-
cepts (e.g. “face”, “sky”, “beach”, “building”, “vehicle” etc), repsents one of the more promising

approaches to bridging the so callgeimantic gag27][28][29]. This belief is based on the fact

1over segmentation is the detection of excessive number of objects, intizatt may or may not even be consistent
an object
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that mapping low level pixels to (frequently well defined) semantic objects emsiderably eas-
ier task than a direct mapping from pixels to diverse user semantics. Inpitieach, a possible
technique to map the objects to higher level user semantics involves combimingeaging the
objects through a taxonomy or ontology [29]. As the range of possibletstijedetect is vast, for
this approach to be viable, it is only practical to detect a smaller subsetwdidspecific objects.
The approach adopted in this research uses the mid level semantic olbbgetigpa Further-
more, the author believes that detecting objects at the point of creation ohike mevice rather
than offline on a less computationally constrained computing resource is attigétproposition
as it allows semantics to be introduced earlier in the digital visual data “life ‘ty€lds has the
potential to permit a greater range of novel applications (see Chapt&iof example, during a
mobile video call, the detection of the most important semantic visual objects, aibadhigher
quality encoding or increased error robustness for these objectslyGlga is not possible if the
object detection does not take place on the mobile device. To constrainutiersgpace in order
to build a robust solution, the presence of a human face in video seguandémages is consid-
ered by the author as a fundamental object of interest and particularbete af mobile devices.
The proposed face detection algorithm is described in Chapter 5, andgithiois method pri-
marily focuses on the detection of “face objects”, the approach offersabpe to be retargetted

to detect other well defined objects.

2.3 Thesis Contributions in the Context of Video Object Processing

As outlined in Chapter 1 and again in Section 2.2 of this chapter, one of tr@gaichallenges to
object based processing is the initial segmentation of the semantic objedisn&e2 concluded
that the segmentation of mid-level objects offers a promising route to tacklertiitem. As a
result, this approach has been chosen for further investigation within #sisttDue to the limited
computational resources, battery life and screen size on mobile devisagasonable to further
constrain the domain. Consequently, segmentation of the human face ia els@sprimary object
of interest to users of mobile devices. Subsequent processing ofghmested face can manifest
itself in numerous useful applications for the end user, which in the hightypetitive mobile
device market, could be considered as vital product differentiatorsrestdise of the segmented
face on a mobile device is to allow intelligent camera auto-focus. This applicetiEmario (see

Fig. 2.12(a)) could be considered to be a highly self-contained use datkeobject, since an
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Figure 2.12: Contributions of this Thesis in context of Video object-basedtionality
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object based compression platform (e.g. MPEG-4) is not required tegsmr transmit the face
object. The contribution of this thesis toward this type of application scenatieisovel face
detection algorithm and associated hardware accelerator that is pddp@3eapter 5 and Chapter
6 respectively. A similar application scenario is shown in Fig. 2.12(b), /ttex the segmented
face is used to increase error protection or ensure higher quality in aaseatlg important region
of an image/frame. Whilst an object based video codec is ideal for this fygggptication, a non-
object based codec such as MPEG-2 or H.264 could also be readilydaibense the segmented
face mask to adapt (e.g. the quantisation parameter to improve quality) omlgebasis. The
most obvious use of the segmented face is within a video object based ssiopréamework.
Although a segmented face can be used by a block based codec, usgileg abject based codec
allows a greater range of applications, such as the ability for interactiviess. Another scenario,
which is shown in Fig. 2.12(c), is where the face segmentation is used apr@pessing step for
subsequent object segmentation. This is also an example of where a midbgal (i.e. face)
can be used in the segmentation process of a another mid to high level objecherson. Again,
the contribution of this thesis for this type of application is the novel face tietealgorithm and
associated hardware.

When using a video object based video codec, such as MPEG-4, timeisegl object must
be processed by the SA-DCT and polygon matching based motion estimatiersh@pe of the
segmented face would also require separate encoding in the binaryesiaymker. Binary shape
coding was shown to be the second most computationally demanding sub-bMEKEG-4 cod-
ing [32], and within the shape encoder, binary motion estimation consume®P0 resources
[45]. As shape coding is not carried out in regular frame based spdeepresents a completely
new computational complexity overhead for a object based video codb@siMPEG-4. This is
in contrast to the DCT and motion estimation, which do not suffer a dramatic aualitost for
supporting objects. It is reasonable to conclude then, that for a commatiationstrained device,
once a segmentation mask is generated, one of the principal subsehakenges to adopting
MPEG-4 object based processing is the computational cost of shajmg cbdr the same reasons
as offloading the computational complexity hot-spot in the proposed fdeetam algorithm, the
author proposes offloading the computational complexity hot-spot in stuaideg, namely binary
motion estimation, to a dedicated hardware accelerator. This thesis contritsusioown in Fig.
2.12(c). Details of the proposed binary motion estimation architecture age givChapter 7.

A further motivating factor for a dedicated binary motion estimation architecsutteat it could
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be reused for object tracking and possibly in semantic object temporal s&gioe algorithms.
Though it should be noted, that for the general case when generiz liject segmentation and
processing is required (as shown in Fig.2.12(d)), the principal cotivibwf this thesis is the
hardware acceleration of the shape coding. Additionally, if the EANN ware accelerator is
retrained, it has the potential to classify other input features. This cauleMeraged in a generic
object segmentation algorithm.

A key common aspect to each of the example applications mentioned in this Section is
requirement for the processing to be done online on the device itself. Inviyisthe author
believes that the proposed binary motion estimation along with face detectistitetsnimportant
tools for implementing object based functionality on a mobile device. As a caeseq, one can
think of the output of this research programme, as the beginnings of a timwllatv power object

based processing on mobile devices.

2.4 Implementation Options

Multimedia processing is inherently computationally expensive even for “simjerithms due
to the continuous stream of data in high volumes (e.g. real time video). Whilsand emerg-
ing multimedia algorithms (e.g. semantic video compression, video object segmeetatjoare
enabling technologies for a plethora of new applications (see Chapteeljpst of manipulating
the high volume, high speed video data only serves to compound the compaitathomplexity
issue. This creates a situation where careful consideration must betgitlee implementation
of video processing algorithms, particularly on computational constraindilentevices. In the
broadest sense, multimedia algorithms can be implemented on a dedicated A8\ e FPGA)
or a programmable device (general purpose CPU, DSP, etc) [58]aifgar complex algorithms
(e.g. video codecs) this is not a mutually exclusive decision, as hybridi@muconsisting of
both dedicated and programmable elements are also possible [58]. The imaltomechoice of
dedicated or programmable solution (or indeed the algorithmic partitioning foichgolutions)
should consider detailed analysis of the computational complexity (througfhing), the real
time constraints, scope for pipelining and parallelism, the memory and bus conatioimscre-
quirements and finally the trade off between power consumption, throtighgwsilicon area [59].
The conclusions of this design space exploration heavily impact on isscless time to market,

unit cost, battery life and overall weight & size of the final system. All ofckhare key factors in
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the price sensitive mobile consumer electronics market.

A dedicated device implementation, with the options consisting of full custom ASHD-
dard cell ASIC and FPGA, are recognised to give better performaneenrs of throughput and
power consumption compared to programmable implementation options. This adrilinged to
the fine grain granularity of algorithmic architecture implementation, allowingiggdcade offs
between power consumption, area and throughput. However, the digades of a dedicated im-
plementation are generally considered to be a lack of algorithmic adapts/diexibility and the
additional development time [58][59]. Tseng et al note that while regulanong addressing and
operations are easiest to map to hardware, algorithmic adaptiveness bandied, but with an
increase in development time and possibly a reduction in hardware utilisahnHkexibility in
the context of implementation options normally refers to the ease of makingeh#mg final so-
lution. For example, a flexible solution would allow late changes in a prodecifsgation or “in
the field” updates for new standards or features [60]. Such flexibilitptipassible with an ASIC
implementation. However, fast retargetting of FPGA's through a softwirifddoes allow a
certain degree of flexibility with a dedicated solution. FPGA flexibility comes aish af reduced
throughput and increased power consumption compared to an ASIC solltigyeneral, there
is an inverse relationship between flexibility and performance (througimmlienergy efficiency),
which is even more pronounced for programmable solutions [45].

For higher levels of flexibility and shorter development cycle, programmsdilgions, such
as general purpose Complex Instruction Set Computer (CISC) or Béduostruction Set Com-
puter (RISC) processors are required. RISC processors arblg pa@pular option for the varying
application demands on mobile devices. But as Pirsch observed, gpoguake processors do
not efficiently process multimedia data as exploiting the special charactetstice associated
algorithms is not possible, resulting in poor hardware utilisation and exeeskick cycles for
frequently occurring, yet simple operations [58][60]. Recent adearsuch as Intel's MMX/SSE
extensions in general purpose processor architectures are attemgtiréesathis by exploiting
the inherent parallelism in video and image data using a SIMD datapath [&VErtkieless gen-
eral purpose processors are considered to lack the performandescefor complex video pro-
cessing applications [58][60]. Specialised architectures such as WifiPa focus on arithmetic
performance are required for higher throughput, lower clock frequ@rocessing. However de-
velopment can be more difficult (e.g. due to issues concerning high levglidge compilers)

than for general purpose processors and complete operating sysggoadlyycannot be run on
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DSPs [60][62]. Higher throughput can be achieved using specialanpedcessors [60]. These
are essentially a DSP or general purpose CPU with additional coporsdses video and audio
processing.

Alternative less mainstream programmable solutions for a mobile device inahndigurable
processors, reconfigurable processors, multicore generalsafp®Us and using Graphics Pro-
cessing Units (GPU). The instruction set of a configurable processosismised prior to fabrica-
tion and in this way can be optimised (instruction set, cache size, coprosesspfor a particular
application domain [63]. Reconfigurable processors are similar, but allovtime reconfigura-
tion. Multicore processors are becoming commonplace on desktop aret p&atforms, and are
emerging for mobile devices. Although, compiler technology needs furtheoirement before
fully exploiting the potential of multicore processing. A more exotic implementatidutisa is
the use of a GPU for multimedia processing (although GPU general pupposessing is cur-
rently restricted to desktop/server platforms). Due to multiple wide datapafids @ere shown
by Cope et al to outperform a CPU, while operating at lower clock fregies [64]. However,
when the relative performance of FPGAs was compared against GRds found that a FPGA
implementation gave a comprehensively better performance for two testlahgsKcolour correc-
tion and convolution). This was attributed to the flexible pipelining and parallgiisssible in the
FPGA. Cope et al concluded that for high memory usage applications aA FR@ementation

will considerably outperform a GPU implementation.

2.4.1 Summary of Implementation Options

The implementation target for video processing algorithms is a fundamentahsysvel deci-
sion, and is a complex trade off between throughput, energy efficilaxipility, cost and devel-
opment time. Semantic processing on a mobile device creates extra challeegestde issue
of additional computational complexity on an already limited embedded (typicaBZR¢ieneral
purpose processor. This section highlighted that general purposegsors trade off performance
(both throughput and power consumption) for flexibility and ease ofldpugent, although DSP
solutions and media processors can give improved performance. Wiildy software based
solution on a general purpose processor requires less desighaftbhas flexibility benefits,
it is widely acknowledged that a hardware implementation offers a highendhput and lower
power solution [65][45]. This superior throughput and power comstion can be attributed to

the dedicated nature of the hardware and possibility for fine grain optimisatitie implemen-
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tation. Furthermore, exploiting algorithmic parallelism allows reduced exectitia) which can
result in a requirement for reduced clock frequency and/or voltageilstAhot all problems can
justify the increased design effort and reduced flexibility of a hardwamementation, it is a
particularly attractive solution in scenarios where a software basedagpon a programmable
platform struggles to meet power and performance requirements foithlgerwith regular com-
putations operating on parallel amenable data (e.g. real time video prapeshiotivated by
this throughput and energy efficiency benefit, the proposed facetietesolution, which is dis-
cussed in Chapter 3, is designed to leverage a hardware acceleestonilfdd in Chapter 6) for

the algorithmic computational complexity hot-spots.

2.5 Energy Efficient Design Principles

The rate of battery discharge in a mobile device governs the operating time détice between
recharges. In addition, the battery also has a direct impact on the osiegebnd weight of the
device. These factors coupled with the overarching impact of powaucoption on circuit timing

performance, silicon resource usage and electronic component relidtailiey brought energy
efficiency to the forefront of design in recent times. In such a designadetbgy, the usual goal
is to minimise the power consumption within an overall budget of performailc®rsresources
and energy. Minimising power consumption involves tackling the mechanismd whigse it.

These mechanisms, within the context of the approximate average pBywg) ¢onsumed in a

CMOQOS circuit, are shown in equation 2.8.

~ 2
Pavg ~ aCVddf + Vaalsc + Vaa (Isub + Ireverse + Igate) (28)
Switching Power ~Short Circuit Power main leakage currents
Dynamic Power Static Power

Where:
e « is the node switching activity

e ('isthe capacitance of the load and can be attributed to logic and the interdonmeating

(wiring)
e V4 is the supply voltage

e fisthe frequency of the clock

44



2.5. ENERGY EFFICIENT DESIGN PRINCIPLES

dd

Figure 2.13: Dynamic power loss in a CMOS Inverter

Isc is the short circuit current, which flows whilst the PMOS & NMOS transiséoesboth

active during switching

I, is the the sub-threshold current when a transistor is in an off state

L.cverse 1S the reverse bias source/drain junction current

I,qtc is the gate leakage current

Historically, dynamic power, which is consumed when useful work (i.e. ity is done
in the transistors, was the dominant component in Eqn. 2.8. Dynamic powdrecaore easily
understood via the CMOS inverter shown in Fig 2.13. In Fig. 2.13 the circadt énd parasitic
capacitance is modelled as a single capacitor. When the input to the inveateyeshfrom a logic
‘0’ value to a logic ‘1’ value the NMOS transistor has low resistance, whilstRMOS transistor
has high resistance. This allows current to drain towards ground aollsén an output of logic
‘0’. Conversely when the input to the inverter switches back to a logic &ue, the NMOS
transistors has a high resistance, while the PMOS transistor has a lownesjstéich causes the
voltage source to be transferred to the output and gives a logic ‘1’ buine power consumed
by the CMOS inverter can be modelled as [66]:

dE
denamic = E = Vdd X Idd (t) (29)
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Assuming a step input voltage and negligible leakage current

dVou
Lag () = CrL—" (2.10)
t Vad
B = / P (t)dt = CLVdd/ dVour = CLVE (2.11)
0 0

In a synchronous digital system the rate of change of the input is relatbeé wock frequency
(f) and the switching activity(), consequentially the power consumed in a synchronous digital

system with a voltage swing 6f — V; is:

denamic = aCVd2df (212)

Egn. 2.12 is the classical equation for (simplified) dynamic power consumpiiowever,
there are additional dynamic power losses, as shown in Egn. 2.8. Fafaériod during the
switching of the input, both the NMOS and PMOS transistors are partially orirasdauses a
short circuit current to flow fronVp p to ground. The associated power loss is termedsihert
Circuit Power consumptian It is generally accepted that by careful balancing the NMOS and
PMOS transistors this figure can be kept to 10-20% of the total dynamicrmmmsumption and
for this reason is frequently ignored [66][67][68].

Typically for older semiconductor process technologies (e.g. 180nnalaonk), the dynamic
switching power represented above 90% of the total power consumeaslevdn in sub 100nm
semiconductor process technologies, static power is rapidly increasimge dlynamic power,
static power could be considered to be wasted energy since its expensihoeaccompanied
by a useful contribution to the functionality/processing within the design. iltrease in static
power can be attributed principally to the vigorous growth infhg. and (to a lesser extent),,;,
currents in Eqn. 2.8 for each subsequent process node redudibon@nm [69]. The substrate
current is increasing because as semiconductor processes shnnéler geometries, the oxide
layers become thinner. It is now estimated that in 90nm technologies up to #b%total power
consumption budget can be attributed to static power [69]. A further impoctarsideration is
that static power has an exponential relationship with temperature. This is antamipdesign
consideration for applications in the mobile domain which may have packagingagsink re-
strictions. In extreme situations an increased temperature will lead to ansadrstatic current,

which further causes increased temperature. In this situation thermalayaad device failure is
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possible [70]. It should be noted that as this research is based upsmptidcessing algorithmic
investigation on general purpose processors, standard cell AS&tidibiand FPGAS, there is lim-
ited scope to address static power consumption, other than powering dgiwrvlten not in use.
An in-depth discussion of the underlying semiconductor physics behitid gtaver consumption

and methods for reducing its contribution are presented in [66][69].

2.5.1 Low Power design techniques

Minimising both dynamic and static power is possible at all levels of design abietraAlthough

it is widely accepted the greatest scope for power optimisation occurs higther levels of de-
sign abstraction, as subsequent design phases reduce the dédreedam [71][67][66]. For
example, it is not uncommon for design space exploration at an system/atgjoridvel to lead
to solutions with a factor of 10 to 20 improvement, whereas optimisations at dtf@roaess
level are likely to yield improvements of only 10% to 30% [72]. Numerous guidsliznd tech-
niques can be employed at all design phases to optimise power consumpthardweare solution
[71][67][66]. Minimising redundant operations, avoiding over-dasigd exploring trade-offs in
the power/area/throughput relationship could be considered the grearees across all levels of
design abstraction for power minimisation. In the following sections variousplower design

techniques are discussed which are appropriate at each design phase

2.5.1.1 System and Algorithmic level power minimisation techniques

Many power optimisations at the system/algorithmic level are application depenésertheless
general guidelines can be applied and are discussed in this section. beegjieadratic relation-
ship between dynamic switching power and voltage (see Eqgn 2.8), voltdigetian is an obvious
and common approach to power minimisation. For example, in recent times, tHg woifgge for
general purpose processors has reduced incrementally from 5 Galtstd 1.2 Volts and below.
This represents a power saving of approximately a factor of 17. Howteze are bounds on the
level to which the supply voltage can be reduced, typically two to three timesrdshtiid voltage
(V1) [66], otherwise the resultant performance of the circuit is degradedeweerely. Decreasing
V; increases leakage current, which increases the static power contribUitios trade offs are
required between speed and power. A partial workaround is to usgeattands and threshold
voltage scaling. In this way, the parts of the design which are timing criticalisam high supply

and/orV;, whereas in regions of the design with plenty of timing slack a low supply voiadéor
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low V; can be used.

From inspecting Eqn. 2.8 another obvious way of tackling dynamic power risciace the
clock frequency, which has a linear relationship with power consumptiostoktally, it was
recommended that for a given supply voltage the lowest clock frequérmayidsbe used which
allowed the design to meet its throughput constraints. However, as rgdheirtiock frequency
reduces the throughput, the device will be powered on for a longerdpéram would be necessary
if a higher clock frequency was used. This can be an issue with the encergéstatic power as
a growing concern. In many future applications a more energy efficigmbach may be found
by using a higher clock frequency in order to finish the processingrfasie allow the logic
to be powered down, in this case, reducing the static power contributioncoBsidering the
throughput requirements of a device, a more holistic approach to voltagdark frequency can
be employed. In particular, if the throughput requirements are varyiisgpassible to dynamically
vary the voltage and frequency in response to these requirements. Qmestrggan commercial
example of this is Intel's SpeedStep technology [73]. In the extreme soendien no processing
is being carried out, the logic can be fully powered down. The degrepafér down” is usually
related to how fast the logic needs to “wake up” and whether intermediat@elatks to be stored.
It is clear though from Eqn. 2.8, that reducing the voltage and/or claduincy will lead to
considerable power savings.

A fundamental system level task regularly encountered in System on a(8b(}) designs,
which can have a major influence on power consumption, is the partitioning diinthl solution
into software and hardware subsystems. Although a fully software tsdetion requires less
design effort and has flexibility benefits, it is widely acknowledged thardwiare implementa-
tion offers a lower power solution [65][45]. This superior power aonption can obviously be
attributed to the dedicated nature of the hardware, which effectivelgesdhe switching activity
in Egn. 2.8. However, if a processor is required in a system, the instrusdicarchitecture plays
a vital role in determining the overall power consumption. The options areipaily a RISC
or CISC architecture. For low power applications typically a RISC architectuch as an ARM
core is chosen [74]. In contrast to a CISC core, a RISC core ddfargler instructions with less
complex instruction decoding and less switching on the instruction bus. ARMepsors also of-
fer a reduced instruction wordlength mode known as THUMB mode, whicliustgher reduce the
power consumption, but at cost of possibly more instructions. Anothdrteithniques for a low

power processor is dynamic voltage and/or frequency scaling. Furtherneducing the amount
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of off-chip memory accessing can lead to significant power savingss simtsiderable switching
is required in the decoding of the address, and the associated activity onetimory and data
buses. Memory access reduction is a technique that is used for bothateednd programmable
solutions. In a microprocessor environment a cache is frequently useditoe the number of off-

chip memory accesses, improving both throughput and power consumptioore recent trend

in microprocessor architectures is a shift from single core to multiple cohitectures, with each
core having a much lower frequency than if a single core was used tovadbisame throughput
[61][75][74]. Another technique for dealing with memory power constiompis to use banks of

smaller memories where possible since the memory power consumption doealadinsarly.

At the algorithmic level, it is sometimes possible to reduce the word size of theadlatép
mathematical operations, thereby sacrificing accuracy/precision ofréisalt for less switching
activity (lower dynamic power) and less complex logic (reduced area & §tatier). In addition,
it may also be possible to terminate the computation earlier than normal if some comXists,
saving further processing cycles and power consumption. A classiaaime of this can be ob-
served in some multiplication circuitry, which terminates the processing early ihthggplicand
has a number of leading zeros, as these will not contribute to the finabanSwe potential draw-
back of the technique is that early termination opportunities might only préisemtselves if a
more serial approach is adopted and this may cause difficulties with the kpaugquirements.
In this thesis, the proposed binary motion estimation architecture (see Chiapisgs early ter-
mination of block level SAD calculations, whilst also exploiting data-parallelisimiarove the
throughput. Finally, whilst the obvious choice for data representation iovjifocessing algo-
rithms is regular binary or twos complement notation, it may also be beneficiaptore using
different numbering systems. These potentially may exhibit attractive girepsuch as fewer bit

toggles, more lower range precision, etc [76].

2.5.1.2 RTL power minimisation techniques

At the RTL design capture phase, power is principally minimised by redueiitglsng activity,

minimising area and via the use of clock-gating strategies. This section outlgssstdchniques
in more detail. It should also be noted that for some of the more straightfdrt@ahniques
mentioned (e.g. common sub-expression factoring) modern synthesis tead$sa capable of
automatically identifying the scope for low power circuitry. Neverthelessfieguently desirable

for the designer to capture the RTL in a manner such that these optimisatmns oc
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Although yielding less dramatic power savings, opportunities still exist tocee@dwitching
activity in both the data path and control path even when the overall algod#tails are fixed.
For example, by carefully choosing an appropriate state encoding sdeaynegraycoding, one
hot), control path switching can be minimised in a Finite State Machine (FSM).ig piarticu-
larly true for a FSM with many states. A fundamental step in reducing data péithing is in
the careful selection of the architecture for arithmetic components (addetspliers, division
etc). For example, a multiple clock cycle booth multiplier is likely to meet tight timing caimgs
as well as providing opportunities for early termination. Another frequargd technique is the
sharing of common sub-expressions. By factoring out common sulessipns fewer operations
need to be completed. This is beneficial from a power and area pevapadtinough it will create
nets with a higher fanout. The usediin’t careconditions can also be employed to simplify equa-
tions/algorithms and thus reduce switching activity. Another example of wdveitehing can be
reduced is input operand isolation/gating to parallel logic clouds in whichgesiasult is multi-
plexed from the multiple logic paths. Glitching minimisation techniques are also useduoe
dynamic power losses. For example, unbalanced logic paths create aaldjtitahing, whereas if
the logic path was balanced it will reduce dynamic power as well as potentialtlpuimg timing.

Pipelining and parallelism are ubiquitous techniques in hardware design tovenfhrough-
put. Moreover, these techniques are also beneficial for power ggoign. The throughput im-
provements due to the introduction of additional pipelining/parallelism candxtosreduce the
clock frequency and/or voltage. However, as exploiting parallelism amdywadditional pipeline
stages requires increased area, the balance between area andgopives careful investigation.
The flip flops in the register stages (or in filter taps) of a design are a majoilmator to dynamic
power consumption. A fundamental reason for this is that even when thesitgoa flip flop do not
change, power is still consumed due to the internal master-slave latch struthis can reduced
by as much as 30% bglock gating[72]. Clock gating as the name suggests, disables the clock
input to a flip flop typically via a simple logic gate or latch. The clock is gated dysaripds of
inactivity and the gating signal is generated at a higher level. An alterrgtimach (although it
can also be used in a complimentary fashion) to disabling the clock at the flisftoglisable a

branch of a clock tree.
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2.5.1.3 Circuit and Process level power minimisation techniques

From a power consumption perspective, the principal goal at the lowdéeeeit or process im-
plementation phase is to minimise the capacitance in the circuit. In this way dynamer pow
consumption can be reduced (see Eqn. 2.8). However, it is gene@gmised that there is much
less scope to reduce dynamic power - reduction figures of 10% to 30%gmcally quoted [72].
However circuit level optimisation could be considered to facilitate systemidigoc techniques
such as dynamic voltage scaling (e.g through the use of voltage level shiffeprimary way
of reducing the capacitance of the circuit is through the selection of thadkay library dur-
ing synthesis. For energy efficiency a library characterised for lowep@peration is typically
selected. Although, this may impact timing closure, in which case transistorstwatigsr drive
strengths must be selected. During layout, the IO pin positioning on the diefigik ¢he inter-
nal routing and could consequently increase wire losses. Minimising thisiefibel for power
and timing closure, however there may be a requirement to maintain backeraphtbility with
previous generations of the chip.

As noted previousl\,; voltage can be reduced to two to three timgswhilst still preserving
adequate speed in the circuit. Therefore lowekipig very attractive from a low power perspective
since it allows thd/, to be reduced. However the drawback with this is that loweVingjows the
transistor and consequentially negatively effects timing closure. Multiglslands” on the other
hand group the logic into domains, and assign a unidu® each domain which is appropriate
in order to achieve timing closure. Finally, the circuit/process implementatiorepbagso the
most appropriate place to tackle leakage currents and thus minimise static pvigican be
achieved using techniques such as the transistor sizing, adjusting gagetligkhess, usage of
high K dielectrics, Silicon on Insulator (SOI), multiple voltage threshold islamsMV-CMOS
technologies [65][69][72].

2.5.2 Summary of Low Power Design

This section discussed the sources of power consumption along with tyaigalof addressing the
mechanisms which cause it. As the target of this work is mobile devices, egffiggncy is a key
requirement. It was concluded that the greatest power savings aighat kevels of abstraction.
As aresult, this research will focus primarily on algorithmic and design capguel (RTL coding)
power optimisations. This provides the greatest opportunity for powéngswvhilst still being

appropriate for a single block whose ultimate deployment is part of a compistens. This is
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reflected in the choice of the face detection algorithm, associated hardvehitecture and the
binary motion estimation hardware architecture. The particular power optinmisi&ihniques
used, will be described during the discussion of proposed hardwehigegture in Chapter 6 and

Chapter 7.

2.6 Conclusions

This chapter presented a comprehensive review of the relevant tachaikground in order to
provide a context and motivation for the subsequent research rdportieis thesis. Section 2.1
reviewed digital image and video compression theory, which is a fundanfantiitiator for the
phenomenal growth in digital multimedia and multimedia equipped mobile devices adlwded
to in Chapter 1. This review of compression theory, included an overviebject based video
compression in Section 2.1.2. This section concluded that with the existeieE®-4, a com-
plete frame work for object based compression and transport is availBidebenefits of object
based processing are undeniable, having the potential to enable a eanety applications. An
overview of video object segmentation algorithms was presented in Sectiorr@ldwing the
review in Section 2.1 and Section 2.2, the contributions of this thesis were hearg/adefined in
Section 2.3 in terms of different types of video object applications. Sectibdi8cussed video
processing system level implementation options, whilst the final section in thist@hdiscussed
energy efficient design principals. It was concluded from these tved $iections that dedicated
hardware implementations offer a higher throughput and lower powetiGolthan a software im-
plementation and that the greatest opportunity for power savings ochigher levels of design
abstraction. These observations provide the motivation for many of thigndéscisions made

later throughout the thesis.

52



CHAPTER 3

Face Detection: A Review of Popular Approaches

Face detection in images and video sequences is an essential step in intaligem computer
interaction. Robust face detection can be considered an assistinglingriachnology for a
plethora of applications, including object based video coding, video ingeevent detection,
emotion awareness, people tracking, etc. When viewed within this widendptfite applications
mentioned can be considered as instances of the more general semarntiqoigjessing class
of applications, where the object of interest in these scenarios is the hfac®nAs such, face
detection can be considered a vital component in a semantic object pnoc#eslkit”. With a
relentless demand for mobile multimedia (see Chapter 1), it also seems rdadoratpect that
robust face detection processing as part of a such a “toolkit”, will Imecoommonplace on next
generation mobile devices. In fact, this trend is already emerging. Automedici&tection, albeit
constrained to single images with a fixed maximum number of faces detectedchatdy becom-
ing a highly sought after feature in premium-priced consumer digital carfiéfg8][79]. In this
instance, face detection is used to automatically adjust lens focusing andacsetiings. This
frequently results in considerable visual improvements to photograph®\pkeple are present.
Furthermore, using face detection in such a scenario also providegartugty for automatic
semantic markup (e.g. indicating the number of people present, etc.), whilkthbmused later in
semantic image retrieval applications. As described in Section 1.2.1, there myemoee novel
applications which could leverage robust face detection to enrich ssusebile multimedia ex-

perience.
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However, before face detection processing gains widespread aul@pticobile devices, a
number of technical issues need to be addressed. A key challengg fiesigners in this regard,
is to find a face detection algorithm, which will give good performance withincthestraint of
the limited processing capabilities available on the device. Additionally, the algostiould
be energy efficient to maximise the short battery life. The fundamentalgmotyvith these re-
quirements is that despite being a well researched topic, face detectionsent@mputationally
challenging task [80][81]. There are a variety of technical issuestwdvatribute to the complex-
ity of the problem. These include environmental conditions (illumination issuesplex back-
grounds, etc.), scale variations, orientation variations (upright, rotateel profile, etc.), vastly
differing facial expressions which contort the physical facial stmgtacclusion and presence of
objects (glasses, beards, etc) [80]. Furthermore, on a mobile devecassbciated computational
complexity is highly undesirable for both real time operation and energyesftig. For exam-
ple, the current state of the art face detection algorithms typically havegsing times ranging
from 0.055 seconds to 4 seconds for a single CIF sized image when udiegkop processor
[82][83][84]. Whilst 0.055 seconds equates to a face detection rai® @IF-sized frames per
second, such performance would not be possible on a computationallyrcesconstrained mo-
bile devicé. This significantly challenges mobile device applications that require real-tioee fa
detection in live video sequences. In addition, for many of the applicati@vigqusly mentioned,
face detection is only one tool in an overall semantic object processingthigo Therefore face
detection impacts the proportion of the real-time budget available for subsegocessing.

One possible solution to address the computational complexity is to offloadcinedtection
processing from the host mobile processor to dedicated hardwarebyhexducing the overall
system power consumption (as discussed in Chapter 2) and improving doighiput. However,
porting existing software based algorithms to hardware may not necedsadlyo an efficient
usage of the dedicated hardware resources. For example, as Settbmwil show, there are
approaches proposed for face detection processing in hardveaveyér the face detection rates
of these approaches have suffered due to over constraining thiemrabe choice of algorithm
and hardware porting issues arising from modifying an existing algorithnesd lobservations
provide the motivation to design an efficient face detection algorithm, wharh the outset is

designed with a hardware implementation in mind. The goal is to offer a gooel afaletween

To determine the exact performance degradation, features of thedeled processor such as instruction set ar-
chitecture, cache size, clock cycles per instruction, memory access #ee should be considered. However, based
solely on a naive comparison of typical current clock frequencied@h platforms, it is reasonable to surmise a
performance degradation of at least greater than one order ofitundgn
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quality of face detection results and amenability for hardware implementatiatefdgoyment on
a power constrained mobile computing platform. This chapter principally reveawrent state
of the art face detection algorithms with a view to identifying suitable appraafdrehardware
implementation. Current hardware implementations of face detection arenfmésa Section
3.1.3. In Section 3.2, a discussion of the prior art coupled with a descriptitime constraints
and opportunities offered by a dedicated hardware implementation leadsvwergence on the
proposed approach. Fundamental background theory on the pobapproach is given in Section

3.3, which provides a context for the algorithmic details in Chapter 4 andt€hap

3.1 Face Detection State of the Art Review

Face detection algorithms can be broadly categorised as feature extizaieoh approaches and
appearance based approaches (see Fig. 3.1) [80][81]. Yahglsbaescribe further categories
for less commonly used approaches [80]. These approaches includatematching, which
could be considered similar to appearance based approaches, tiatape template is defined
manually rather than through a learning algorithm. Furthermore, elementdbstmapproaches
are frequently combined in the pursuit of a final robust solution. Feaxtraction based ap-
proaches typically use a combination of facial features as cues to detewh@tber a region
contains a face(s). Appearance-based approaches could l@ered<o tackle the face detection
problem by predominately using statistical analysis and machine learning reethloel prior art
in these two approaches are described in Section 3.1.1 and Section 3.dtidn Sel.3 reviews
current VLSI implementations of state of the art face detection algorithmseTlgections provide

a context for the discussion of the author’s preferred approachditoBe3.2.

3.1.1 Feature Extraction based face detection approaches

Feature extraction based methods use facial features as cues to detgheiher a region con-
tains a face(s). A generic feature extraction based model repregeraffrior research in this
area is shown in Fig. 3.2. This generic model consists of three princijga: dature detection,
feature combination and face verification. With the possible exception ebapipes which only
use a single feature and have simpler implementations, these steps can bedtientitbst feature
extraction based face detection algorithms. Once the features are détegtede typically clus-

tered/combined. If multiple features are successfully combined a facecaéofi stage is usually
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Figure 3.2: Block diagram of a generic feature extraction based fdeetim algorithm

employed. These three steps are described in more detail in Section 3.&dtidn$.1.1.2 and
Section 3.1.1.3. Feature extraction based approaches have the adwvhatagatures are com-
monly detected using scale invariant properties such as colour. Thisaaadching across mul-
tiple resolutions as is frequently the case with appearance based facgotetiemeworks. The
resultant reduced search is advantageous from a computational cagnp&spective. However,
it can be difficult to extract features in the presence of illumination chamgése and occlusion

[80].
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3.1.1.1 Feature Detection

There are numerous structural features of the human face which azsetlen a feature extrac-
tion based face detection algorithm. These include skin, eyes, eyeltraiwme, nose, mouth etc.
Typically feature detection is the first phase in a feature extraction basedi&tection algorithm,
though in some prior research, pre-processing of the input image isatsedcout. For example,
Hsu et al use simple rescaling to correct difficult illumination conditions (dhgdews etc.) [85]
and lkeda uses change detection pre-processing to reduce thie sgace in a video face detec-
tion application [86]. Depending on the orientation, pose and if there arelgects present on
the face, with the exception of skin, not all the features may be presargiatn instant. For this
reason and the fact that skin detection algorithms are computationally dffideaction of skin
pixels is commonly used in both feature-based and appearance-beseatkfaction algorithms.
Regardless of the ethnic origin of a person, it has been found that tbeittance values of skin
is constrained to a narrow region in the colour space. As such there issa@detable body of
research pertaining to skin detection, which explores a wide variety oficefzaces and classi-
fication techniques [87][88]. Commonly used colour spaces include RGEI[H, normalised
RGB [91][92], YCrCb [93][94][95][96][97][98][85][99], BV [86], YIQ, etc. Detection meth-
ods within these colour spaces include thresholding [91][96], statisticdélmag [99], elliptical
skin models [85][98], Gaussian model [100][92][97], clustering modeth as Recursive Shortest
Spanning Tree (RSST) [101] etc. Simple CrCb thresholding assumesghelaionship between
luminance and skin pixels, however many authors have shown that therfiaés axcomplex non-
linear relationship, particularly when luminance has very low and high vdA8§§85]. Phung
et al use three Gaussian clusters that correspond to low medium and Higtahce [99]. Hsu
uses elliptical transformations to approximate the effects [85]. With all skiextien algorithms
there will be a certain amount of non-skin pixels incorrectly labelled as ski#lgp Frequently
these incorrect classifications occur in small isolated pixel groups, vdaintbe removed using
techniques such as morphological filtering [94].

Rarely, even under ideal conditions, will skin detection in isolation give @urate face
detection result. Therefore other features are typically used. Thetideted eyes, both as a
cue for possible candidate face locations and for face verification is conimthe literature
[85][98][102][95]. A variety of techniques have been proposadefye detection, including colour
eye map models [85], intensity variance coupled with geometric and struaileal[102], thresh-

olded edge extraction [95], Prinicipal Component Analysis (PCA) eifgetibn [98], morpholog-

57



3.1. FACE DETECTION STATE OF THE ART REVIEW

ical operator based [103] and template based [104], etc. Furtherosmitatory eye movements
have also been used as a feature in video sequences [105][106]Rinilar to the techniques
used for eye detection, the mouth/lips can be located via colour models which theteedness
property of the lips [93][85][102]. Other mouth detection methods inclutgalensity with geo-
metric rules [95]. In prior research, noses have also be been useghave been detected using a
variety of techniques including using geometric rules after locating the eslative brightness/-
darkness ratios, edge maps etc. Face models which extract features iie hatistic fashion are

also relatively common. Active contours are a more advanced versiomadiséic approach [108].

3.1.1.2 Feature Combination

If multiple features are used, they must be combined in some way in order tonétetevhether

a location contains a face. This improves the confidence that a particakaicantains a face.
Hsu et al combines eyes and mouth features using a eye-mouth triangleTB&]eye-mouth
triangle contains inherent properties which can be exploited in a computatiefiient manner

for face verification. For example, geometric rules can be applied to detiimine distance
between the eyes and mouth is reasonable based upon the distancerafieemd the eyes.
Furthermore, the orientation of the triangle can also be used. Connectgmbaent analysis or

clustering techniques are also frequently used [109].

3.1.1.3 Face Verification

The simplest way to verify a face from a group of detected features igtga@metric rules which
describe the structure of the human face. Examples include, the progoofitime face, position
of eyes relative to nose, circularity [94][99], aspect ratio [99], syitmynabout the nose, distance
of face from bounding edge of face [85], etc. The geometric rulebeapplied by themselves or
in a combined manner as a verification step for a candidate face regioi dsdeen generated
from clustering lower level features. Other verification techniques us#dde luma variations
of eye and mouth blobs [85], template matching [94], orientation of the eydlnidangles [85],
elliptic curve fitting [85][99], using other features themselves as verifing88], horizontal edge

checking [95], Eigenfaces, PCA [90], fuzzy theory [110], ANNL]9etc.
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Figure 3.3: Block diagram of the algorithmic options for appearance biaseddetection ap-
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3.1.2 Appearance based face detection approaches

Appearance based approaches treat face detection as a pattgmtrecgroblem, which can be
tackled using statistical analysis and/or via learning a discriminatory funcBador research in
this area has principally focused on face detection in full frontal viewssjgh the more complex
challenge of side profiles combined with multiple viewing angles is addresseaniore com-
prehensive manner in recent research efforts [111][112]. THernadgorithmic options for an
appearance based approach can be seen in Fig. 3.3. The input ialigem@reyscale image
from which low level features are extracted. The most direct low leweufe that can be used
is the pixel intensity values. More complex features include ratio templates,ddEfficients,
DCT coefficients, Wavelets (with the simplified Haar transform proving feopo recent research
[113]), etc. These more complex features can be useful for clasgiffegnsionality reduction
purposes and in some cases can be considered to have better illuminatitent®and rota-
tion invariance properties compared to using the pixel intensity values dirétttyntrast to the
feature extraction algorithms, which were outlined in Section 3.1.1, high lemeastic features
such as the eyes, nose, mouth etc. are not extracted. This is benefaaharios in which high
level feature detection can prove challenging (e.g. difficult conditionsexby noise, occlusion,
change of expression, etc.). Such scenarios are likely to causesfeattaiction based face detec-
tion algorithms to fail. For this reason, many consider appearance basgihaits more robust

than feature extraction algorithms. However, frequently this increadrioess comes at a cost
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of increased computational cost relative to a feature extraction baserttaig. A fundamental
source of this computational cost, is due to the problem being tackled fratiexmprecognition
perspective which when coupled with a fixed sized spatial classifier,silatto achieve scale in-
variance, an exhaustive overlapping block search across multipletiess is generally required
for each image/frame. A broad range of models, classifiers and asslcateng schemes have
been explored for face detection. Appearance based approachies further sub-categorised into
Eigenfaces methods [114], distribution based approaches [115], @&dpkbaches [84][116][83],
Hidden Markov Model approaches [117][118], Boosting algorithni3Jl119][111][112], naive
Bayes classifiers [120][121][122] and Support Vector Machiné\$[123][124][125]. The prin-

cipal representative works in each category are now be discusseshiregdetail.

3.1.2.1 Eigenfaces

Using the KLT transformation (also known as PCA), Kirby and Sirovichngtbthat any face can
be approximated using a linear combination of a small number of eigenpicti?d@fs [They found
as few as fifty eigenfaces captured 95% of the variance of a trainingedattone hundrefll x 51
face images. Turk and Pentland used this principal to detect faces hyirémng the residual
when a sample is projected into the face space [114]. The residual themés a measure of
“faceness”. The Eigenfaces concept is still widely used in face deteatid face recognition

research [120][127].

3.1.2.2 Distribution based approaches

Sung and Poggio used a distribution based scheme for face detectign [I4iS principally
consisted of 6 face and 6 non-face distribution models and a Multi-Layeeeceptron (MLP)
ANN to classify samples using distance metrics from a sample to each of tharfdagon-face
distribution models. Each model is a multidimensional Gaussian cluster, whaigeideand co-
variance matrix was found using a modified k-means clustering algorithm. Tt#ieak-means
clustering operates oY x 19 pixel training samples, which have firstly undergone illumination
correction, histogram equalisation and have an oval mask fitted to eliminagrbaand structure.
To detect faces in an arbitrary image, once the extratfed 19 candidate blocks are extracted
and pre-processed (mimicking the pre-processing steps used in thetragdrg), the normalised
Mahalanobis distance and normalised Euclidean distance between theatarsshid each cluster

centroid is evaluated. A MLP ANN with 24 hidden neurons is trained with baclpggation
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Figure 3.4: Rowley’s ANN based face detection algorithm (Source: Ro\8i)

to classify the twelve pairs of distance metrics to give an overall face offawndecision. To
detect faces larger thard x 19, the original image is rescaled in increments of 1.2 to generate
what is popularly known in appearance-based face detection algoriharsimage pyramid (see
Fig. 3.4). Using the MIT face dataset a recall rate between 80% and %®@uhieved with

an acceptably low number of false detections. As well as the overall fteettbn algorithm,

the work by Sung and Poggio is noteworthy for introducing a number ohiqalks which were
used extensively in subsequent face detection research. Theseeisalmple preprocessing for
normalisation purposes and the bootstrapping technique used in thetgenefaepresentative
non-face samples. Rajagopalan et al also use a distribution based@pfwoface detection, but
rather than just model the faces and non-faces with multi-dimensional i@ausssters they use

higher order moments [128]. They claim improved detection performanaeessilt.

3.1.2.3 Artificial Neural Networks

The work by Rowley et al is generally considered one of the first azbémuses of ANNs for
face detection coupled with a large and difficult test dataset [84]. A MNNArained via back
propagation is used. The network is trained to detect faces using inplimiesities and spatial
relationships (see Fig. 3.4). Adopting an approach similar to Sung andd?dlgg input pixels
undergo illumination correction and histogram equalisation prior to beinginghd ANN [115].
Knowledge of the structure of the human face is implicitly embedded in the topofdgg ANN.
This is achieved by clustering the input pixels into overlapping regions @ex: 110 x 10 pixel
regions, sixteers x 5 pixel regions, sixX20 x 5 horizontal stripes) to detect localised features.

This also has the benefit that the ANN is not fully connected, thus redtiegngomputational cost
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of the additional weighted summations of extra connections. The size aritbfoo&the regions
were hand selected through trial and error. For the training phase fa@és from the FERET face
database were used [129]. The face training dataset was extendeanijyulating each sample
(i.e. mirrored, multiple rotations, scaling, translation). This generated insexae15000 face
samples. The bootstrapping approach proposed by Sung and Poggissed to generate the
non-face training samples. Multiple ANNs were trained and these contaitined 2905 or 4357
connections with 52 or 78 hidden neurons. As the output results of thesAMMe combined
during normal mode operation, to ensure diversity in the ANNs, each ametr using different
initial randomised weights. During normal mode operation, each ANN evaldhéscandidate
face pixel region in an exhaustive search of a multi-resolution image pysimitar to Sung and
Poggio [115]. Following this, if one detection overlaps with another, thectletewith the lower
output value is removed. When examining overlapping pixel regions therduiigh probability
of multiple positive detection results in the vicinity of a face. Rowley exploits thesatteristic
to reduce the false positive rate, which has a lower probability of exhibitiisgogshaviour. He
achieved this by employing a threshold for the minimum number of overlappoes fdetected
in a region before it is classified as a positive face result. Finally, thdtsdsom the individual
ANNSs are combined using Boolean logic. Their approach achieved betWw&8% and 90.3%
recall with an acceptable false detection rate when using their large araidiffataset, which
has since been used extensively in face detection research. Roapgyach requires 50 times
fewer floating point operations to classify a window compared to Sung agdi®s approach
[115]. To further reduce the computational cost of the algorithm, Rowssdwa30 x 30 pixel
window and an ANN trained witl20 x 20 centred and off centred (up to 5 pixels either side)
faces. The pixel window advanced in increments of ten pixels in both thedmbal and vertical
direction. This ANN introduced considerably more false positives, so & mocurate0 x 20
classifier then examined the promising locations from the indak 30 search. This reduced
the processing time to 7.2 seconds far28 x 240 image using a 200 MHz R4400 SGI Indigo 2
machine, but at a cost of a reduction in the recall and precision rates.

Rowley’s initial work could only detect faces in full frontal view with smaltatons. Later
he extended this work to detect full frontal faces in arbitrarily rotatednteiégons [130]. This
method used an ANN to detect the orientation of a sample. Based upon thistvalsample
was subsequently automatically rotated back to an upright full frontaltatien and applied to

an ensemble of classifiers similar to his previous work. Non-face samplesed meaningless
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orientation values, but a non-face rotated by an arbitrary amount skollilcmain a non-face.
However, in some instances the rotated non-face appeared similar ta &faseaused a slight
reduction in the detection performance.

Feraud et al claim that learning a discriminant function for face detectiootublesome due to
the difficulty of acquiring representative non-face samples [116le&tsthey propose a generative
model. This uses a Constrained Generative Model (CGM) ANN, whiclddoe considered to
be an auto-associate ANN performing a nonlinear PCA ®rx 20 pixel regions. However, as
this transformation has an high computational cost, they use pre-filtering t@vmpun-time
performance. The pre-filtering improves the run-time performance by agdotor of 25. In the
first stage of pre-filtering, if the input is a video sequence, they use desitm@sholded frame
difference motion filter. Following this, if the original input is a colour imagetfea a skin filter
is used to further reduce the number of pixels regions to classify. THestage before the CGM
ANN is a back-propagation trained fully connected MLP ANN with 300 inpxepintensity
values, 20 hidden neurons and a single output neuron. Overall threambpachieved similar
detection performance as to that achieved by Rowley et al [84].

Garcia and Delakis identified the commonly used sample pre-processingieehf.e. illu-
mination correction, histogram equalisation etc.) proposed by Sung agibREga computational
cost that could be avoided by using a convolutional ANN [83]. Takinglpixtensity values as
inputs to the convolutional ANN, the first four layers in the network topolpgsform convolution
and subsampling, whilst the last two sigmoidal based layer perform clasigific The training
of the convolutional ANN uses 25212 face samples generated from nhatmgu(i.e. mirroring,
rotating, smoothing, edge enhancing, adding random noise) 3702méndollected faces from
various sources. The non-face bootstrapping approach propys8dng and Poggio was used
to generate 25087 non-faces for training. Performance during nono@é operation is 4 frames
per second with CIF sized images on a 1.6 GHz Pentium-4. Their approgohnped well with
rotated faces (rotated up 520 degrees in the image plane and turned up-t® degrees) and
overall has a detection rate marginally better than Rowley et al with a lower fasitive rate
[84]. This lower false positive rate could be partially attributed to their detectierging scheme.
After a coarse merging of detections across resolutions using size atrdids of detection as
merging criterion, a fine search (with a localised image pyramid) is conductbe wicinity of
the coarsely merged detection result.

One generally accepted disadvantage of ANNSs is the need for extdresiketuning of the
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network topology [80]. One possible solution to this issue is to use a Geneticithign (GA) to
evolve an optimum topology and/or weights. This approach is known by mames including
Topology and Weight Evolving Artificial Neural Networks (TWEANN), BN or Neuroevolution
[131][132][133], though from this point forward EANN will be used this thesis. As well as
reducing the requirement for trial and error design exploration for tiBl Ahe approach is better
equipped to avoid local minima and has the scope for finding a minimal topol&3y. [Ih recent
work, Wiegand et al combine EANN techniques to evolve a topology andjusdent descent
optimisations to adjust the weight values [134]. Starting with an initial topology2afieurons,
the algorithm uses genetic mutation operators to add/remove neurons namdrenks, toggle
weight values and add/remove receptive fields. The receptive fi@d®anections to input pixels
which form groups similar to those suggested by Rowley et al [84]. Thmit gas to improve
run-time operation. The evolutionary search achieved this goal, improvingutiztime by 50%
relative to a reference topology. This was achieved by the automatic grohinidden nodes,
whilst still retaining the same classification performance. Unfortunately litttbéudiscussion is
presented by Wiegand et al about the detection performance or wkthdard test datasets were
used. Montgomery also recently investigated using a number of Evolutigxigoyithm (EA)
based systems with the principal goal of evolving a ratio/template based d&egtidn scheme

[135], however, his evolved solutions had high false positive rates.

3.1.2.4 Support Vector Machines

Osuna et al proposed a face detection algorithm which uses an SVMfielaf23]. SVMs
can be considered a way of training classifiers. The decision suréaeefound by solving a
linearly constrained quadratic problem. The general framework us€skhbya et al shares much
commonality with the approaches of Sung and Poggio, and Rowley et d[$4]5in that an
exhaustive search of overlapping preprocessed 19 pixel blocks from an image pyramid are
classified. Similar to Sung and Poggio, bootstrapping is used to generafaasotraining data
[115]. Detection performance is marginal better than Sung and Poggiclightly inferior to
the results achieved by Rowley et al [115][84]. Romdhani et al erploising a reduced support
vector set for a sequential SVM approach to face detection [124].sfstem was 30 times faster
than Osuna’s algorithm. Waring et al combines spectral histograms andiS\dAMecent face
detection algorithm [125]. The spectral histogram is generated usinghbication of 33 filters

(i.e. Gabor filters, gradient filters and Lapacian of Gaussian filters)s dlgorithm achieves
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slightly better results than Sung and Poggio, Rowley et al, Yang et al[B4]5]36]. However,
the cost of evaluating the spectral histogram for each candidate locaidstie a solution which

requires several minutes to classify a single image.

3.1.2.5 Hidden Markov Models

A Hidden Markov Model (HMM) can be used for face detection by leagrihre face to non-face
and non-face to face transitions through a sequence of observati@msarid& and Young first
proposed using a HMM for face detection and recognition [137]. ThevHipproach proposed
by Rajagopalan et al achieves marginally better detection performanceaceinio Rowley et
al, but with a higher false positive rate [128][84]. Nefian and Hayeslined lower order KLT
coefficients as input features with a HMM. This considerably reducedifigeof the observation
vector and also improved the training and detection run-times. In subdeqadg Nefian and
Hayes proposed a similar system, though using a pseudo 2-D HMM and maxikelimood

training [118]. However, comprehensive comparison with other fatectien works is omitted

by Nefian et al.

3.1.2.6 Bayesian based approaches

Schneiderman and Kanade proposed a face detection scheme wheadtéhgyt to model the
intractably large and complex posterior probability (i.e. the probability of teegaice of an object
in image) through a series of constraints, assumptions and learning Hi2gl]y, the size of the
object is fixed and this has the consequence that overlapping windowdenesamined and also
multiple resolutions must be searched for scale invariance. Using Bay@etig the posterior
probability is decomposed into class conditional probabilities. F6ux 16 pixel subregions are
used and a simplification is made that no statistical interdependencies betvieegians exist.
To reduce the dimensionality of the problem further, a linear projection Ud@#y is used. The
class conditional probabilities are then decomposed into the product ofgtrtrdtions. Training
is used to estimate parameters within the resultant Bayes decision rule. Foorfitdll images
they achieve marginally better detection performance with lower false posities compared to
Rowley et al [84]. Schneiderman and Kanade later extended this work ite rabustly detect
side profile faces as well as cars [121]. In this version the statisticainmaion was gathered
in the form of multiple histograms of wavelet coefficients. Overall, this apgromproved side

profile face detection, although full frontal face detection was slightlyriofeo their prior PCA
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(a) Two, three and four element Haar-like featufles Two & three element features overlaid on a face training
(Source: Viola & Jones [113]) sample (Source: Viola & Jones [113])

Figure 3.5: The Haar like features used in Viola & Jones cascaded Adtafawe detection algo-
rithm
approach [120][121].

Liu also proposed a Bayesian face detection scheme, which integrate® fanalysis, mod-
elling and a Bayes classifier [122]. The novel discriminating feature aisatpmbines the input
image, an associated 1D Haar transform of the image and amplitude projedtiordaims the
resultant feature vector improves the discriminatory power for face titenecThe face class is
modelled as a multivariate normal distribution, as are a subset of nonydmels lie closest to
the face class. The model parameters are learnt from training images.n#dtkalling, a Bayes
classifier is used to detect faces in unseen images. For full frontad, fdee scheme achieves
comparable detection performance to the method proposed by Schneiderdidanade but with

a lower false positive rate [120].

3.1.2.7 Cascaded Boosting trained detectors

A recent trend in face detection algorithms is to use course to fine grachssathus eliminating
unlikely candidate locations quickly and focusing computational resoiggesmising locations.

The robust face detection algorithm proposed by Viola and Jones isaampéx of this strategy
and one of the first successful robust real-time face detection algor[ttkB8% This algorithm

uses cascaded Adaboost trained classifiers. Boosting algorithms caedeith many different
classifiers and functions by combining weak classifiers to form strongifitas. Each classifier
in the cascade is trained on the false positives from the classifier in theysestage. A candidate
face sample progresses through the increasingly computationally demaadoagle of classifiers

until the sample is classified as a face or until a negative result is fourttlisimay, processing
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C D

Figure 3.6: Additional Haar features for rotation-invariant face dete¢&wmurce: Viola [119])

for obvious non-face samples finishes quickly as the processing tersimatbe early stages
of the cascade. This dramatically reduces computational run-time and isfdhe principal
contributions of the approach. To facilitate the increasingly complex classifi increasing
number of input features are used within the classifiers. Simple Haar likefdramations are
used as the input features. These are generated very computatioficiinty using the integral
image technique proposed by Viola and Jones. The features, whiclhhasm $n Fig. 3.5(a)
and overlaid on a training sample in Fig. 3.5(b), are calculated using only siopgl&ations.
For example, the two rectangle feature is the difference between the supmsebfntensities
in two rectangular blocks, the three rectangular feature sums the out&slaod subtracts this
from the inner block. The integral image is beneficial as it avoids the comipuahcost of the
image pyramid generation by allowing the detection window to resize. Howmvrefiace scale
invariance a full exhaustive search across multiple resolutions is stilbsace The final classifier
has 32 layers using a total of 4297 features and achieves slightly bet#etide performance
compared to Rowley [84]. However, the run-time is on average 15 timegs thste Rowley’s
method [84]. It achieves 14 frames per second WBith x 240 sized images. A variant of Viola
and Sung’s algorithm was proposed®ychman [138], which differs in that it uses a faster version
of boosting. This eliminates candidates sooner in the cascade and typicallyvaspun-time
performance by 20%, although detection performance degrades samewh

Viola and Jones later extended their initial system to also allow detection of dddes

[119]. A decision tree was used to estimate the pose of a sample and a trastedie of Ad-
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aBoost classifiers, similar to their prior research, was used to classifyitigow. Four new
diagonal classifier features (shown in Fig. 3.6) were introduced to ireghm/detection accuracy
of non-upright faces. These diagonal features were carefullgezhallowing for fast generation
from the integral image. Again similar performance was achieved compafalitey’s rotation
invariant work [130], however the run-time is considerably better. A-piddile face detector
using additional decision trees and detectors gave similar performance sydteen proposed
by Schneiderman and Kanade, but again the run-time was considerabbvadpiMWu et al pro-
posed a solution which could be considered to be a variant of Viola angisStuntation invariant
approach, but used the Real Adaboost algorithm [139][119].

Extensive improvements to the AdaBoost face detection framework weeathg proposed
by Li and Zhang and more recently by Huang et al [111][112]. Bottem¢ approaches focus
on improving multi-view and rotation invariance in addition to improving the boostiggrahm.

Li and Zhang use a novel training scheme called FloatBoost, which autotiyateraoves weak
classifiers from the cascade that are deemed ineffective [111]. Tdds te a better performing
strong classifier with an improved run-time. Multiple detectors organised insedo fine grain
pyramid structure are used to detect faces in different views (i.e. fidengofile through to
full frontal in increments of 10 degrees). Using a full frontal view testaget (i.e. the CMU
dataset) the approach marginally out performs Rowley’s ANN approarch fjiven number of
false positives. It also achieves better performance than Viola ang doiggnal work and uses
up to 58% fewer weak classifiers. The multi-view capabilities are furthendettby Huang et al
[112]. They propose a new cascade structure called width firsttsaginach attempts to tackle the
deficiencies in the decision tree approach and the pyramid approadpl[li]9 Furthermore a
novel generalised boosting algorithm termed Vector Boosting is used in thmtrahase. Rather
than use simple Haar-like features, novel sparse granular featerpsogosed, which they claim
capture irregular features better whilst having similar computational cobtsselcombined con-
tributions allow the algorithm to outperform the methods proposed by Rowlay, &iola and
Jones and Li and Zhang in terms of detection rate [84][113][111}foReaance is 10 frames per

second on a Pentium-4 3-GHz machine when u8iztgx 240 sized images.

3.1.2.8 Other Appearance-based Approaches

Yang et al use the Sparse Network of Winnows (SNoW) training methogdl@®p]. This is

specifically targeted for learning in domains in which there is a large numbeatfres, but only

68



3.1. FACE DETECTION STATE OF THE ART REVIEW

a small number are active at any time. The input feature used is the ratimralicombination of
pixel intensity multiplied by the position. Preprocessing of samples occurs stmttzait proposed
by Sung and Poggio [115]. The approach is computationally efficientahigtves better results

than Sung and Poggio, and Rowley et al [115][84].

3.1.3 Prior art in hardware acceleration of face detection

There are a small number of face detection algorithms implemented in hardsti@mne-Cummings
et al describe a low complexity analog design for Hue Satursation Intersty hiistogram-based
skin detection followed by simple user defined template matching [140]. An gquagsign ap-
proach is also used by Boussaid et al, who proposed a threshold-dlasealetection filter which
uses the normalised Red Green chrominance subspace [141]. A digital Basign for skin de-
tection design is proposed by Krips et al, in which a three input (i.e. RGB) A\used [142].
The ANN is trained offline with back-propagation. The trained topology idlg Eonnected feed-
forward MLP with three hidden neurons. Owing to the small and fixed topyadoge, the ANN is
implemented directly having dedicated logic for each structural element. Tivatam function
in each neuron is implemented as a Look Up Table (LUT).

Unfortunately, skin detection without further processing is not sufftdmrobust face detec-
tion (see Section 3.1.1.1). However, a hardware architecture for staotota followed by such
post-processing was proposed by Paschalakis et al [109]. Thigwgesich is targeted for a Field
Programmable Gate Array (FPGA), uses a combination of adaptive statisstajram based skin
detection, connected component analysis and a simple tracking algorithmnpitheQCIF size
frame is firstly subsampled to a very low resolutidn ( 9). Further processing occurs at this
resolution and thus explains the high throughput of the design, which thiey can achieve over
400 frames per seconds using a 33 MHz clock. The skin detection is adllatdsased scheme in
the LogRG subspace and is implemented via a series of memory lookups. A sidgdifiected
component analysis algorithm then tags and clusters detected skin pixelga¢king algorithm
uses distance and mass metrics calculated using each skin cluster and ¢teddatz(s) in the
previous frame. Unfortunately, there is no evaluation by Paschalakiagaiast other approaches
using standard test face datasets, thus making comparisons difficulteffuotte, as this approach
is heavily dependent on the initial skin detection process it is unclear hdiifrz all) this algo-
rithm will function in presence of skin-like coloured background regidden-face skin regions

(arms, legs) can also be classified as faces, although there is lestuofigdor this to occur in
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the proposed application of frontal head and shoulders type mobile viagerencing.

The more common approach for implementations of face detection in hardwarase ap-
pearance based algorithms (see Section 3.1.2). Possible reasons fiesigis decision will
be discussed further in Section 3.2. Implementations of appearanad-faasedetection al-
gorithms, which include at least some aspect in dedicated hardware, éaneNN based ap-
proaches [143][144][145], a scheme using a naive Bayes clagddie], a HMM approach [147],
PCA/eigenface based face recognition [127], and a recent implementesiiog the AdaBoost
algorithm [148]. The hardware ANN implementation proposed by Theabmiet al is based
upon the rotation invariant face detection ANN algorithm proposed by Roetlal [130][143].
Theocharides et al implements dedicated hardware for the image pyrangichtien, histogram
equalisation, illumination correction, rotation detection ANN, and the retinallyeoted ANN
classifier [143]. A word-length of 9 bits (1 sign bit, 3 integers bits, anda6tfonal bits) is used
within the ANN elements. The Tanh activation function is implemented in a LUT. Hsad is
synthesised for 0.36n ASIC technology and achieves a frequency of 75 MHz. Howeved¢he
tection rates are considerably lower than reported in [130]. This is most Gkepsequence of the
look up LUT based activation function and/or insufficient precision in tkedfipoint arithmetic.
Furthermore, the power consumption of 7 watts is unsuitable for mobile deployhaes).

A hardware / software ANN implementation is proposed by Sadri et al][1&umerous
functions including image pyramid generation, rotation invariance and the MILR classifier
are processed in dedicated logic on an FPGA. The remaining tasks (&egtiate merging, etc.)
are carried out in software on a PowerPC which is part of the fabriceoFBGA that is used. In
contrast to the approach of Rowley et al, after pre-processing a saampéeige filter is applied,
resulting in a binary quantisation of the input pixels. This has the benefitéat @f eliminating
the multiplication operations required in the first layer of the ANN topology. Altig it is also
likely that the quantised pixels will cause a reduction in the overall face tilmtemerformance.
However, as the performance of the system is not compared against othedeed evaluated
on a standard test dataset this cannot be verified. Similar to Theocherides word-length of
9 bits and a LUT based activation function is used. After the first layer irAtkiN, embedded
multipliers on the FPGA are used for the weighted sum calculations of ANNextioms. A
throughput of 9 frames3(0 x 600 pixel resolution) per second is claimed with a 200MHz clock
frequency. Smach et al also describe a ANN based hardware implemeritatiace detection

[145]. A linear spline based approximation for activation function wasluakhough this logic
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Figure 3.7: System Architecture of Face Detection Algorithm proposedduy®h et al (Source:
Nguyen [146])
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was present in each of the 16 Processing Elements (PE). Had a systaji@echitecture been
employed, this could be easily avoided. No discussion is presented by ®teladoncerning the
face detection performance of the resultant system.

A hardware PCA based face recognition system is proposed by Reastal [127]. An ANN
is used to calculate the principal components after training with generalisgaidtdearning. The
design is implemented using 0,413 ASIC technology and achieved a maximum clock frequency
of 117.5 MHz. Using the Yale database 75 images were processed indriiisecThey claim a
speed up in the order @b’ is possible when using the dedicated hardware over a PC implemen-
tation, although, this comparison is not strictly fair as the PC implementation is gimnthin
Matlab, where its execution speed is constrained by the interpreted eménbn

Nguyen et al present a face detection scheme which is used in an algtoitartract lip
features for a combined audio visual speech recognition applicatiof. [T4@ir proposed face
detection algorithm combines image gradient information with a naive BayesifidasAn ex-
haustive search usirgf) x 20 pixel sized windows over multiple resolutions is used. For each
extracted window, histogram equalisation is carried out. The magnituderaotiah of the edges
present in the window, which are extracted using a Sobel filter, areequbstly calculated. A
gquantised version (7 levels) of the edge direction is then used to formarwelich is classified
using a naive Bayes classifier. A block diagram of the system archigeistshown in Fig. 3.7.
The score computing unit, which effectively encapsulates the face madsl tiie quantised edge
direction vectors to retrieve 16-bit (i.e. using 1.1.14 representation) liladilvalues from LUTs
in Read Only Memorys (ROM) on the Altera Stratix FPGA. The retrieved vauethen summed

using an adder tree. This design was targeted for an FPGA, wheraitl69850 logic elements
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and achieved a maximum clock frequency of 41 MHz. The algorithm wdsateal using the Yale
dataset, where it achieved 86.6% detection with no false positives.

The hardware architecture proposed by Yang et al is based on Vidldares’ AdaBoost
face detection algorithm [148][113]. A number of modifications and axiprations are firstly
made to Viola and Jones’ algorithm for the intended application scenario ofvttls whereby
face detection would be used for automatic exposure control in handieleras. As such, strict
real-time constraints must be placed upon the original algorithm. This is traubdéeis particular
for the variable run-time of the cascaded classifiers. In the extreme redber than truncate
processing to ensure a specific run-time performance, which they siroilead to a considerable
number of missed detections, they propose a scheme exploiting spatio-teprppeaties of the
cascade and source images. Furthermore, rather than rescale thienl@tiexiow, they rescale the
integral image. They claim adopting this strategy is beneficial because cedeet processors
with very small cache size, the cost of rescaling is less than the costateslomith the loss of data
in the cache, due to the larger detection window size. This cost differén@gpecially true as
the integral image rescaler can run in parallel and does not requirastibklogic. The hardware
architecture proposed by Yang et al is shown in Fig. 3.8(a). The fatetion engine shown
in Fig. 3.8(b) is principally responsible for retrieving the features, comgttie classifiers and
rescaling the image. The elements of the integral image are stored using-&ewgttd of 32-bits.
The classifier pipeline consists of rectangular summation, a four cycle mul@pigea threshold
comparison. The latency of the classifier pipeline is five clock cycles, ied &lled one feature
is processed every two cycles. The design is targeted to an Altera CytkEREA and uses 6394
logic elements and 22 Kilobytes of storage. The implementation is evaluated usiistpan test
dataset and achieves over 75% detection with 13 false positives.

A number of other prior works in the face detection literature also have logeldef hard-
ware acceleration. These include a resistive fuse network approapbsed by Nakano [149]
and an edge feature extraction VLSI chip used in a 2-D HMM approacBuzyiki and Shibata
[147]. An interesting design space exploration for face detection, whiapplicable to hardware

implementation or multi-core microprocessors, is presented by ChellappEL80&l
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Figure 3.8: Face Detection Hardware Architecture Proposed by Yaag(8burce: Yang et al
[148])

3.2 Discussion: Suitable Algorithms for a Mobile Device

The goal of this section is to draw conclusions on the state of the art reviéac® detection
algorithms that was presented in Section 3.1 and identify a suitable enegigrafilgorithm for
deployment on a mobile device. Along with the goal of energy efficiencypther principal mo-
tivating factors in the choice of algorithm are the potential quality of facectieteresults and the
run-time performance. Although, it was established in Chapter 2 that dedibardware offers
a considerable energy efficiency benefit over a software implementatitmdamental design
decision still remains whether it would be appropriate and cost effectigéload all or some of
the face detection processing to dedicated hardware. In generalagetiardware brings faster
execution, improved energy efficiency and reduced manufacturirtg @evided the number of
units exceeds a sufficient volume). However, the cost of these beisefitreased design time
(and as a result higher non-reoccurring engineering costs) anduati@n in reconfigurability.
For any algorithm these trade-offs should be carefully explored withinghtegt of the intended
deployment target. For example, a dedicated hardware block for faeetide which could be
reconfigured for an artificial intelligence gaming application is potentially a&ractive and valu-
able for a multi-function mobile device, but the benefit is less so for a dedivateo sensor node
in a security application. It should also be noted that a dedicated hardmwplementation is
not necessarily faster compared to software for all algorithmic structli@sexample, a single
multiplication in software is most probably using a dedicated multiplier in the datapatHuti
custom designed microprocessor, which is likely to be at least as fast asuthe word-length

sized multiplier in the pipeline of a hardware accelerator that was desigieglaistandard cell
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ASIC design flow. The possible benefit for the dedicated “hardwacela@tor” in this rather
contrived example, is that the datapath width could be tuned to the algorithmvoratioiced bit
switching (lowering power consumption) and/or multiple multiplications could baethout in
parallel thus reducing run-time. Unlike a software implementation, the dedibatedvare also
has the power consumption advantage of not requiring an instruction tedhedefrom memory
and decoded.

If a hardware design route is chosen (most likely due to real-time perfaeriasues and/or
power consumption issues), consideration should be given to how eafynittion is to pipeline
and whether opportunities exist to exploit parallelism in the function to acliegecific perfor-
mance level. In addition, for image and video processing algorithms, tam@isideration must
be given to memory access and structuring. Otherwise a dedicated haviation could trans-
form an initial compute-bound problem to a memory bandwidth bound probldmchwwill fail
to maximise the potential of the dedicated hardware resources. Furthemaregry accesses
are generally considered very power consumptive due to the addresdallogic. With these
general considerations in mind, the author concludes that a hardwararienkgion of inher-
ently computational demanding face detection processing on a mobile device seaige from
an energy efficiency and run-time performance perspective provitedpecific face detection
algorithm can be easily pipelined, offers scope to exploit parallelism aesl regular memory
addressing. A more likely scenario for a given face detection algorithmatghlere are compu-
tational complexity hotspots within the algorithm which are more suitable for ranelwffload
compared to implementing the entire algorithm in hardware. The remaining operatia reside
in software and use the host processor available on the mobile deviceapph@ach also opens up
the possibility that with different software control logic the dedicated hardvaccelerator could
be reconfigured for other tasks.

The algorithms discussed in Section 3.1 will now be re-evaluated from avhezdbffload
suitability perspective. With the exception of trivial skin detection filters, feature extraction
based face detection algorithms have been implemented in digital hardw8ie Ttls may be
explained by the fact that in general feature extraction based apy@®adfer limited opportu-
nity to exploit hardware parallelism, involve complex memory addressing schensy require
multiple passes and are difficult to efficiently pipeline. In contrast appearbased approaches,
have many desirable characteristics, which lend themselves to viable hardmaementation.

Moreover, many consider appearance-based algorithms to be most compared to feature ex-
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traction based methods (see Section 3.1). As can be seen in Fig. 3.3, d &jpearance based
approach principally consist of an exhaustive search across multgmutions, where each can-
didate location may undergo normalisation processing before a classifigdiim®. As such,
memory addressing is regular and many of the proposed classifierslieadydeen implemented
in hardware. Of the many classifiers reviewed in Section 3.1, ANNs, SViige Bayes classi-
fiers and Haar-like feature classifiers trained with boosting algorithms tesudted in the best
detection performance, and all of which have been shown to have vialdevare implementa-
tions [143][146][151][152][148]. Since all these approachesganerally accepted to give similar
face detection performance [84][123][120][113], and boostingéchnique which can be applied
to most training schemes, other factors should also be considered, jgalyi¢ctom a hardware
implementation perspective.

Reuseability of a hardware core is important on a constrained computingrpiets avoid rel-
atively infrequently used logic causing excessive silicon area. Thizres even more important
in deep sub-micron technology, where static power can contribute up toof®8é total power
consumption in 9Qum semiconductor process technologies [69]. Although, in this scenaeio, th
static power can be addressed by powering down the block. Neveghelleen using reusabil-
ity as a design criteria, ANNs have a distinct advantage over the othevagh@s, due to ANNs
more established application base, a result of them having been deplogeoréad spectrum
of classification, perception, association and control applications [BOlthermore, within the
semantic image/video processing domain, ANNs are frequently used foeségtion, automatic
labelling and image understanding tasks [153]. As such, an ANN can hesdewed a highly
versatile fundamental tool in a semantic object processing “toolkit”. Onentlagtbe combined
with other lower-level basic video processing blocks tools (e.g. illuminatiorection, histogram
equalisation, etc) to achieve a solution for higher level abstracted semahtic ta

A difficulty when using ANNs is that considerable manual fine tuning to the tgyoénd
associated parameters is required to achieve excellent results [80jnd-ama appropriate net-
work topology and an optimal set of weights represents a difficult multidimeabaptimisation
problem. Ideally, the topology should be as small as possible, but largegleno accurately fit
the training data. Failure to find a suitable configuration will cause poorrgksegion ability
with unseen data and/or excessive execution time. As was mentioned in S&datidr3, using

EANN algorithms, in which a GA automatically searches for optimum topologiesdpotential

2An optional model similarity check is sometimes evaluated prior to classifigaticch as with the approach pro-
posed by Sung and Poggio [115].
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solution. The EANN paradigm will be explained more thoroughly in Section 3. 3@vever, a
number of the potential benefits offered by EANNSs are now be outlined.

It has been shown that an ANN based face detection system with loegdtrexfields out-
performs a fully connected ANN [154]. Local receptive fields allowsANN to detect localised
features [84]. However, as the size and connections for thesdireckelds are determined man-
ually, a EANN approach should be able to evolve at least as good a solAtigditionally, unlike
a feed forward ANN, such as that used by Rowley et al [84], a moB&MNN framework can
evolve any type of topology, potentially with a mixture of forward connectigasurrent con-
nections and looped current connections. Combined, these factastiaypotential to allow
non-trivial creative topological solutions to evolve via the GA.

EANNSs also offer the possibility of finding a minimal topology, which is hugelydfecial
since fewer neurons and connections lead to reduced computationsin This means higher
throughput and lower power consumption. EANN based training alsosdftenefits from a hard-
ware perspective relative to an ANN trained via on-chip back propagat®the GA optimisation
search should be less sensitive to reduced word length implementation Bsuesusability pur-
poses the ANN evaluation of the EANN can be easily offloaded to dedicatehivare. As was
also observed by Reyneri, this approach to ANN hardware design cembiie scalability and
flexibility of software with the speed and energy efficiency of dedicatedviiare [155]. For ex-
ample, by modifying the software, the same core that accelerates faceateterld be reused as
an EANN accelerator for advanced Al for computer gaming [31]. In #ue fdetection scenario,
EANN based training occurs once. After training, during normal mode étection operation
(e.g. face detection during a mobile video call), the proposed algorithm wétdee the acceler-
ated processing performance of the dedicated core. In the Al applica@rario, constant GA
based evolution with hardware accelerated phenotype evaluation wazid tocalter the Al of
computer controlled agents in response to the playing characteristics ofitfentplayer [31].
As will be shown in Chapter 5, profiling revealed the computational burdi¢imeoANN evalua-
tion is suitable for hardware offload, whilst the GA, which uses moderatgutational resources
resides in software.

Arecent trend in face detection algorithms, in particular with the Haar febtosting trained
algorithms [113], is to use a cascaded structure of increasingly complesifidas. This directs
computational resources to more promising face locations. During EANNrtegithe evolution-

ary process generally creates increasingly more complex topologicetiss. This is especially
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true if the EANN algorithm evolves from a minimum topology rather than an initiatisgatopol-
ogy with considerable structure present. The Neuro Evolution of Augntemtipologies (NEAT)
open source library is one such EANN algorithm which achieves this mlvap56]. As such
EANN training within NEAT naturally generates increasingly complex classifihich can be
extracted and used to create a cascaded structure.

For the combination of the outlined reasons the author has chosen to adehN&l approach
for face detection. The training of the EANN is detailed in Chapter 4, whilsstfftevare and hard-
ware implementations for a mobile device is described in Chapter 5. The algdoitiuses on full
frontal detection, with the simplistic assumption that multi-view face detection is a métising
multiple detectors trained for different orientations [111][112]. This wdldiscussed further in
Section 4.5. The final remaining decision is the choice of input featuresetonusonjunction
with the classifier. Recently Haar-like features have become populae&ktap face detection
processing [113][119][111][112]. However on a constrainechpoting platform, a number of
issues make their choice less attractive. In particular, due to the potemtiatde accumulation
values in the integral image, considerable memory storage is required x&opke, Yang et al
used 32-bits per element in the integral image. Viola uses 25 features insth2 l@yers of the
cascade which removes 90% of the potential candidates. Neverthelegsld¢hlation of these
25 features uses more memory data bandwidth compared to retrieving thénpexelity values
directly. Therefore, pixel intensity values are used directly in this workhdugh it is acknowl-
edged that Haar-like features simplify the complexity of the classifier. Rurthestigation in this

matter is targeted as future work.

3.3 Fundamentals of Evolutionary Artificial Neural Networks

Having decided to use EANNS as the basis of a face detection algorithm iretigarch, this
section provides a context for the training and implementation details in Chaptedt €hapter
5 respectively. The fundamentals of ANNs are outlined in Section 3.3.1. sEgigon coupled
with the brief overview of GAs in Section 3.3.2 describe the fundamental elsro€BEANNS and

as such this overview provides a context for the state of art review fNEAIn Section 3.3.3.
The novel features of NEAT, the EANN open source library used in tbpgsed face detection

algorithm are described in Section 3.3.4.
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3.3.1 Artificial Neural Networks

ANNSs are a versatile non-linear statistical data modelling technique, whichrtgjzigation from
the massively parallel biological network of neurons (consisting pritigipph axons, dendrites
and synapses) in the human brain. The ANN consists of an interconnmeetwdrk of simple
neurons (sometimes also referred to as nodes). Each neuron typicsllynbaor more input
synaptic connections (also simply referred to as connections or links) aimgjle@ output. The
connections originate from the outputs of other neurons and similar to theglaialdehaviour,
the output value of the neuron is altered by a weighting in the connectiomebi¢éfieaches the
input of the subsequent neuron. Neurons can be classified as imgdenhor output depending
on their position within the network. Input neurons (sometimes known assneceive values
from the external world, but do not manipulate these values in any wag value of output
neuron(s) represent the result of the neural network procesaihghés value(s) are returned to
the system in which the ANN is operating. Neurons whose inputs and outgut®taccessible
from the outside system are termed hidden neurons and are typicallysagcés solve non-
trivial problems. Traditionally the neurons are organised into layers, iiput layer containing
input neurons, hidden layer(s) with hidden neurons and similarly the blatyer contains output
neurons), although as will be shown in Section 3.3.3 this is less applicable NINEA Basic
terminology associated with ANNs is shown in Fig. 3.9.

The neurons can be organised into many different configurations ologips. The simplest
topology is a termed a single layer neural network, where there is only mguns feeding
directly to output neurons. This is however limited in terms of the types of systeas approx-
imate [157][158]. The notion of information flowing in a single direction frore thput to the
output is known as a feed forward network. Furthermore, if all theorein a layer are connected
to all the neurons in the adjacent forward layer, the network is then said #ofllly connected
multilayer feedback forward network. This is a popular topology for imdgesification prob-
lems including face detection [84][116]. It is also possible for feedlimtveen neuron layers,
this is said to be a recurrent ANN. An example of this is the Hopfield ANN [[i54].

In the classical model of a neurrthe output of the neuron j, is a function (known as the
activation function and denoted &s..() in Eqn 3.1) of the summation of the weighted inputs

to neuron j plus a bias value (see Egn. 3.1) [157][158]. The bias eatobsidered a means of

3More advanced neuron models can have more complex relationshipsdrethe inputs and output. For example,
the output of a spiking neuron also has a dependency on the timing of ths.inp
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Figure 3.9: Basic Terminology associated with Artificial Neural Networks
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changing the activation threshold. Commonly employed activation functiohsdim¢hreshold
based (see Eqgn. 3.2), ramp based (see Egn. 3.3), sigmoid (also kadagistic function, see
Eqgn. 3.4) and Tanh (see Eqgn. 3.5). These activation functions annshd-ig. 3.10. Sigmoid
functions are very commonly used and unlike the threshold function the sigsnaiifierentiable,
which makes it more amendable to a wider variety of training algorithms. Thetaftfhe neuron
then propagates to the input of many other neurons and the proceassrapsl the final output

layer of neurons is reached.

Yj = fact (Z Wi %45 + bj) (3.1)
1 ifydin, >T

yj = ’ (3.2)
0 ifyan; <T

_zl

0 yuan; <—%5
Yji = —%1 <yun; < %1 (3.3)

1 yan; > %

1
f (@)= Treos (3.4)
T — o7
f(z)= pramp— (3.5)

Prior to use, an ANN must undergo a training phase. The training attemptsaotean under-
lying relationship from a set of observations (e.g. the input training sarapkshe output(s)). If
this process is successful, the ANN is able to generalise the relationshifheotraining data to
give a correct result for future data samples, even if these sampleswigpart of the initial train-
ing data. There are many different training algorithms, but these can biblaglly classified into
the following families: supervised learning, reinforcement learning arsipervised learning.
Normally any topology can be used in conjunction with each type of trainingitigo

Supervised learning attempts to minimise a cost function for a given set wipdagairs (i.e.
inputs and the associated correct output value). Based upon theinogoh (e.g. mean squared
error between the generated output value of the ANN and the expedimat walue) the ANN is
adjusted. Typically this adjustment is to the weight values, though otherdreeneters associated
with the ANN could also be adjusted depending on the training algorithm. Ssgpdrraining has

been shown to be applicable for many application domains including image pategnition/-
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Figure 3.10: Selection of popular activation functions

classification and function approximation. Back-propagation is proballyrtbst well known
supervised training algorithm. This minimises the cost function using gradéscedt and a gen-
eralisation of the least mean square rule. However, due to the gradssgnddased approach,
there is a potential for the training to get stuck at local minima. A further issgeneral with su-
pervised learning is that it is only suitable for problems where there is &priecget output value
available. However, in many cases this information is not available. In stictiens reinforce-
ment learning can be used. This approach learns via trial and erroadtiters with a dynamic
environment and the associated consequences of actions rather fiiait ®aching (e.g. with
marked up outputs). Reinforcement learning has been used sudigeisstiontrol applications
and artificial intelligence for computer gaming [31]. Finally, unsupervisednieg attempts to
automatically map input points to an output space without explicit correct brgpults available
to guide the training process. It is frequently used in clustering-type apiplis, including image
segmentation [153]. The popular Kohonen Self Organising Maps (SQdéyithm uses unsu-
pervised training. In general the most suitable learning paradigm beaezasrom the type of

application. For example, in the case of the proposed face detection atgari®hapter 5, due to
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the readily available large collection of sample training samples and the asdamatect target

values, a supervised training approach was the obvious learninggrareaadopt.

3.3.2 Genetic Algorithms

A GA can be considered a type of search or optimising algorithm inspiredhygical evolution.
It is one member of the wider family of EAs, which encompass genetic algorithemgtic pro-
graming, evolutionary programming and evolution strategies. The key é&eatar GA is that the
search space is explored in multiple locations using a population of genomagsdgitly referred
by other names including individuals, structures, etc) and these genamesiaved to repro-
duce, which ideally creates offspring that converge toward the glohaticen. Each genome is an
abstract representation of a candidate solution (typically termed a phefjofixaditionally the
genomes are represented using a binary encoding scheme but othatsfeuch as integer and
floating point are now also popular. Simple pseudo-code for a generiis GAown in Algorithm

1, one iteration of thevhile loop is termed a generation.

Algorithm 1: Genetic Algorithm pseudo-code
initialise population;
evaluate fitness of population();

while terminationcondition != truedo
select parents from population;

crossover();
mutation();
evaluate fitness of population();

Each generation consists of a reproduction process, in which the GAtliseiologically
inspired operators of selection, crossover and mutation (see Algorithr8elgction is used to
choose parents for a new offspring. There are many differenttsmiealgorithms, including
tournament selection, roulette selection, elitist selection, etc [159]. Rouddéetion was used
in the EANN for the proposed face detection algorithm in Chapter 5. Thisnsehassigns a
higher probability to fitter parents reproducing but also deliberately allafissolutions through
in order to preserve diversity in the population. After the selection psp@esssover (sometimes
known as recombination or mating) is the mechanism in which two pérespisoduce to create
an offspring. There are many possible crossover schemes, prindipallying swapping some

elements of data between the parents. Algorithms include single-point cengsee Fig. 3.11(a)),

4Some crossover mechanisms use more than two parents. For examplxsinary crossover scheme, uses two
“fit” parents and one “unfit” parent. When the fit parents agree on theevaf a bit the offspring takes this value.
However when there is disagreement on a bit value, the offspring th&expposite value of “unfit” parent.
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two-point crossover (see Fig. 3.11(b)), multipoint crossover 3.1djorm crossover, etc [159].
After crossover (or instead of crossover depending on parametiealpitities) mutations are used
to create random perturbations within the offspring. The classical exaofipteutation is bit
flipping in a binary genetic sequence. Mutation maintains diversity in a populayigreventing
the population from becoming too similar to each other. The benefit of this i# #nadids local
minima. However, if the frequency of mutation is set too high, the searchti#ty becomes a

random search which can make it difficult to converge to a solution.

3.3.3 Evolutionary Artificial Neural Networks

An alternative ANN training approach is to use an EA to evolve a solution witle/KN archi-
tecture search space. An ANN trained in this manner is usually referrescaio BANN. Typically
a GA is used in the evolution but other EAs can be used, including geneticgonaning [160].
EANN algorithms differ in terms of the evolution target within the ANN. The simpEANN
approaches evolve only the weights in a fixed topology whereas the mesneced approaches
evolve the architecture (i.e the connectivity, number of neurons, neatdration function etc.)
and provide the scope to adapt the learning rules [161][156]. TheNE&&Ining paradigm ex-
ploits the inherent ability of EAs to search large complex non-differentiabée raulti-modal
search spaces [161]. In the absence of such an automated apfopagtimum topology se-
lection, this extremely challenging task is traditionally approached in an adibooer of human
trial and error. As well as being time consuming, such an ad-hoc agphaasca high probability of
selecting a non-optimum topology. There are other approaches fotisglapologies, including
destructive training algorithms. These algorithms start with an over-sizeéd @idl progressively
prune the structure backward. However, it has been shown thatdippseaches typically give
inferior results, as only a very limited subspace within the potentially infinitelyelasgarch space
is explored [162][163]. Aside from the considerable benefit of autanzachitecture selection,
EANNSs have advantages over popular gradient descent basethtgalgorithms, such as back
propagation and its many variants. Gradient descent based traininggmaieacy to get trapped at
local minima, cannot be used for applications where the error functiomiglifferentiable and is
unsuitable for sparse reinforcement type learning problems [161][A8Guch, EANNSs could be
said to be suitable for a wider range of application domains compared to Aldidedrvia more
traditional learning algorithms. This feature is particularly attractive frone@ichted hardware

architecture perspective, as it maximises the reusability of such a hardos.
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Figure 3.11: Examples of genetic algorithm binary crossover techniques
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Figure 3.12: Taxonomy of EANN algorithms

A taxonomy of the varied approaches for EANNSs is shown in Fig. 3.12. riibst straight-
forward EANN algorithms use a fixed topology and only evolve the valueefmbights. In this
case the genomic representation is a relatively straightforward decisiomdiea binary repre-
sentation or using real numbers. Using a binary representation is easigriéonent, as it allows
classical crossover and mutation operators. However, carefuletiaaland trade offs are required
to establish the number of binary bits to use to achieve adequate weighigmewaighout having
an excessively long genome representation which effects the evolytispeed. The alternative
is to use real numbers, which minimises this issue, though the crossover smtibmoperators
become more complex.

The genome representation is considerably more difficult if the topologyefisas/ weights
are allowed to evolve. The two principal genome encoding schemes forpiieach are direct
encoding and indirect encoding. These could be considered to difternms of the amount of
the structural information that is captured in the genome. Direct encodivegrees contain the
information about every connection and every node in the genome. Asily, rthe genome rep-
resentation can be quite large, although there is a one to one mapping béteegmome and
phenotype. Within direct encoding, a number of broad approachesleen suggested includ-
ing genitor, binary matrix, node, etc. [164]. Node based schemes hauenber of desirable
characteristics including ease of scalability and are preferable for thasens. The subsequent
evolution of the population of direct encoded genomes can proceed iof twe ways. The first

and easier of the two methods is to use incremental evolution of the topologwéallat each
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stage by weight training (EA-based or otherwise). The alternative is toltsineously evolve
both the weights and topology. The incremental approach is considetabigrsand the separate
training can introduce effects such as randomness resulting in a “noisgdTtnvhich can have
a negative impact on the evolutionary process [160]. For these eabensimultaneous evolu-
tion of weights and topology is considered a better approach. The altermatilirect encoding
schemes is indirect encoding. In these schemes only the most important dedatsred in the
genome representation. This produces a more compact genome. Tdhéer® anain options for
indirect genome representation. One option is to encode the main pararsetéras number of
nodes in a hidden layer, etc. following which these parameters are thére@vorhe detailed
connectivity in this case is produced via explicit growth rules. The othéopses fewer param-
eters and directly evolves the growth/development rules. Howeveltigniesarks remain over the
ability of indirect encoding schemes to evolve a solution which gives gondrgésation [161].

Regardless of whether direct or indirect encoding schemes arerglose of the most diffi-
cult issues to overcome when evolving a topology is the problem of compeaimgeitions (also
known as the permutation problem). The competing conventions problem stem#he fact that
there may be more than one way to express a topology. An example situati@wis shfigure
3.13(a), where although the position of neuron A and C are swappeaethwrks are identi-
cal. This causes considerable trouble for the crossover operaiwe,identical parents are being
crossed over, there is a high risk that functionality within the topology will éstrdyed [156].
The effects can be so detrimental that some researchers choose setth® wopology crossover
operator and instead rely on mutation. However, for many applicationsomerssas been shown
to be vital [161]. Even without the complication of competing conventions, lé@yocrossover
is a difficult problem. How two topologies should be recombined is frequemtiyohvious (see
figure 3.13(b)). There is also the possibility that crossover could ggeeto an offspring with an
invalid structure, for example a neuron with no input or output connectidopology analysis
can be used to minimise this effect.

The problem of competing conventions is less of an issue for indirectiedaenome schemes
with evolutionary growth rules, though the next section outlines a recestt@incoded node based
scheme which solves the problem. This scheme also allows meaningful topotsgpeer to oc-

cur without the computational overhead of topology analysis.
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Figure 3.13: Issues associated with topology genome representation &bseeer operator
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Figure 3.14: Example of a NEAT genome and resultant phenotype
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3.3.4 Neuro Evolution of Augmenting Topologies

NEAT is an example of a direct encoded node based EANN approadbhwhdeployed in a
broad spectrum of varied applications [156]. Each genome consistaofber of link and neuron
genes as shown in Fig. 3.14. It uses a genome historical marking sclegenesd to as innovation
numbers, which is the enabling factor for much of the novelty within NEAT anitis many of the
problems associated with other EANN approaches. Stanley found tlwatlireg the evolutionary
history of each gene identifies the common structure between two genonéégs [15

Tracking the evolutionary history is simply a matter of incrementing a global @y num-
ber whenever structural mutation (addition of a connection or neurarecA unigue innova-
tion number is then assigned to the new gene. This simple scheme allows melattipgfogy
crossover to occur and does so whilst avoiding any computational eag it topology analysis.
An example of using innovation numbers in the structural mutation operatorovensin Fig.
3.15(a). The top number in each box corresponds to the innovation namide¢he bottom num-
bers shows the source neuron and the destination neuron for eawction. Anadd connection
mutation between neurons three and five, is simply recorded and the inmowatiacber incre-
ments to seven. If this mutation was followed byaatd nodemutation between neurons three and
four on the original topology, the connection between neurons thretoandinnovation number
3) is firstly disabled. Two new genes are subsequently added, rafirgsthe new connections
and neuron. This structural mutation is recorded via the addition of innovatimbers eight and
nine. If during mutation the same structure arises as previously encadyitegennovation num-
bers are not incremented. In this way all similar topologies are uniquely ightifhis avoids the
issue of competing conventions during crossover. The NEAT crosspezator is shown in Fig.
3.15(b). The two parents are aligned according to their innovation num@Geramon genes are
simply inherited in the offspring. There are two methods to crossover théntgeigthe parents to
generate the connection weight in the offspring. The connection weigiithisr selected at ran-
dom from the two parents or the average weight from the connections twthearents is used.
Genes that are present in one parent but not in the other are labetlesjioiist and excess genes.
As will be described shortly, the number of disjoint and excess genassatewhen establishing
the structural similarity between genomes.

Adding structure to the topology will typically initially reduce the fitness functesmsmaller
structures tend to optimise faster. Consequently, there is little opportunity foretkigopology

to survive [156]. Taking inspiration from biological evolution, whereimmovation needs time to
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Figure 3.15: Use of innovation numbers in the mutation and crossovertopei@a NEAT
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reach its potential, NEAT uses a process of specification (also knowitl@ag within the con-
text of GA). This allows genomes to compete only against their own specitgiags the new

offspring a better chance of survival. The similarity between two genomgises by Eqn. 3.6,

whereF is the number of excess genésis the number of disjoint genel/ is the average weight
difference between genes andis the number of genes in the larger genome. The coefficients
c1,c2 & c3 weight the importance of each element (the standard values in the NEATyltase
been used unchanged in this research). After crossover and/or myutsich offspring is com-
pared against a representative member (chosen at random) fromréhésgspecies in the previous
generation using Egn. 3.6. If the result is less than a predetermineddlt€ghbe considered

similar), the new offspring is placed into the parents’ species, otherwise/apecies is created.

. ClE CQD _—
§= 7 + N +csW (3.6)

Another important concept in NEAT, which also takes inspiration from biokdgggolution,
is the introduction of the concept of complexification. Using this scheme gsougstarts with a
minimal topology with no hidden nodes and each input is connected to an owigelt Successive
generations systemically elaborate the complexity by adding neurons andfaations. This is
attractive in the context of mobile devices since minimal topologies are fa¥ptires reducing
computational complexity and power consumption for a given problem. Dgongplexification
topology innovation occurs. The combination of the features outlined alldASNo out-perform
other EANN approaches [133], and for this reason it was choseneaBANN library for the

proposed face detection algorithm.

3.4 Conclusions

This chapter firstly presented a comprehensive review of face detedtjorithms. A taxonomy
of face detection algorithms was presented and particular emphasis wad pfzan appearance-
based algorithms and current hardware implementations. It was condhatiedhe review that
appearance based algorithms were inherently more suitable for implementdienavrare com-
pared to feature extraction based methods. The potential benefits ofarslB4NN based ap-
proach for face detection were outlined. Possibly the greatest befiefiédby an EANN for a
mobile device face detection implementation, is the scope for using a minimal topalbgph

will reduce the overall power consumption. Having made the design ded¢saopt an EANN
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based approach, a thorough explanation of the underlying theorycbEBWNNSs was presented.

This provides context for the algorithmic implementation details in subsequapters.
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cHAPTER 4

A Novel Face Detection Training Algorithm

This chapter outlines the training phase of the proposed Evolutionary Aattileural Network
(EANN) based face detection algorithm. The goal of the training routine isitban optimum
network topology and weight values which will give acceptable face tleteperformance, whilst
also striving for a minimal topology so as to reduce the ultimate computationalldustraining
process occurs once, after which the final evolved solution can bey@epfor face detection on
the chosen platform. Since the training phase is not required during nopeedtion, the process
can leverage all available computational resources. As such, this elimihateardware restric-
tions of the mobile device during the training phase. During this research dualecore AMD
processor based server and a Pentium-4 based laptop were usechdpiey firstly describes the
training data preparation. This is followed by an overview of the trainingimewand explanations
for the various design decisions taken. A detailed account is then givka training run variants
and the rationale used for parameter selections. The chapter concliidesreview of the train-
ing results, as well as observations and general recommendationsriorgran EANN for a face

detection application.

4.1 Training data preparation

Four freely available and commonly used face databases (FERET {1129],[84], Yale [115] &

BiolD [165][166]) were used in the generation of the proposed fateation training algorithm.
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Figure 4.1: Preprocessing of FERET face training dataset

These face databases were separated into 3 datasets, a training datsetjon dataset and the
actual testing dataset. The training dataset consists of 942 greysesgerfexges in a frontal view
taken from the FERET face database [129]. Each face has a markechtipn for the eyes, nose
and mouth. These coordinates are used to generate 20neWR0 pixel image, which is a cropped
and subsampled (bi-cubic) version of the original image. Prior to beinfjasa positive training
sample, the new image undergoes illumination correction, histogram equaligatidras an oval
mask fitted, in a manner similar to that proposed by Sung et al [115]. Theseirof the oval
mask is to eliminate any unnecessary background structure. Additionalggihalps in reducing
the dimensionality of the Artificial Neural Network (ANN) due to fewer inputlese processing
steps can be seenin Fig. 4.1. A general guide when using ANNs is thatdheumber of positive
and negative training samples should be 5 to 30 times the number of conn§t@a@hsA typical
number of connections for a face detection ANN is 3,000 — 4,000 [84]cefhue, to increase the
positive training set size, rotated-§ degrees with bi-cubic interpolation) and mirrored versions
are also generated for each sample.

Generating representative non-face training data is generally acdefitednore troublesome
[115]. As a consequence, a bootstrapping scheme similar to that usecdhipyaathors is employed
in this work [115][84][116][83]. This leverages randomised dataifatial non-face samples.
Then after a period of training, the best solution at that point is evaluatbdwataset that has no
faces present (e.g. a scenery image such as that shown in Fig. 4e2)esittant incorrect false
positives (i.e. non-faces classified as faces) are added to the traaiagptias examples of non-

face data samples. This is used to increase the size of the non-face,deltasein turn improves
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Figure 4.2: Example scenery image devoid of faces which was used dhetgining image

the precision of the face detection results. These steps are outlined intig@: It should also
be noted that the bootstrapping process can also be used to add facésntafy improve the
recall rate (i.e. the percentage of correct faces detected). Theefiey of bootstrapping and the
number of non-face samples added per iteration are described in fdetaélrin Section 4.3. As
with the positive face samples, each non-face sample undergoes illuminatieatmon, histogram

equalisation and has an oval mask added (for consistency purposes).

Algorithm 2 : Non-face bootstrapping pseudo-code
open image file(s) devoid of faces;
while (bootstrapcnt < bootstrapmax && (!(all 20x20 pixel blocks in images examined))
do

extract 20x20 pixel window;

illumination_correction(window);

histogramequalisation(window);

add oval mask(window);

classificationresult=0;

for (i=0; i <=ensemblanax; i++) do
network(iy—load.inputs(window);
network(iy—activate();

| classificationresult+=network(i}-output;

f (classificationresult/ensemblenax)>=faceDetthresholdthen
save 20x20 window as “b&lata” + bootstrapcount + “.pgm?”;
add “bstdata” + bootstrapcount + “.pgm” to non-face-training-data.txt;

| bootstrapcount++;
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Figure 4.3: Starting topology seeded with localised features

4.2 NEAT based face detection training

During the initialisation of the algorithm, the Genetic Algorithm (GA) (which contttbks evo-
lutionary process), spawns an initial population/df,, genomes, from an input topology file
containing a single genomey,,,, is chosen to be as large as possible within the constraint of
acceptable run times, therefakg,,, values ranging from 50 to 200 were explored during training.
The input topology file typically represents the minimal topology for the givedlem, usually
meaning that all input neurons are directly connected to one or more mépudns without the
presence of hidden neurons. Neuro Evolution of Augmenting Topol@N§EAT)-based complex-
ification progressively evolves the solution from this minimal starting point.eikperimentation
purposes, an additional seeded topology with hidden neurons preasraiso used as an initial
starting topology in a separate training stream. Details of the two separatsissatinon-seeded
training streams are presented in Section 4.3. The seeded starting topséublyad three hidden
neurons and one output neuron. One hidden neuron was fully ciehiecall inputs, whilst the
remaining two hidden neurons used input pixels from regions around/éseasd mouth respec-
tively (see Fig. 4.3). This configuration is chosen to investigate if seedagttrting topology

with localised features leads to the evolutionary process developing a afrst solution.
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Once the initial population is spawned, face detection training starts by manpdelecting
X tace aNAY,,0n race training samples from the training dataset. The valu&@f.. andY,,.,, race
is a trade-off. With infinite computational resources, all samples within the é&d non-face
training datasets could be applied each generation. However, it wad foaneven when using
moderate size populations (100) on a high specification server (equipiietivo dual-core 2.2-
GHz AMD 64-bit processors and 10-Gb of RAM) this approach leadgd¢essive run times (in the
order of a week for 500 generations). Consequently, a randomibsétsef the training dataset is
applied each generation. This approach is intuitively reasonable asstimustl be a high degree
of correlation between all samples in the face training dataset. The applicdtmsubset of
training samples is also explicitly mentioned in the work of Garcia et al [83]. rahdomised
nature of the selection avoids introducing any bias from applying the tragate samples in a
fixed sequence. Furthermore, whilst the randomised selection of fadesoa-faces is fixed for
a generation, the order of these training samples is randomised each timeetagphed to a
genome to further ensure that no bias is introduced. Values rangingftori000 were explored
for X face andYy,on race. Smaller values provided less granularity of fitness between genomes and
as such the evolution had a tendency to get stuck in local minima, whereav#ngs impacted
the run time. It was found that values in the range of 50 to 300 offeredequate trade-off. This
range is similar to the value of 50 used in the convolution neural networldidase detection
work of Garcia [83]. The exact selection &f;,.. andY,,,, s Used during each training run is
discussed in Section 4.3.

The subset of training samples are then iteratively applied to each genongegoghblation.
For each sample, only the non oval mask pixels are used. This reducasiver of inputs from
400 (i.e.20 x 20 training sample) to 292. When each sample is applied, the genome is activated
and the value of the output neuron is calculated. Using this value and kagsvtd whether the
training sample was a face or non-face an error is calculated, squadedcaumulated. This
process repeats until all of the samples are applied to this genome. Thgrthesiaccumulated
error, a mean squared error based fitness value is calculated fomthimegeThis process repeats
for all genomes in the population. These processing steps can be seirntattwowhile-loops
in the pseudo-code in Algorithm 3. It should be noted that the fitness fumstiown in Algorithm
3 makes use of an optional weight decay penalty term. This penalises ttss fiireetworks with
larger absolute valued weights, thus favouring networks with smaller absadlued weights.

It has been claimed that the size of weights is more important than the numbeigiftsy and
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that larger weights can actually impinge the generalisation ability of a netw68.[IThis has
not been previously explored in the context of the Neuro Evolution ofrderfing Topologies
(NEAT) library, and so was deemed a useful experiment. As can beiselgorithm 3 the
different types of connections (input to output, input to hidden, hiddeoutput & hidden to
hidden) in the network require different weight decay parameterschibtiee of these parameters,
as well as conclusions about the overall usefulness of combining weégtaty with the NEAT
library is discussed in Section 4.4.

The GA in the NEAT library then evolves the population using mating and/or mutatton
should be noted that the functionality of the GA has not been altered frorstaineard NEAT
library and as such there is no contribution in this area. However, for letemess a brief
overview of how the GA functions in NEAT is now described. Using the fénefseach species
in the population, NEAT decides on an appropriate number of offspringéh epecies for the
new population. A check is then carried to ensure population level stagriatimot occurring.
If detected, delta coding is performed, this reinitialises the population but gkdmpreserve
the evolutionary progress to date [169]. After this, based principallynuipput GA param-
eter settings IUTATEONLY PROB & MATE ONLY PROB, mating and/or mutation is per-
formed. During mating, the choice of parent genomes within a species isedeasihg roulette
selection. Randomised selection within the fittest species was also explateghesm compa-
rable results due to the relatively small species size, this observation wasaitd by Stan-
ley [156]. Single point crossover, multi-point crossover and multi-pougtrage crossover are
the available crossover mechanisms, again input GA param&t&$E MULTIPOINT_.PROB
MATE.MULTIPOINT.AVG. PROB& MATE SINGLEPOINTPROB decide upon which mecha-
nism to use at any instance in the evolution. Interspecies mating is also allbutetypically
the probability NTERSPECIESMATE RATE is set very low. After mating (or instead of mat-
ing based upon thMUTATE ONLY PROB parameter) the offspring can be mutated. The sup-
ported mutation operators and associated input probability parameteracaeneuron MIU-
TATEADD_NODE PROB, add connectionMUTATEADD_LINK_PROB), disable connection
(MUTATETOGGLEENABLEPROB, re-enable connectioMUTATEGENEREENABLEPROB
and perturb weightsMUTATELINK_WEIGHTSPROB. After mutation, the offspring is placed
into the correct species or a new species is created if none are within thigpamameter threshold
(COMPAT.THRESH bounds. The mating and/or mutation continues until the new population is

complete.
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Algorithm 3: Simplified EANN-based training algorithm for face detection

pre_processall_training. samples;
initialise X f4ce;
initialise Yy,on face;
initialise weight decay constants beta, v, ¢;
if continuetraining then
| load populationpartially trained_population_input_file);

else
| spawninitial_populationgtarter_genome_file,Npop);
while (stoppingcondition() != true)do
randomly selecK ;... faces from full face training dataset;
randomly select,,, rqces NON-faces from full non-face training dataset;

for all genomes in populatiodo
erroraccum = 0;

while not all X, face andY,,, sac. NON-face samples are applieid
randomly select face or non-face training sample;

apply trainingsample to inputs of genome network;

for (i=0; i <=networkdepth; i++) do

| genome-network—activate();

if groundtruth(training_sample)=="face” then

if genome-network—output-=face thresholdthen
true positive++;

L error=1-genome>network—output;

else
false negative++;

L error=(1-genome-network—output)x false negativepenalty;

else
if genome-network—outputface thresholdthen
true negative++;
L error=genome-network—output;
else
false positive++;
L error=genome-network—output x false positive penalty ;

| erroraccum += squared(error);

MSE = erroraccum / X race + Yoon face);
genome-network—find_different weight totals(in2outweight sq,

in2hid - weight sq, hid2outweight sq, hid2hidweight sq);

weight decaypenalty =

axin2outweight sg+3 xin2hid weight sq+y x hid2outweight sg+ x hid2hid weight sq;
| genome-fitness = 1/ (1+MSE+weighdecaypenalty);

| population—ga evolve();
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Figure 4.4: Proposed NEAT-based face detection training

The full training algorithm is illustrated in Fig. 4.4. This diagram shows the NEAItion-
ality relative to the overall proposed face detection training. Whilst the GAIRVRIEAT was not
modified, considerable influence can be exerted on the evolutionarggstirough the choice of
the GA parameter selection. Furthermore, using techniques such asnghtrgrelative values
for Xqce @andY,onrace @nd using uneven penalisation of incorrect false positive and false neg
ative classification results can greatly influence how the search spaxglosesl. For example,
by applying many more non-faces compared to faces, initial phases ofdhdienary process
typically label all samples as non-faces before gradually classifyiregfearrectly. Additionally,
if a false positive is penalised heavier than a false negative, the ardas sdarch space yielding
higher precision are explored more thoroughly, albeit at a potentialodasiduced recall. The
selection of values for the GA parameterSy .., Yy,onfrace @nd incorrect classifications penalty
terms, which were used during each training run is discussed in detail fio$dc3.

The process of population face detection fithess evaluation and populgpicduction keeps
repeating until a stopping condition is satisfied (step humber 8 in Fig. 4.4)sif@est stop-
ping condition is to enforce an upper limit on the number of generations in wviclution is
possible. However, deciding this in advance is difficult and indeed soatefutile due to the
inherent randomness within the GA search, which naturally leads to vatngiming duration if

run multiple times. Not training for long enough leads to under-fitting of the trgidata and con-
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Figure 4.5: Simple example of over-training

sequently poor generalisation performance with unseen data, whilst grd@mitoo long leads to
the over-training phenomena [158][157][167]. Another obvious ¢altjih problematic) approach
is to keep training until an arbitrarily small error is recorded in the trainingséatal he problem
with this approach is that beyond a point, the training process risks ttieg-the training dataset
and any noise present in the data. The consequence of this is a losseddlgation ability with
unseen data. A simple demonstration of overtraining is shown in Fig. 4.5.1¢ leare advanced
techniques are needed for the face detection training stopping condition.

For good generalisation performance (avoiding under and over fittitngiofng data) it is gen-
erally recommended to at least remove statistical outliers from the training saamgleise a large
enough training dataset (both techniques have been employed in this[@@rk) Furthermore,
there are a variety of common methods employed for achieving good geagoaliperformance.
These include model selection, jittering, early stopping, weight decagsaylearning, combin-
ing networks, etc. [167]. Weight decay and the combination of netwaks heen investigated in
this work and are discussed in Section 4.3 and Chapter 5 respectivelydition, early stopping
was investigated to see if it was a suitable candidate for the stopping conditithefface detec-
tion training. The early stopping technique periodically evaluates the bestrngelution on a
separate dataset called a validation dataset. When the error associatdtewahdation dataset
starts to increase relative to the previous evaluation of the validation setAtls¢o@ping criteria
is reached and training stops regardless of whether the training ertidirscgicing in the training
dataset. The increasing error in the validation dataset indicates the tramicesp is beginning

to over fit the training data. This explanation of over-training assumes tbefanction is mono-
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tonically decreasing. Unfortunately, as will be clear from the traininglraca precision graphs
in Section 4.3, the EANN face detection training error does not exhibit maruatiy decreasing
behaviour.

Due to this characteristic, the author explored using a smoothed versiomr oglidation
error as an indicator of over-training. Whilst this improved performancejai still prone to
terminate the evolutionary process too early. There are many reasonssfahéhmost obvious
being that it is difficult to predict the duration of the smoothing “window”. leaample, if the
evolutionary process explored local minima in the subset of the trainingedatdéisch were not
present in the validation dataset, this could lead to an extended period edsiryy fitness in the
training dataset but a reduction of the fitness in the validation dataset. Emarszwould trigger
termination of the training, if the smoothing window duration was not long enadogtapture
the effect of a possible mutation in a later generation moving the training away tfre local
minimum and toward the global minimum. To give a clearer demonstration of thisideorike
following scenario (albeit slightly contrived). If a high percentage of dlkeaerational non-face
training subset was particularly difficult (almost face like), the fittest gemeolution would most
likely sacrifice recall for precision, particularly ¥,,,, r.cc Was greater thaiX ;... and/or false
positives were more heavily penalised. If this leads to a new record fititesdrop in the recall
ability of this genome could cause a reduction in fitness in the validation datdsetsequent
record fitnesses are found around this local minimum in the training datasetoilld cause a
condition where there is a sustained drop in fitness in the validation datasstscEmario could
then trigger the early stopping.

As a consequence of the outlined issues, early stopping (i.e. in the desisp@ing when
the validation dataset error increases) was not used in the final feesgtide training. Instead, the
stopping condition favoured in this work used a combination of a maximum geoecount and a
target generalisation error. This generalisation error was estimateclmagng the fittest genome
on the validation dataset whenever a genome with a new record fitnessuvekif the training
dataset. There are numerous approaches to generating a validaticet,da@snethod used is
commonly referred to as split-sample or hold out validation. This reservesfaae training set
to estimate the generalisation error. In order to get a good estimate of theligat®n error it
is vital that the reserved subset of the training set is not used in any waygdhe training. One
disadvantage of split-sample validation is that it reduces the size of the tragtingowever, due

to the availability of multiple face databases, the author considered this was isssie for the
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chosen application. Had it been a concern, other approaches skifbldsross-validation could
be considered [167]. The face samples used to generate the split-saigdeion dataset were
taken from the FERET database (samples different from those usedtiaitiiag dataset) [129].
The non-face validation samples were taken from a scenery image wittas present.

During the training process, if a new winning genome is found, the entirelatpn from that
generation is stored so that it could be used later for regular mode feaxide or as a partially-
trained starting point to recommence training. When the stopping conditioncse@ait is then
assumed that the EANN will have found the best topology during the evoariimearch process
for that given training dataset and set of configuration parametergndimve the detection per-
formance, it is possible to use further iterations of the training. For examhgl@ext iteration uses
the data samples from the initial training run and augments those with targetadgrsamples
created from misclassification errors generated using the currenewased solution. In this
way the detection performance is iteratively improved by learning from its nastakhis pro-
cess is called bootstrapping and was described in Section 4.1 and is shetepdl in Fig. 4.4.
Previous face detection ANN-based research, have iteratively triinacpredetermined number
of epochs and then increased the number of non-face data samplesoatstdpping technique
[84][83][115]. Whilst this approach was investigated, the author dotirat within the EANN
framework in general better performance was observed when thettappisig occurred after the
stopping condition was reached. This is most likely caused by the inheagability of the GA,
which makes it difficult to predict in advance the number of generationsnestjfor training to
reach an adequate performance level for a given dataset. In thesgpapproach, after boot-
strapping, aontinuetraining function facilitates additional training with the extra bootstrapped
non-face training samples by allowing training to recommence from any u®generation (see
step Oa in Fig. 4.4 and also Algorithm 3). The frequency of bootstrappidgttze amount of
non-face samples added per bootstrapping iteration are features a$tinetdraining strategies

explored and is detailed next in Section 4.3.

4.3 Training Runs and Parameter Selection

It should be clear from the description in Section 4.2, that there are atamgber of parame-
ters that can be adjusted. These are a combination of NEAT GA parameiegseand general

algorithm parameters (see Table 4.1 for a complete listing). General rulesmb can assist in
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Table 4.1: Tunable parameters in proposed face detection training scheme

Code Location | Parameter Description
weigh.mut_power Weight mutation power
recurprob probability of recurrent connections
compatthresh Species compatibility threshold

mutateonly_prob

mutate only probability

mutatelink_weightsprob

Probability of mutating weights

mutatetoggle enableprob

Probability of disabling a connection

mutategenereenableprob

Probability of re-enabling a
disabled connection

mutateadd node prob

Add new neuron mutation probability

NEAT GA

mutateaddlink _prob

Add new link mutation probability

interspeciesnaterate

Probability of mating between species

matemultipoint prob

Multipoint mating probability

matemultipointavg prob

Multi-point average probability

matesinglepointprob

Single point mating probability

mateonly_prob

Mate only probability

recuronly_prob

Recurrent only connection

pop.size Population Size
Number of generations before
dropoffage :
downward pressure is exerted
X face Number of faces applied per generation
Yoonface Number of non-faces applied per generat
false positive penalty False positive penalty term
false negativepenalty False negative penalty term
Q Weight decay constant — input to output
I6; Weight decay constant — input to hidden
1 Weight decay constant — hidden to output
General Parameter i) Weight decay constant — hidden to hidden

No. of training iterations

startinggenome

Minimal topology or seeded

bootstrapmax

Maximum non-face images added
per bootstrapping iteration

max.gen

Maximum number of training generations

Target generalisation
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selecting these parameters [170]. For example, crossover is geneiymended to be high
(> 0.8), as it encourages good solutions to breed and so create a potenitiapfored offspring.
A large population maintains diversity, which is particularly useful if the gleapace is vast, as
is the case with the chosen problem of face detection. The cost assagittedarge population
is a reduction in run-time performance. Diversity in the population can alsacbieved using
mutation, although good solutions can be lost if the value is set too high. fohemutation
is generally set to a very low valuez(0.05). Observations derived from prior ANN-based face
detection research can give an insight into the structure (number admeand connections) of
the final evolved solution. For example, Rowley et al examined multiple nesmaukging in
size from 52 hidden neurons with 2,905 connections to 78 hidden newirttng,375 connections
[84]. This also provides guidance for choosing the relative valuethimadd neuron mutation
(MUTATEADD_NODE PROB and add connection mutatioMUTATEADD_LINK_PROB pa-
rameters.

In the absence of an ideal solution with 100% recall and 100% precisider il circum-
stances, the question arises of whether recall or precision is more impdrtasis compounded
by the fact that attempting to improve one, typically has a negative impact onhtée dhe con-
sidered opinion with regard to a final solution is that the answer to this questimpplication
dependant. However, the author found that when evaluating the perfice of a phenotype for
suitability for normal mode operation (see Chapter 5), phenotypes with legatl and higher
precision (using figures generated from the validation dataset) gavevetpperformance com-
pared to phenotypes with higher recall and lower precision. This couddtbluted to the nature
of the algorithm, which when in normal mode provides multiple opportunities to datésce
(neighbouring positions and neighbouring resolutions). Furthermeoause the amount of non-
face test windows greatly out numbers the amount of face test windewwsydypical image, even
a small improvement in precision, will have a dramatic impact on reducing the eoflfalse
positives. Fewer detections also reduce the computational expenserméthmg process (See
Section 5.1.1). From these observations, the author chose to more hemalisp false positives
than false negatives during the training process.

Many of these rules of thumb can give a indication of sensible values foattaeneters. How-
ever, further parameter optimisation is necessary, because not onlgso ghrameters greatly
influence the quality of the face detection performance, they also haved idnpact on the com-

putational complexity and thus the power consumption of the final evolveti@olun particular

104



4.3. TRAINING RUNS AND PARAMETER SELECTION

-«————— Onetraining iteration ————»

. Weight onl
Bootstrapping Opngwisatio)r:

Parameters

Weight & Link

Optimisation

NO

Minimal
starting
topology

START

@ FINISHED

Seeded
starting
(opology
Weight Decay
High Mutation
Experimental
Parameters

. Weight only Weight & Link

-+———— Onetraining iteration ——»

Figure 4.6: Proposed Evolutionary Training Strategy

the neuron mutation and connection mutation, which both add structure to theggnincreases
the computational expense of the algorithm. Unfortunately, there are too paaasneters to ex-
haustively optimise, especially since a single training run can last in the ofders. Therefore
training must be approached in a structured methodical manner. The bégplam in Fig. 4.6
shows the chosen methodical approach for optimising the large humberaifiéuparameters.
Whereas previously Fig. 4.4 demonstrated the principal steps involveeiitesation of training,
Fig. 4.6 shows the training at a higher level of abstraction with multiple iteratibmsudtiple
parallel training runs, which are used to investigate different paramsitergs. As can be seenin
Fig. 4.6 the training strategy diverges based on whether the initial startintptpypfor the evolu-
tionary process is a seeded topology or a minimal structure topology (sger5&2). Apart from
the different starting topologies, the steps involved in the training iterationisdit the seeded
and non-seeded training are identical.

The training strategy shown in Fig. 4.6 evaluates a number of parameteugthparallel
training runs. The winning population is selected from these (based upgpetiiormances on

the validation dataset) and provided the solution is still improving, a furthetigeraf parallel
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training is carried out. Prior to this commencing, the extracted population uwetetgo further
optimising training runs. As can be seen in Fig. 4.6 the first optimisation is traiitedhve add
neuron mutation having a value of zero (i.e. weight perturbation mutation ahtinrkdnutation
only). The goal is to optimise the weight values and connections betweeivéimengurons at this
point. This is followed by training with no add neuron mutation or add link mutatidis fbcuses
training on optimising the weight values for the given neurons and connectidhe overall goal
of these two training runs is to optimise the topology before adding furtheonestructure. This
is beneficial because as was observed by Stanley when structureei tadoromising solutions
in a lower dimensional space, the genome will already be in a promising positibe iigher di-
mensional space [133]. The final step before commencing the next gateration is to generate
additional training data by bootstrapping this population. This work has tiéetootstrapping
process to only generate additional non-face data samples, thoughlie¢smbe used to generate
additional face samples in order to improve the recall rate.

The multiple parallel training runs allow exploration of GA and algorithm paransetiings.
As the mutation parameters are responsible for creating distinctly diffeneological solutions,
particular emphasis is placed on investigating suitable values for these paraniderefore two
of the parallel runs are dedicated to investigating mutation parameter valpeslitylow values
and high values respectively). A further training run is used to expl@ight decay as a means
of improving generalisation (See Section 4.2). The final parallel trainingiswsed to make
judicious adjustments to many of the parameters (e.g. investigating the effactedsingX ;..
and Y, race Values as the training progresses). Of course further parallel trainimgycould
also be used, however in this work 4 parallel runs offered the best ttidbetween parameter

exploration and computational resources.

4.3.1 Non-Seeded Topology Training

This section describes the face detection training which was launched wittitiahpopulation
spawned from a minimal topology (i.e. all the inputs are connected to a singgat@and there
are no hidden neurons present). To increase the robustness of tresfirimn, multiple training
iterations (i.e. steps 1 to 9 in Fig. 4.4 corresponds to one iteration) werd his progressively
increased the training dataset, whilst building upon the best topology agtitwalues from the
previous iteration. Training iterations were carried out until 98% (chasbitrarily) precision

was achieved. This corresponded to six iterations in the case of theeederestopology training.
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To allow fair comparisons, the same number of iterations were also carriefdroine seeded
topology training. It should be noted that further training iterations arsiples which could

further improve the generalisation ability of the evolved solution.

4.3.1.1 First Training Iteration

The parameters used for the first iteration of the parallel training arershioWable 4.2. In each
case training begins for the non-seeded topology with only randomisefanerdata samples.
Subsequent training runs gradually increase the non-face datamaglihvootstrapping. For this
and subsequent training runs unless otherwise stated,fatg#ivepenalty is 1.0, training was
run for up to 4000 generations, the end point of the graphs is the lastajgm where a record
fitness was found. The validation dataset contained 1594 faces (f®@mBRET dataset) and
64000 non-faces samples (taken from a scenery image). The parsregpbored during the
first training iteration could be broadly described as low mutatiortivias incl A, tr nsincl B
explores high mutationtr_ns.iinc1 C investigates low mutation with weight decay, whilst very
low mutation with weight decay and a high droff age is explored ir_ns.inc1 D. The resulting
performance of each training run using the validation dataset is shown in4Ffg The most
striking aspect from these graphs is the very low precision, which isedalong the high number
of false positives. For example, the highest precision recorded was\as 20% (generation
418 intr_nsinclB), and whilst this phenotype correctly classified 1411 of 1594 facedsat a
gave 5,487 false positives. However, considering that only randomizedace data was used
during training, this is understandable. Encouragingly, this phenotyjyecontains 4 hidden
neurons and 324 connections, yet still managed to correctly classifi3586564000 non-face
in the validation dataset. To improve the precision, clearly more representaiiv-face data
samples were required, this was achieved by bootstrapping (usingatiene418 from training

runtr_nsincl B) an additional 1500 non-face data samples.

4.3.1.2 Second Training Iteration

The second training iteration increased the false positive penalty to 1. &aébrrun. The per-
formance oftr_ns.inc1 B provided the motivation for this. For this reason also, the lower valued
mutation parameters (itn_ns.inc2_A andtr_ns.inc2.C) were also increased. Similar to the previ-
ous training iteration, the first three training runs have the theme of low muthigimer mutation

and low mutation with weight decay (weight decay parameters reducedreciatthe previous
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run). The final training run doesn’t include random faces and appl@e non-faces than faces to
each genome, the goal of which is to investigate whether stressing the ingsoofaie presentative
non-faces will improve the precision. All the parameters which have athfrgm the previous
iteration are shown in bold in Table 4.3 (this is similar for subsequent trainingtites). The
results of the second training iteration are shown in Fig. 4.8. On this oc¢dk®training runs
with the lower mutation valuedr(nsinc2 A & tr_ns.inc2_C) considerably outperformed the high
mutation training runtf_nsinc2.B). A recall rate of almost 87% with a precision of over 55%
was recorded for generation 657tinns.inc2 A. This is a 30% increase in the precision compared
to the previous training iteration and can be attributed to the bootstrappefdcodata samples.
The associated network topology remains small with only 5 hidden neuradr34anconnections.

It can be seen in Fig. 4.8 thatns.inc2_C gave comparable resultsttons.inc2 A, which is to be
expected due to the very small values for the weight decay constangtldtely, the additional
emphasis on the non-face data samplds_ims.inc2 D had a detrimental effect of the generalisa-
tion capabilities of the evolved solution. The optimising training runs (see Fig.weg carried
out on generation 657 fromn_ns.inc2 A. This leads to a further improvement in recall (92%) and

precision (57%).

4.3.1.3 Third Training Iteration

The third training iteration continued from the weight optimiseds.inc2 A population. For each
run the bootstrap data was increased to 3500 data images. 8000 randonziged were added
to the bootstrap data for the total non-face training dataset fos inc3.D. For the other three
runs, 4000 randomised images were used. More randomised images weéri@ trsns.inc3.D
to investigate any possible effects on the generalisation ability of the evohatbpy/pes. With
the exception ofr_ns.inc3.D, mutation values were the same as the previous training iteration.
Lower mutation values, a higher false positive penalty and a higher df@me were used for
training runtr_ns.inc3.D. The resultant evolution revealed that training tums.inc3_A gave the
best performance on the validation dataset, with a recall rate 70% ansipneaf 86%. As can be
seen in Fig. 4.9(a) this was achieved during generation 49 inc3_A. The fittest phenotype in
this generation used 5 hidden nodes and 348 connections. The twgseabseptimising training
runs did not improve this performance. In each separate training rue tfitidl training iteration,
it can be seen in Fig. 4.7 that few new winning genomes were found afteefaritial period.

This could potentially be explained by the effect of starting the evolution witkeight optimised
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population. This coupled with low mutation values for add node and add linkl ba@we caused the
search to get stuck in local minima at the start of the training iteration. Evidemtl\athe values
for the weight perturbation did not help during this training iteration. Tlwesfthe subsequent
training iteration investigated alternative weight mutation perturbation lewaigtmut power)
and also increased the mutation values for add node and add link. In lithiese observations it

is difficult to draw any conclusions about the experimental parametedsingens.inc3.D.

4.3.1.4 Fourth Training Iteration

Bootstrap data was increased to 6,000 samples for the fourth training itendtion used gen-
eration 49 fromtr_ns.inc3 A as the starting population. Although, in the case of training run
tr_ns.inc4.D rather than continue evolution, it was restarted from a minimal topology to-inves
tigate if a completely new evolution using the current dataset could improverpemce. The
structural mutation valuesiutate_add_node_prob andmutate_add_link_prob) were increased
and alternative values were explored for the weight mutation power foeds®ns outlined previ-
ously. The values foX r,cc & Yionrace Were also increased so that more representative samples
were applied to each genome within a population per generation. The vahewéight decay pa-
rameters were also increasedrims.inc4_C relative to the training rutr_ns.inc3.C. After 1,500
generations the recall and precision was considerably below that edhiés the incremental
evolution and the fittest genome at this point contained more hidden netwbremnd connections
(362). The fittest genome found during this training iteration occurred invdight decay train-

ing runtr_ns.inc4_C. This was optimised further and a genome with a recall of almost 75% with a

precision of 93% was found. This genome contained 9 hidden neurdriZ5@connections.

4.3.1.5 Fifth Training Iteration

The fifth training iteration continued from generation 669tiohsinc4 A opt2 Bootstrapped
non-face data was increased to 10,000 samples foginc5.C and 9,000 samples for the other
training runs. Due to the improvements observed in the previous training iterdtie weight
mutation power was considerably decreased for each training run. in@aimnstr_ns.inc5.B,
tr_.nsinc5.C & tr_nsinc5.D found few new fit genomes. In particular training rimms.inc5.B
performed poorly and this could be attributed to too high a value for the faksiéye penalty term
on this occasion and too few representative training samples per generftidunately, many

new fit genomes were found in trainingns.inc5 A, including a genome in generation 1,378
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which gave a recall rate of 78% with a precision of 93% when operatingeowatiidation dataset.

This genome contained 14 hidden neurons and 408 connections.

4.3.1.6 Sixth Training Iteration

The sixth iteration continued from generation 1378 fronms.inc5_A. As previously discussed,
the best resulting performance occurred during generation 7@¢4nsfinc6_A and gave a recall
of over 71% with a precision of just under 97%. Although the recall ratedsced relative to the
previous training iteration, this still represents an improvement as the pirecigich is more im-
portant has improved. This was further improved in the weight only mutatimiging training
run, resulting in a genome which had a recall rate of 70.6% with a precisi®8%f This genome
used 15 hidden neurons and 370 connections. Using unequal valu&sf.. andY,,, race, @
higher weight decay constant or increasing the drop-off age foritigituntr_ns.inc5.C did not
assist the evolutionary search during this training iteration. The perfoeradrhis population on

the testing dataset are described further in Section 4.4.

4.3.2 Seeded Topology Training

A common approach when using ANNSs for face detection is to use a “semanéptive field”
type topology, whereby the hidden nodes are connected to inputs intorciexate local receptive
fields for semantic regions (eyes, nose, mouth etc) in the face [84]. \ithslsbuld be clear that
NEAT provides the opportunity for discovering novel topologies, thestioe remains whether
NEAT can be guided toward a more structured “semantic receptive field tiypology. Fur-
thermore, would such a topology outperform a topology generated froomzentional NEAT
evolution? It is difficult to predict the answer to these questions. Thergdssibility that any
potential benefit of a topology seeded with semantic receptive fields mayfdst by the chal-
lenge for the evolutionary search in finding a solution in a search spaceatiger initial size.
Therefore, this section details an alternative training phase which attempiisviceaperimental
insight into the outlined questions. This training differs from the previousitrain that a seeded
topology is used in the initial training iteration. The seeded topology has twaehiddurons
present, which are connected to the eyes and mouth regions respga@eection 4.2 for more
details). A discussion regarding the performance and characteristtos nbn-seeded and seeded

training is provided in Section 4.4.
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Table 4.2: Parameters for iteration 1 of non-seeded starting topology gaumn

Parameter Value . . Training Run_s .
tr_nsincl A | tr_nsincl B | tr_.nsincl C | tr.nsincl D

Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 4000 4000
Total bootstrapped nonfaces 0 0 0 0
X face 200 100 200 300
Yoonface 200 100 200 300
false positive penalty 1.50 1.75 1.25 1.00
weigh.mut_power 2.5 2.5 2.5 2.5
mutateadd nodeprob 0.0001 0.001 0.0001 0.00001
mutateadd link_prob 0.005 0.05 0.005 0.001
@ 0 0 0.00000075| 0.00001
Ié) 0 0 0.00000001| 0.00001
y 0 0 0.00000001| 0.00001
0 0 0 0.00000001| 0.00001
dropoff.age 100 50 100 200
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Figure 4.7: Non-seeded topology training run — iteration 1
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Table 4.3: Parameters for iteration 2 of non-seeded starting topology gaumn

Parameter Value . . Training Run_s .
tr_nsinc2 A | tr_.nsinc2B | tr_.nsinc2 C | tr_nsinc2.D

Population 150 150 150 150

Total faces 1884 1884 1884 1884

Total random nonfaces 4000 4000 4000 0

Total bootstrapped nonfaces 1500 1500 1500 1500

X face 200 100 200 150

Yoonface 200 100 200 200

false positive penalty 1.75 1.75 1.75 1.75

weigh.mut_power 2.5 2.5 2.5 2.5

mutateadd nodeprob 0.0005 0.001 0.0005 0.0005

mutateadd link_prob 0.01 0.05 0.01 0.01

@ 0 0 0.00000001 0

Ié) 0 0 0.00000001 0

y 0 0 0.00000001 0

0 0 0 0.00000001 0

dropoff.age 100 50 100 75
e e e N 0 R e —

(a) tr_ns.inc2_A - validation dataset (b) tr_ns.inc2.B - validation dataset
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Figure 4.8: Non-seeded topology training run — iteration 2
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Table 4.4: Parameters for iteration 3 of non-seeded starting topology gaumn

Parameter Value

Training Runs

tr_nsinc3 A | tr_nsinc3B | trnsinc3.C | tr_.nsinc3.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 4000 8000
Total bootstrapped nonfaces 3500 3500 3500 3500
X tace 200 125 200 150
Yoonface 200 125 200 150
false positive penalty 1.75 1.75 1.75 2.00
weigh.mut_power 2.5 2.5 2.5 2.5
mutateadd nodeprob 0.0005 0.001 0.0005 0.00025
mutateadd link_prob 0.01 0.05 0.01 0.005
@ 0 0 0.00000100 0
g 0 0 0.00000010 0
y 0 0 0.00000010 0
0 0 0 0.00000010 0
dropoff.age 100 50 100 120
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Figure 4.9: Non-seeded topology training run — iteration 3
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Table 4.5: Parameters for iteration 4 of non-seeded starting topology gaumn

Parameter Value . . Training Run_s .
tr_nsinc4 A | tr_.nsinc4 B | tr_.nsinc4 C | tr_nsinc4.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 4000 4000
Total bootstrapped nonfaces 6000 6000 6000 6000
X face 250 200 200 1000
Yoonface 250 200 200 1000
false positive penalty 1.75 1.75 1.75 1.75
weigh.mut_power 1.5 3.5 2.5 2.0
mutateadd nodeprob 0.005 0.02 0.001 0.001
mutateadd link_prob 0.01 0.08 0.01 0.01
@ 0 0 0.0000100 0
Ié) 0 0 0.0000010 0
y 0 0 0.0000010 0
0 0 0 0.0000010 0
dropoff.age 100 100 100 40
N\ e
(a) tr_ns.inc4_A - validation dataset (b) tr_ns.inc4.B - validation dataset
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Figure 4.10: Non-seeded topology training run — iteration 4
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Table 4.6: Parameters for iteration 5 of non-seeded starting topology gaumn

Parameter Value . . Training Run_s .
tr_.nsinc5.A | tr_nsinc5.B | tr_nsinc5.C | tr_nsinc5.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 1000 0
Total bootstrapped nonfaces 9000 9000 10000 9000
X face 250 100 200 200
Yoonface 250 100 200 200
false positive penalty 1.75 2.00 1.75 1.75
weigh.mut_power 0.1 0.25 0.05 0.5
mutateadd nodeprob 0.0005 0.02 0.001 0.01
mutateadd link_prob 0.01 0.08 0.01 0.01
@ 0 0 0.0000100 0
g 0 0 0.0000010 0
y 0 0 0.0000010 0
0 0 0 0.0000010 0
dropoff.age 100 100 100 150
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Figure 4.11: Non-seeded topology training run — iteration 5
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Table 4.7: Parameters for iteration 6 of non-seeded starting topology gaumn

2500

Parameter Value . . Training Run_s .
tr_.nsinc6_A | tr_.nsinc6.B | tr_nsinc6.C | tr_nsinc6.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 1000 4000 8000 0
Total bootstrapped nonfaces 12000 12000 12000 13800
X face 250 200 100 200
Yoonface 250 300 300 300
false positive penalty 1.75 1.6 1.75 1.75
weigh.mut_power 0.1 0.05 0.25 0.5
mutateadd nodeprob 0.0005 0.01 0.00005 0.001
mutateadd link_prob 0.01 0.04 0.001 0.001
@ 0 0 0.0000200 0
Ié) 0 0 0.0000010 0
y 0 0 0.0000010 0
0 0 0 0.0000010 0
dropoff.age 100 100 200 150
1 B B v . W e
(a) tr_ns.inc6_A - validation dataset (b) tr_ns.inc6.B - validation dataset
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Figure 4.12: Non-seeded topology training run — iteration 6
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4.3.2.1 First Training Iteration

The parameters used for each training run in the first iteration of the derdeing are shown

in Table 4.8. With the exception of the initial starting topology, this training phaggeistical

to that presented in Fig. 4.4. With regard to the mutation operators, the auitielyifielt that
creating amadd group of linksype mutation operator similar to that proposed by Wiegand et al
could be beneficial [134]. With such a mutation operator instead of a sitgleection being
created between an input neuron and a hidden neuron, links from le $ilglen neuron are
created to multiple input neurons with the goal of grouping pixels into semants .uHowever

it is not obvious how many connections should be created or even if multipfgedhconnection
regions (e.g. circular, square, rectangular) would be more apptepfiaerefore, thadd group

of linkstype mutation operator proposed by Wiegand et al was not used. As emaéite, higher
probability foradd linkmutation was investigated for all seeded training runs. This was chosen so
as to create more connections to semantically important groups of pixels,githalso increased
the number of connections between hidden neurons. However, thasecrenutation probability
lead to the search becoming less structured, which had a detrimentaloéffieetoverall progress

of the training. Therefore, a conventional NEAT strategy was employdutalle connection
mutation.

In the first iteration as there is already hidden neurons and a condielenaimber of links
present in the starting topology, the principal goal was to optimise the weibihisse connections
before adding further structure during subsequent training. Asudt tee value of theadd node
mutation is set to zero. Similarly, tfaeld linkmutation is set to low values (seededncl A and
tr_seededncl B) or zero (trseededncl C & tr_ns.incl D) values are set. The number of faces
and non-faces applied to each genome per generation ranged frotm 300. In each case 4000
randomised nonface images were used. Due to the observations rggauritable ranges for the
weight mutation power in the non-seeded training, this initial training iteratiorcbadiderably
lower values for this parameter. Similarly, a common value of 1.75 was usdkffalse positive
penalty, based upon the performance in the non-seeded training. édonveight decay values
was used in tiseededncl C and trseededncl D.

The recall and precision of training runssgeededncl A and trseededncl B were better
than training runs tseededncl C and trseededncl D, this could be attributed to the non-zero
mutation in trseededncl A and tr seededncl B along with zero valued weight decay constants.

The fittest genome found during this training iteration occurred in generdfidn training run
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tr_seededncl A (see Fig.4.13(a)). This genome gave an 88% recall and 15% precisien w
using the validation dataset. Similar to the non-seeded training the precisiaty i®we This is
understandable due to the use of only random non-face data. As wedvagy the three initial
hidden neurons, the winning genome contained 479 links. As no add nddéanwas used, no

further optimisation was carried out on this generation.

4.3.2.2 Second Training Iteration

To improve the precision from the first training iteration 1000 bootstrappeefaice images were
added to each training run in the second iteration. In addition, the add no@gionualues
were changed to nonzero values and the add link mutation values werasedreFor experi-
mentation purposes, the add node mutation was set to a higher value thaul fivk adutation

in tr_seedednc2.D. The values ofX y,.. andY,,,, rqcc Were also changed to a consistent value
of 200 to make comparison easier in this training iteration. Lower weight demastants were
explored in trseedednc2 D. With these changes the fittest phenotype found in this iteration oc-
curred in generation 97 ¢f_seedednc2.D and gave a recall of over 77% with a precision of just
under 50% (see Fig.4.15(d)). As this phenotype did not contain additsbnadture (i.e. three
hidden nodes and 479 connections) over the fittest phenotype in theyséteration, the con-
tributing factors in the improved performance were the additional bootstthgata coupled with
mutations of the weight values. The two subsequent optimising training rumedichprove the

performance.

4.3.2.3 Third Training Iteration

An increase in the total quantity of non-face training samples was the priratipage in the
third training iteration. Bootstrapped non-face data was increased inialhggauns, although,
reduced randomised samples were explored in three of the parallel traimisg Considerably
largery andd weight decay constants were also investigated setrdednc3.C. The resultant
fittest phenotype found in this training iteration occurred in generation 918 seedednc3.A

(see Fig.4.15(a)), achieving a recall rate of over 86% with a precisigasbfunder 44%. As
there were few changes to the parameters in this training run relative toetvieys iteration, it is
reasonable to conclude that this improvement was directly related to the adbitemface data
and extra evolved structure. The performance was further improveg®ta&call with a precision

of 49% using a weight only optimisation training run. This phenotype contderedidden nodes

118



4.3. TRAINING RUNS AND PARAMETER SELECTION

and 503 connections.

4.3.2.4 Fourth Training lteration

The fourth iteration increased the amount of bootstrapped data to 700fac®rsamples for
each of the parallel training runs. Based upon the observations ardafyérends in the pre-
vious training iteration, the add node mutation probability value in hotteedednc4 B and
tr_seedednc4 D was reduced. For similar reasons the weight mutation value in these two train-
ing runs was also reduced. Using a lowered penalty term for the falsitvpssvas explored in
tr_seedednc4 D, with the goal of investigating whether the recall rate could be improve@. Th
fittest phenotype found in this iteration occurred during generation 38 sfedednc4. D and
gave a recall rate of over 71% with a precision of just under 69% (sed.Eg{d)). The two
subsequent optimising training runs improved this performance to 77% ratathnd over 70%
precision. The phenotype contained no additional structure over thi@psateration (i.e. 10 hid-
den nodes and 503 connections). This is not surprising since thetgperaxcurred early in the
training iteration. The performance improvement could be attributed to a cotabired weight

optimisation, the reduction in false positive penalty term and the additionaauertraining data.

4.3.2.5 Fifth Training Iteration

The bootstrapped non-face data was increased to 10,000 samples fifthttraining iteration.
This was coupled with a small increase in the number of randomised samplés.o8ld and add
link mutation probability values were maintained. Based upon the performanpésr training
iterations the value of weight mutation was lowered. In addition, a furtherctemh in the false
positive penalty term was exploredtinseedednc5.C. However, as Fig. 4.17(c) shows, precision
was heavily traded off for improved recall, which is undesirable in the emapplication. The
best performance was recorded in generation 2a8_séedednc5_B and this phenotype gave a
recall of 67% with a precision of 89% (see Fig.4.17(b)). Subsequent opigtimining runs did

not improve this performance. The phenotype contained 15 hidden aodeés22 connections.

4.3.2.6 Sixth Training Iteration

In the sixth training iteration, the bootstrapped data was increased to 136§6sraad the ran-
dom data was also increased to 7000 images. X hg. andY,,,, rqc. Values were also increased

to 400. The mutation values used in the previous iteration were maintained, wigxdhption
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thattr_seedednc6.D used a larger false positive penalty term in order to explore if this could
improve the precision of the detection results. Weight decay constantsalgereadjusted in
tr_seedednc6.C andtr_seedednc6.D relative to the previous training iteration. The best per-
forming phenotype was found in generation 416rofeedednc6_A (see Fig.4.18(a)). This phe-
notype gave a recall of 66% with a precision of 96%. Further optimising trginins marginally
improved this performance to 67% recall and 96% precision. The phenutgp actually smaller
than the best phenotype from the previous training iteration having onlydti@m nodes and 520

connections.

4.4 Conclusions on Training

The non-seeded and seeded training schemes were each run foratignterAt the end of these
iterations a comparable number of non-face images had been addedhtlrbogtstrapping pro-
cess. In addition, the number of face images used in each was identicajefirlisation ability
of interim solutions for both schemes was evaluated using an identical vafididtaset. Over-
all, this provides a platform for a fair comparison and evaluation of the medrlisth schemes,
whilst acknowledging some aspects of inherent randomness of the tralgmithm (e.g. random
non-face training samples, GA operation). The best performing pheadtgm the non-seeded
training achieved a recall rate of 70.6% and a precision of 98%. This ces\pa67% recall and
96% precision for the best performing phenotype in the seeded trairtiegec Furthermore, the
non-seeded trained phenotype contained 370 connections as oppdked520 connections in
the seeded trained phenotype. Although, the non-seeded phenotipaed two fewer neurons
(13 as opposed to 15). Therefore, it is reasonable to claim that theewmed training scheme
generated a better performing solution with a smaller overall topology. Theepperformance
of the seeded training could be attributed to the fact that the initial searck s@s considerably
larger and therefore harder to optimise. Both evolved solutions comparerébly to the ANN
based face detection scheme of Rowley et al, which had a minimum size otikihseand 2905
connections [84]. As will be shown in the benchmarking in the next chahietrained solution
gives good performance for evaluation datasets that are repregemtaivhat is likely to be gen-
erated on a mobile device. The smaller topologies generated from the pdojpaming scheme
are particularly attractive for a mobile device, as it will lead to a computationstl rleduction.

This in turn will allow improvements in the run-time performance and power gopson when
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evaluating the proposed topology compared to the topology proposedilgyRet al [84].

An extensive exploration of GA and algorithm parameters was carrie(seatSection 4.2).
In some cases low mutation worked best and on other occasions high mutatehegter results.
Similar behaviour was noted for the majority of the parameters including the twaéglay con-
stants. As such, the author concludes that its highly unlikely that a fixeaf sd¢al parameters
exist. Rather the parameters ideally should be dynamic to respond to thegsaijrthe evolu-
tionary search. For example, as the topology grows in size its quite likely ldtéveevalues of
mutation should change in response to the existence of a greater numheal ohioima. In some
respects using multiple iterations of trainings where different parametersxatored, could be
considered to be a manual implementation of this concept. Furthermore, usiingjemarallel
training runs gives greater credence when extracting general themmdghe training runs. The
incremental approach to training was also shown to find a smaller topology fautta iteration
of the non-seeded training relative to completely restarting the trainingssdsee Fig. 4.10(d)).
This could be explained by the finer granularity of the parameter exploraiifurther contribut-
ing factor to the improved performance is that the problem becomes psagrigsmore difficult
in the incremental training approach. This may actually help to ease the tagkimising the
earlier topologies and place genomes in promising locations in the solutionasebispfore the
dataset becomes more difficult due to the addition of bootstrapping data.isTéimilar to the
strategy successfully adopted by Stanley, in which he evolved solutiossialer problems be-
fore building on these for more complex problems, such as his demonstrétising NEAT to

play the popular board game GO [156].

4.5 Future Work

The proposed training scheme can be improved in terms of speed optimisatditgyléo im-
provements in the detection performance (i.e. recall & precision) andaisiogethe robustness of
the algorithm (i.e. allowing detection with different face orientations). Fromeehmbservations
the following were identified as potential ways of improving the algorithm: autonrgtiat/fea-
ture selection, using alternative low-level features, cascaded clasgieation and detection of

side profile and rotated faces A detailed description is presented in theifujl@ections.
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Table 4.8: Parameters for iteration 1 of seeded starting topology training run

Parameter Value

Training Runs

2500

tr_seededncl A | tr_seedednclB | tr_seededncl C | tr_seededncl D

Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 4000 4000
Total bootstrapped nonfaces 0 0 0 0
Xtace 200 100 200 300
Yiontace 200 100 200 300
false positive penalty 1.75 1.75 1.75 1.75
weigh.mut power 0.25 15 0.5 1.0
mutateadd nodeprob 0.0 0.0 0.0 0.0
mutateaddlink_prob 0.005 0.05 0.0 0.0
«@ 0 0 0.00000075 0.00001
15 0 0 0.00000001 0.00001
5 0 0 0.00000001 0.00001
1) 0 0 0.00000001 0.00001
dropoff.age 100 50 100 200
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Figure 4.13: Seeded topology training run — iteration 1
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Table 4.9: Parameters for iteration 2 of seeded starting topology training run

Parameter Value Training Runs
tr_seedednc2 A | tr_seedednc2B | tr_seedednc2 C | tr_seedednc2.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 4000 4000 4000
Total bootstrapped nonfaces 1000 1000 1000 1000
Xtace 200 200 200 200
Yiontace 200 200 200 200
false positive penalty 1.75 1.75 1.75 1.75
weigh.mut power 0.25 15 0.5 1.0
mutateadd nodeprob 0.0005 0.025 0.001 0.01
mutateaddlink_prob 0.001 0.05 0.01 0.005
«@ 0 0 0.00000075 0.0000001
15 0 0 0.00000001 0.0000001
5 0 0 0.00000001 0.0000001
1) 0 0 0.00000001 0.0000001
dropoff.age 100 50 100 200
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Figure 4.14: Seeded topology training run — iteration 2
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Table 4.10: Parameters for iteration 3 of seeded starting topology traimng ru

Parameter Value Training Runs
tr_seedednc3 A | tr_seedednc3B | tr_seedednc3.C | tr_seedednc3.D
Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 4000 3000 3000 3000
Total bootstrapped nonfaces 3500 3000 3000 3000
Xtace 200 300 300 300
Ynon face 200 300 300 300
false positive penalty 1.75 1.75 1.75 1.75
weigh.mut power 0.25 15 0.5 1.0
mutateadd nodeprob 0.0005 0.025 0.001 0.01
mutateaddlink_prob 0.001 0.05 0.01 0.005
«@ 0 0 0.0000005 0.0000001
15 0 0 0.0000005 0.0000001
5 0 0 0.000005 0.0000001
1) 0 0 0.000005 0.0000001
dropoff.age 100 50 100 200
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Figure 4.15: Seeded topology training run — iteration 3
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Table 4.11: Parameters for iteration 4 of seeded starting topology traimng ru

05

Parameter Value Training Runs
tr_seedednc4 A | tr_seedednc4 B | tr_seedednc4.C | tr_seedednc4.D

Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 3000 3000 3000 3000
Total bootstrapped nonfaces 7000 7000 7000 7000
Xtace 300 300 300 300
Ynonface 300 300 300 300
false positive penalty 1.75 1.75 1.75 15
weigh.mut power 0.25 1.0 0.5 0.1
mutateadd nodeprob 0.0005 0.005 0.001 0.0025
mutateaddlink_prob 0.001 0.05 0.01 0.005
« 0 0 0.0000005 0.0000001
I6) 0 0 0.0000005 0.0000001
~ 0 0 0.000005 0.0000001
1) 0 0 0.000005 0.0000001
dropoff.age 100 50 100 200
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Figure 4.16: Seeded topology training run — iteration 4
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Table 4.12: Parameters for iteration 5 of seeded starting topology traimng ru

Parameter Value Training Runs
tr_seedednc5.A | tr_seedednc5. B | tr_seedednc5.C | tr_seedednc5.D

Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 5000 5000 5000 5000
Total bootstrapped nonfaces 10000 10000 10000 10000
Xtace 300 300 300 300
Ynonface 300 300 300 300
false positive penalty 1.75 1.75 1.25 15
weigh.mut power 0.01 0.5 0.25 0.1
mutateadd nodeprob 0.0005 0.005 0.001 0.0025
mutateaddlink_prob 0.001 0.05 0.01 0.005
« 0 0 0.0000005 0.0000001
3 0 0 0.0000005 0.0000001
~ 0 0 0.000005 0.0000001
1) 0 0 0.000005 0.0000001
dropoff.age 100 50 100 200
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Figure 4.17: Seeded topology training run — iteration 5
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Table 4.13: Parameters for iteration 6 of seeded starting topology traimng ru

Parameter Value Training Runs
tr_seedednc6_A | tr_seedednc6.B | tr_seedednc6.C | tr_seedednc6.D

Population 150 150 150 150
Total faces 1884 1884 1884 1884
Total random nonfaces 7000 7000 7000 7000
Total bootstrapped nonfaces 13660 13660 13660 13660
Xtace 400 400 400 400
Yion face 400 400 400 400
false positive penalty 1.75 1.75 1.25 2.0
weigh.mut power 0.01 0.5 0.25 0.1
mutateadd nodeprob 0.0005 0.005 0.001 0.0025
mutateaddlink_prob 0.001 0.05 0.01 0.005
«@ 0 0 0.00000005 0.0000005
15 0 0 0.00000005 0.0000005
5 0 0 0.00000001 0.0000005
1) 0 0 0.00000001 0.0000005
dropoff.age 100 50 100 200

08 B e o.a

06 /—/ ¥ (LX) E—

0.1 01

(a) tr_seedednc6_A - validation dataset (b) tr_seedednc6.B - validation dataset
08 \ AT W\ 0:8
X/{ e \‘ 4

0.6 0.6

0 P ——

0 100 200 300 400

500
Generation

600 700 800

(c) tr_seedednc6_C - validation dataset

900

1000 0 100

200 300 400 500

Generation

600

(d) tr_seedednc6.D - validation dataset

Figure 4.18: Seeded topology training run — iteration 6
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4.5.1 Automatic Input/Feature Selection

The starting topology for the proposed training scheme (see Section 4)rhasnaum of 292
inputs connected to the output. This means that there is already considdrablere (in terms of
connection weights) for the GA to optimise. An alternative approach wortinwestigation is to
connect far fewer input features (e.g. pixel intensity value) in the initéatiag topology and rely
on the “add link” mutation operator to make connections to the input featut@s.id attractive
because it presents NEAT with a simpler starting point from which to evolueth&more, as it
is reasonable to imagine that perhaps not all inputs contribute to the inforntatiment of the
face sample (particularly those pixels in the vicinity of the oval mask), evolfrioig a initial
topology with unconnected inputs allows the GA to automatically select only iepittifes which
contribute to the final solution. This has the potential to further reduce tkeo$ithe topology.
Unfortunately, using an initial topology with unconnected inputs was naiplesusing the version
of the NEAT library which was used during the training phase of this rebe&towever, the latest
release of the NEAT software library allows for unconnected inputs intdrérsy topologies. For

the reasons outlined above, this facility should be investigated in future work

4.5.2 Using Alternative Low-Level Features

As was discussed in Chapter 3, a wide variety of low level input features heen investigated
in prior appearance-based face detection research. The diffevetdvel features have varying
characteristics, which have consequences for classifier trainingiorotavariance, illumination

invariance and computational cost. The proposed training algorithm wespi#i intensity values
directly as the input features to classify. An alternative approach wovsiigating is to use
frequency domain input features. Such features could be used indpegad NEAT hardware
accelerator without any further modification other than a frequencyfaest normalisation step
in software. Transforming pixel intensity values into the frequency domasgoves the original
signal but redistributes the energy contained in the signal. For similamgésthose motivating
the use of frequency transformations in video compression (see ChadtegRency based input
features can be exploited to reduce the number of input features to NBaT is, high frequency
coefficients, which will typically only contribute a small amount to the overadirgp contained

in the sample can be ignored. Alternatively, an incrementally increasing mushiseefficients

could be used in multiple classifiers in order to provide a course to fine gaataded classifier

solution. A reduction in the number of inputs will greatly help to reduce the ditleecevolved
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topology. Whilst a smaller network is very attractive from a real time perfogaand low power
perspective, arguably the greater benefit in the context of NEAT ighkaBA has a considerably
reduced search space to explore during training in order to find apg@igolution. This could
lead to a more robust face detection solution. An additional benefit of freiqgency-based input
features is the potential for a very computational efficient means of sampieritition correction
by simply ignoring the lower frequency co-efficients. For example, the DCTvalue and the
next two coefficients (in zig-zag scan order) could be consideredpi@sent the average and
slowly changing horizontal and vertical gradients within a sample. Therehy ignoring these
coefficients during the training phase, approximations to illuminations conditimfsas shadows
are also being ignored.

To ensure frequency-based input features were viable within thertunardware/software
NEAT framework, preliminary investigations were carried out. The firsigie option encoun-
tered in these investigations was which of the many possible frequenciotmarsased features to
use. The options considered were wavelet coefficients (in particulaiipified Haar transform
[113]),20 x 20 DCT coefficients (with or without the oval mask) 20 x 20 SA-DCT coefficients
(see Chapter 2 for more details on the SA-DCT). In comparison to the simpgHiied transform
values, DCT and SA-DCT coefficients were considered more straighiafd to integrate quickly
within the current framework. This was a considerable benefit owing todh&e of the prelimi-
nary evaluation. Although, it could be argued that using the DCT and SA-Bre considerably
more computationally demanding than the Haar transform. However, run-tisiaata primary
focus of these preliminary investigations. Furthermore, energy efficgndivare architectures for
these transforms already exist [37]. The next decision was whetlmat oo use an oval mask on
each sample. The disadvantage of the oval mask is that redundant itiforiisebeing captured
in the transform if pixels outside the mask are used to analyse frequenificieo¢s. This adds
considerable energy to the higher frequency coefficients due to thp shasition from black
masking oval to the pixels of the face sample. Arguably the redundant ngaskith information
which is distributed throughout multiple coefficients makes a direct compabistveen the fre-
quency based approach with 400 maximum coefficient inputs and the pigetitapproach with
292 input values unfair without further processing. The issue of fainmarison is exacerbated
when not using the masking oval, as it potentially allows background steutduzreep into the
samples. Such background structure could also be detrimental to the traiotess. One possi-

ble solution to these issues is to use a SA-DCT where the oval mask acts shtoplane. The
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SA-DCT will then only generate coefficients for the face pixels inside théroesk.

A direct comparison between the intensity based training and frequesed lxaining is pos-
sible when using 292 input pixels and 292 coefficients respectively. dthocompletely different
topologies should be expected, since the SA-DCT coefficients havalarhentally different en-
ergy orientation than the pixel intensity values. Perhaps the more intereststjan to explore
though, is to examine if the detection performance degrades rapidly whenfewer coefficients
or if in fact fewer coefficients can improve the detection performancetdwe smaller search
space for the GA to explore. Rather than select a somewhat arbitrargnpage of coefficients
to investigate, a systematic approach was adopted, which tried to establistethgeanumber of
coefficients required to achieve a fixed level of sample energy. Towatiies, a20 x 20 SA-DCT
was carried out on ten randomly selected faces (see Fig. 4.19) fromddérdining dataset. Plots
of the accumulated energy versus number of coefficients (zig-zagosdaen) for each of the ten
faces are shown in Fig. 4.20. From these plots it can be deduced the¢@gea using 89 coeffi-
cients and 221 coefficients are sufficient to capture 95% and 99% oh#rg\erespectively (see
Table 4.14 for more details). Using this number of coefficients the ten rarfidoss which un-
derwent SA-DCT are reconstructed using the Shape Adaptive bnassrete Cosine Transform
(SA-IDCT). The reconstructed faces are shown in Fig. 4.19(b) and 4.19(c). The smooth-
ing effect caused from a loss of high frequency coefficients is quiteeable in Fig. 4.19(c),

nevertheless each sample can be easily recognised as a face.

4.5.3 Detection of Side Profile and Rotated Faces

An obvious extension to improve the robustness of the face detectionsgrisct® include detec-
tion of in-plane rotated and side profile faces. An approach similar to teaepted by Rowley

could be easily used to achieve this goal [130].

4.6 Summary of Contributions

This chapter presented a novel EANN based face detection trainindgtiigoA detailed expla-
nation was given in Section 4.2, which focused on the training data pteparan overview of
the NEAT based library in the context of the face detection training and fittayoverall face
detection training framework. The design decisions made in the training alyaétly. stopping

condition) were elaborated and discussed. Details of all the training raresprvesented in Sec-
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Table 4.14: Number of SA-DCT coefficients required to achieve speciéoyy targets

Image Number of coefficients required to reconstruct:
95% of the energy 99% of the energy
Face 0 113 254
Face 1 88 209
Face 2 56 220
Face 3 75 206
Face 4 112 251
Face 5 103 233
Face 6 95 218
Face 7 64 203
Face 8 128 238
Face 9 56 174
| Average | 89 221

(c) Faces reconstructed to the 95% energy level target using 89cterffi

Figure 4.19: DCT Energy exploration
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Figure 4.20: Energy versus the number of SA-DCT coefficients of efttie face samples

132



4.6. SUMMARY OF CONTRIBUTIONS

tion 4.3. An iterative approach to training was adopted which investigated iffeoeit starting

topologies, a minimal non-seeded topology and a seeded starting topolagynédler selection
was extensively investigated during the training runs. It was found tleahoin-seeded training
gave better generalisation performance with a smaller topology. It watudaacthat the smaller
initial search space of the non-seeded starting topology was the pricopgibuting factor for

the improved performance. Using a large validation dataset the trained E&hilved over 70%
recall with 98% precision. The trained topology was compared to the dbnecaepted best per-
forming ANN approach in the literature and was found to be considerablilesni@4]. This is

advantageous for the intended target of a mobile device due to the rezhropdtational cost. Dy-
namic parameter selection in response to the progress of the evolutioaeek s&as highlighted
as a potential area of future research. This would also further autoneati@ihing process. Fur-
ther avenues of future research include adopting alternative low leaires and improving the

robustness to rotation.
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CHAPTER D

Software Implementation of Trained Face Detection EANN

This chapter describes the normal mode operation (e.g. detecting fadeg dwideo call) of
the EANN based face detection algorithm which was trained in the previagah When the
training phase is complete, the best evolved solution is used in either softwhsrdware on
the chosen platform. Section 5.1 describes the general algorithmic details nbtmal mode
operation. Profiling results are presented in Section 5.2, allowing dedigmn t&f be focused
on computational complexity hotspots within the algorithm. Optimisations suitable titveese
implementation are then described in Section 5.3. The profiling results alsd@tbe motivation
for the design of an energy efficient hardware accelerator. ThisW@ae accelerator is described
in detailed in Chapter 6. The chapter concludes with a thorough comparigbe proposed

algorithm against other state of the art face detection algorithms using sldadbdatasets.

5.1 Normal Mode Face Detection Operation

To detect faces in an unseen image or video frame, overla@0ing20 windows are extracted
from the image. As with training, each candidate face window undergoes iltimmcorrection,
histogram equalisation and normalisation. The windows are selected frommalge in a raster
scan order, which from a hardware perspective results in an atgaetiular addressing scheme.
Similar to many other appearance-based face detection algorithms, in ofukeratde to detect

faces larger thag0 x 20, the image is subsampled to produce an image pyramid (see Fig. 5.1)
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5.1. NORMAL MODE FACE DETECTION OPERATION

Only 4 resolutions in the image pyramid are shown for clarity

Sample locations of the

At the highest resolution the 20x20 20x20 classification window

classification window (red box),
does not cover much of the face in
the sample image

At an intermediate resolution in the
image pyramid, the 20x20
classification window still does not
fully encapsulate the face

then

Each 20x20

candidate

location is Face classifier [— Face /non-face result
classified

At a lower resolution in the image
pyramid, the 20x20 classification
window, fully encapsulates the face
and a correct result can be expected

At the lowest resolution in the image
pyramid, the face is much smaller than
the 20x20 classification window and as
such a correct result can not be expected

Figure 5.1: Example image pyramid

[84][116]. Bi-cubic subsampling with a reduction factor of 1.2 is used [846]. On a com-
putationally constrained platform, nearest-neighbour subsampling wowdegsesent a viable
alternative (see Section 5.3). Ea2h x 20 pixel window extracted from the image pyramid is
subsequently applied to the evolved network.

Upon activation of the network, the output neuron gives a value beteeenand one. The
output is within these bounds due to the output range of the sigmoid activatiotidn. The value
of the output neuron can be considered to be the confidence levelmétiverk that the candidate
20 x 20 pixel window contains a face. In order to improve the robustness of thedaiution,
rather than just using the single best evolved phenotype from the trammgnsemble of the
fittest phenotypes is used instead. This improves performance bedailstamnultiple well trained
networks tend to agree regarding correct classification, they agreb lesg frequently about
incorrect classifications and this can be used to reduce the number ofeictcdetections. This
property is true provided there is some diversity between the distinct netwbor example, the
diversity could be introduced by using different initial randomised weightifferent topologies
during training [84]. The NEAT library in the proposed approach presithherent diversity in

an evolved population through the presence of species. Thereferenslemble used in this work
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5.1. NORMAL MODE FACE DETECTION OPERATION

consisted of the fittest member from the three fittest species. Differerg afagombining the
results from each phenotype to generate a final classification res@lttiagr investigated. These
included Boolean combinations, averaging and a linear combination usingsipreestimates
(generated from a validation dataset). In general, the linear combinatpoah gave the best
performance. If the result of the combination of the phenotypes is abepedfied threshold
(faceDet _threshold), the20 x 20 pixel window is considered to contain a face. Reducing the
threshold value increases the recall rate, however precision is thealtypieduced due to the
higher incidence of false positives. The choice of value for this thidsbkaliscussed further in
Section 5.4. The pseudo-code for the face detection routine is shownonithlg 4. Results from
software profiling are discussed extensively in Section 5.3. In summarprdiiling reveals that
the computational bottleneck (and by extension power consumption) withirlgbgtlm is the

repeated evaluation of the phenotype (showspeEsies(i}-network—activatein Algorithm 4).

5.1.1 Merging detection results

Even if the classification process always correctly identifies faces amdates, due to the over-
lapping detection windows the same face is likely to be detected at multiple locdticaddition,
due to the image pyramid the same face is also likely to be detected at multiple resoltitiene-
fore, before the final detection result for an image is available, all locatitassified as a face
must be examined to see if merging is possible. This property can also béedpioreduce the
number of false positives, as these are less likely to have the same oceupa@tern as correct
detection results. For these reasons, face detection merging is commandyifidhe appearance-
based face detection literature. For example, Rowley et al, only condidepesitive window
result a face if the number of positive results within a local neighbourhoaliase a threshold.
Furthermore, if a face is detected across multiple resolutions, the overgiaies at lower reso-
lutions are eliminated. Similar heuristics were employed by Viola and Jonesjd-etal, Garcia
etal [113][116][83].

The approach taken in this work for merging face detection results, firsthpares the ad-
dress (if necessary upsampled to the original image dimensions) andibguook size (can be
larger than20 x 20 pixels if the detection is upsampled) against all other detections. It is then
possible to establish whether there is any overlap in the bounding boxastotletection. As the
number of detections is relatively low in a single image (e.g. typical 5-20 detsclity a single

face in a QCIF image) this iterative step does not create an overly exeessnputational burden.
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5.1. NORMAL MODE FACE DETECTION OPERATION

Algorithm 4 : Normal Face Detection Operation
load.train_population(inputpopulationfile);
splprecision = estimatgeneralisation(inpupopulation—fittest speciesl);
sp2precision = estimatgeneralisation(inpupopulation—fittest species?2);
sp3precision = estimatgeneralisation(inpupopulation-fittest species3);
total = splprecision + spZrecision + sp3recision;
w1l = splprecision/total;
w2 = sp2precision/total;
w3 = sp3precision/total;
open file containing test files pathnames;

while (testfiles remained to be examined)
open test file;

load input data from file;

while (image subsampling still possibldd

for (i=0; i <subsampledmage—height; i++) do

for (j=0; j <subsampledmage—width; j++) do

extract 20x20 pixel testvindow;
illumination_correction(teswindow);
histogramequalisation(testvindowy);
normalisepixels(testwindow);

for (i=0; i <=3; i++) do

L species(i}»network—load sensors(testvindow);

species(i-network—activate();
classification(i) = species{iy network—outputneuron;

face classificationresult =

classification(1)*w1l+classification(2)*w2+classification(3)*w3;

if face classificationresult>=faceDetthresholdthen
upsampleaddressof_detectionand store;

L storeconfidenceof_detection(facedet) = facelassificationresult;

faceDet++;

m*ergedetections();
write_out resultingimage();
| testfile++;

If overlapping is detected, the challenge is then to merge the detections in temmsw address,
bounding box size and confidence level. A straight forward apprtatttis merging is to simply
average the properties of the two detections. However, the author thanthking account of the
relative confidence level and bounding box size of the two detectiors iggwoved results for
the bounding box size in the presence of non-ideal detections. Thdquzmie for the proposed
merging algorithm is shown in Algorithm 5. This scheme also helped to lessenfihenice of

false positives, which typically had a lower confidence level. To be censitla valid face detec-
tion result, the proposed merging algorithm requires the number of overtafgre detections to
be above a specified threshold. This is a variant of the technique udeoMdgy et al, and is used

to reduce false positives [84]. The value of the threshold was deexpéerimentally.
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5.2. PROFILING OF NORMAL MODE FACE DETECTION OPERATION

Algorithm 5: Simplified pseudo-code for merging overlapping face detection results

for (i=0; i <=total_numberof_detections; i++)do

for (j=0; j <=total_numberof_detections; j++)do

if (overlapping(detection[i], detection]j]) && i'=j)then

alpharatio = confidenceli]*(sizehorz[i)/(size horz[i]+size horz[j]);
betaratio = confidence[j]*(sizehorz[j]/(size.horz[i]+size horz[j]));
new block vert size = (int)((alpharatio*size vert[i]) + (betaratio*size vert[j])
+0.5);

new block horzsize =

(int)((alpharatio*size horz][i])+(betaratio*size horz[j])+0.5);
new.top_left_vert = (topleft_vert[i] + top_left_vert[j])/2;

new top_left_horz = (topleft_horz][i] + top.left_horz][j])/2;
new_confidence = (confidencel[i]+confidencelj])/2;

5.2 Profiling of Normal Mode Face Detection Operation

This section attempts to establish the computational complexity hotspots in the guiogigs-
rithm. Identifying these allows optimisation effort to be focused on the compuatdhjocritical
aspects of the algorithm. The profiling is also useful in confirming the desgisidns made re-
garding the suitability of off-loading the EANN evaluation to dedicated hardwéhe algorithm
was modelled using C++ and compiled using GCC 3.4 on an AMD-based szugped with
two dual-core 2.4 GHz processors (though only a single core was.uBkd)profiling tool used
was GNU gprof 2.15. In the interests of processor independenceaandds, each0 x 20 pixel
block was evaluated using a single phenotype rather than a ensemblenofygies. In this way,
single and multi-core processors (which could evaluate multiple phenotypesahel) will gen-
erate similar profiling results. The profiling results are shown in Fig. 5.2revitean be seen
that the EANN activate function, EANN flush (i.e. reset the EANN) and kaaksors (i.e. loading
the input pixel values into the EANN) are approximately 95% of the total contiputd cost of
the proposed algorithm. However, as highlighted during the algorithm dégigision phase in
Chapter 3, this functionality can be readily offloaded to dedicated haedwar

The time taken by the algorithm is principally a function of the processor aothiteand pro-
cessor clock frequency. To achieve independence from the maroglsck frequency, the number
of instructions and clock cycles required for the ARM-920T proceisquoted in Table 5.1. In
the authors opinion, the ARM-920T is an appropriate choice as it is commouahdfon mobile
devices and is also representative of other 5-stage pipeline RISCspaorsdound on mobile de-
vices. The processing duration was recorded for the EANN classificatiectionality necessary

for a single20 x 20 pixel classification. This allows a fairer comparison later between comigarab
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Figure 5.2: Software Profiling of Proposed Face Detection Algorithm

functionality in both software and hardware (see Section 6.4). As the Eélli$sification func-
tionality was shown to consume 95% of the resources, this simplification canestibisidered
to give an accurate reflection of the processing duration of the algorithamaobile device.

The clock cycles for three different sized topologies are shown in TahleThese topologies
were extracted from the training phase (see Chapter 4). The progessjnired from 527,032
to 662,260 clock cycles to classify2® x 20 pixel block. It should be noted that the average
clock cycles per instruction from the data in Table 5.1 is 1.57. This is relativglyfor an ARM
920T (typical performance is 1.3 clock cycles per instruction [74]). Thigld be attributed to
pipeline stalls originating from floating point calculations in the NEAT library thuthe lack of a
dedicated floating point processor. The increasing number of clod&sgan be attributed to the
similarly increasing structure (i.e. hidden nodes and connections) piagee topologies. Even
when using the smallest and (least accurate) topology, the evaluation timgif@ie20 x 20 pixel

evaluation when using a 120MHz clock frequency2§, 032 x = 4.4ms. This means

ey
only 227 locations can be examined in a second. To put this into context, érgralloverlapping
locations in a single QCIF image and ignoring lower layers of the image pyraroissary for
scale invariance still requirg$76 —20) x (144—20) = 19, 344 classifications. Clearly, a software
only implementation of the proposed algorithm will struggle to achieve real-tinferpesnce on
a mobile device. This is a common issue when attempting to implement appearaedefdze
detection algorithms on computationally constrained platforms. However, eadgldiscussed
earlier in this section, as well as in Chapter 3, the bottleneck constituting al®¥soBthe total

cost of the proposed algorithm is highly amenable for off-load to dedidsedivare. The design

of such a hardware accelerator is the focus of Chapter 6.
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Table 5.1: Clock Cycles Required to Classify a Sirgflex 20 Pixel Block

Topology
A B C
Hidden Neurong 12 15 17
Connections 341 374 415

Instructions 332,639| 374,871| 418,655
Clock Cycles 527,032| 593,914| 662,260

5.2.1 Software Power & Energy Consumption

Having established that the ANN evaluation is the most computationally demarstiagtaf the
proposed algorithm, the power consumption of this functionality when impleméntsaftware
was calculated. This allows direct comparison of the energy efficiensgfofiare and hardware
implementations (this comparison is detailed in Section 6.4). The power consynaesbfiware
program can be principally attributed to the logic switching in the host procelssthis research,
the current drawn by an ARM920T processor was recorded, whilgast running the software
program, using the methodology proposed in [171][37]. In this way, imateous power can be
easily calculated, assuming the voltage to the processor is fixed (e.g tHeptegat board used
in this research used a fixed voltage of 2.5 volts). To generate meanpmfr consumption
figures, which allow a fair comparison between a hardware and softmatementation, clearly
the issue of non-optimised code should be addressed. The NEAT librdaysnieavy use of
C++ standard template library functionality, which is only partially supportethbyevelopment
tools for an OS-less implementation on the chosen platform. As a result, pooféing of the
primitive functions (multiply-accumulate and the non-linear activation functiaitf)in an ANN
was considered to give a fairer reflection of the software power copson. Furthermore, as can
be seen in Table 5.1, the more structure (i.e. neurons and connections}apthogy, the greater
the number of clock cycles required to complete a sijlex 20 pixel evaluation. Therefore
measuring the software power consumption of the ANN primitives could be taspredict the
overall power consumption of different topologies sizes.

The power consumed during ten evaluations of multiply accumulate operatishsws in
Fig. 5.3. Similarly Fig. 5.4 shows the power consumption for a sigmoid activatioction. In the
case of both primitives, input data representative of that found in a N&M for face detection
was used for the ten evaluations. The average power for the multiply ataienmyperation is
approximately 41mW, whilst 49mW was the average power consumed fortikatan function.

The higher power for the activation function is as expected, due to the enarplex instructions
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Figure 5.3: Power Profiling of Multiply Accumulate Operations on an ARM-Bpfocessor

required for the=” operation in the sigmoid function. Comparison with the power consumption of

dedicated hardware is presented in Section 6.4.

5.3 Software Implementation & Algorithmic Optimisations

Whilst the majority of operations associated with the proposed (normal madedetection al-
gorithms are arithmetic primitives (principally multiply accumulate in the ANN ensemtiie),
highly repetitive nature of examining the large number of candidate facédasan the image
pyramid can greatly affect real-time performance. This is particularly tonedmputationally
constrained mobile microprocessors. The issue is further exacerbatesing an ensemble of
classifiers. Although this improves the reliability of the final solution, it alscseata linear in-
crease (proportional to the ensemble size) in the run-time for a singlegsac®rofiling revealed
over 90% of the computational resources required for the proposedthly is consumed by
the ensemble of ANN classifiers. Fortunately, as was established in Chagter Chapter 2, a
dedicated hardware accelerator offers a particularly attractive yaéicgient solution for face de-
tection on a mobile device, considerably reducing the significance of the ediiomputational
expense. As will be shown in Chapter 6, when using dedicated hardwangossible to exploit
the inherent parallelism in each individual ANN classifier to acceleratel#ssitication process

in an energy efficient manner. In addition, as there is no interdepeiedemetween each ANN
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Figure 5.4: Power Profiling of a Sigmoid Activation Function on an ARM-9p@dcessor

in the ensemble, a parallel implementation allows each ANN to operate conityiftether re-
ducing the run time, albeit at a cost of increased silicon area. Furthermpré pixels can be
reused thus reducing accesses to memory, which is a considerable ebpmwver consumption
(see Chapter 2). Although a dedicated hardware accelerator is aedpakgorithmic flexibility is
still preserved by implementing the non-speed critical elements and the clogii®bf the pro-
posed face detection algorithm (i.e. image pyramid creation, extra2fing20 pixel candidate
windows, etc.) in software. This also increases the reusability of the ANBla@tor, since it is
then not hard-wired to a single algorithm.

The dedicated hardware improves the power consumption required tifycéasingle location
(see Chapter 6). To further improve energy efficiency it is necessagduce the number of clas-
sification locations. The cause of the high number of possible classificaditmsrequirement of
the proposed algorithm (in common with all typical appearance-basedié&eetion algorithms)
to classify overlapping locations across multiple resolutions. This step issegefor scale in-
variance, i.e. to be able to make correct classifications irregardless sizthef the face relative
to the size of the image. However, the vast majority of overlapping classifidatations will not
contain a face. This is true even when considering an image with a large nofrfaees present
(e.g. a crowd scene). Exploiting this property at an algorithmic level eilatomputational ex-

pense, and by extension reduces the power consumption. The gémesnal in the literature to
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Figure 5.5: Efficient calculation of block skin totals

achieve this, is to eliminate unlikely classification locations quickly using as fempatations
as possible and to devote incrementally increasing computation time to regiores theee is a
higher likelihood of a positive result [113][116]. The optimisations to thappsed algorithm in
terms of the modifications to the software control logic are now described.

As it is reasonable to expect colour source images (e.g. from a mobileegaonera) it is
possible to use skin detection as a preliminary filtering stage. This is similar tophesap taken
by Feraud [116]. The skin detection algorithm used is the computationaltyesifichrominance
thresholding scheme described in Section 3.1.1.1. If, after the skin detpobicess, the resulting
total detected skin pixels for the block is below a predetermined threshofdyther processing
is carried out and processing moves to the next location. As well as d irelementation of
the skin detection pre-processing, an optimised implementation was investigaitgd wged a
modified version of the integral image scheme used by Viola and Jones ddlapskin detection
[113]. In this implementation rather than calculate the skin pixel total for altlapping blocks

at all resolutions, an intermediate array is used to store the sum of the skils pixthe left
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and above each pixel (inclusive of that pixel) at the highest resoluitiendriginal image). The
advantage of generating the partial accumulation array is that the numbkingbixels in any
subsequent block (at any resolution) can be calculated with one additiomva subtractions (see
explanation in Fig. 5.5). This compares favourably to the 100 thresholchiiqges and up to
100 accumulations (assuming subsamglédk 10 chroma blocks) for a direct implementation.
Therefore, with the optimised implementation, following a comparison with the skéshiotd
value, a candidate location could be potentially skipped in 4 operations. Kifneetection pre-
processing was further extended and allowed to dynamically alter the htaizmldress step size
in proportion to the number of skin pixels found at the current location.ekample, if the skin
pixel threshold for al0 x 10 chrominance block was 50, and no skin pixels were found at the
current location, it is reasonable to advance the chrominance horizalthbadss by five rather than
just one. In the ideal scenario this reduces the computational burdeciaesl with processing
overlapping locations. An alternative approach to reduce the burdsredapping locations is the
method used by Rowley et al, wherebg@ax 30 window is used for classification, but which was
trained with off-centred+£5) 20 x 20 pixel face samples. TH x 30 window is then advanced 10
pixels at a time. A finer grade search using a more acc@fate 20 pixel classifier then inspects
only the more promising locations from the course grain search.

The smallest sized face that can be detected by the algoritkdni80 pixels. This allows very
small faces to be detected and up to approximately 238 faces to be deteci€t-isized image
(assuming non-overlapping faces). However, detecting faces this emadditecting this many
faces would be atypical of the type of applications which could benefit fiae detection on a
mobile device. Therefore a reasonable restriction is to enforce a larggnamndetectable face
size. To achieve this, rather than increase the classification window siggréferable to skip
resolutions where the upsampl2@ x 20 classification window size is smaller than the minimum
detectable face size. This is attractive from a computational perspestivgreatly reduces the
the number of locations to classify.

To further reduce power consumption, the subsampling mechanism is ditenedicubic
subsampling to use the nearest neighbour subsampling technique. Nata@d\this result in
fewer computations, nearest neighbouring subsampling does note@glaical context of pixels
for the generation of the subsampled pixels. This leads to a reduction in Ipighlgr consumptive
memory accesses. Finally, functions that were deemed suitable for fapti@isation, which was

established from profiling, were targeted with low level optimisation technigppsopriate for a
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mobile processor such as an ARM. These techniques included usingroalpng, using appro-
priate data types for an ARM processor (dgT instead ofSHORT INT), where possible avoid-
ing the use of floating point arithmetic, etc. For example floating point oparatere replaced
with integer arithmetic approximation in functions such as colour space ondly UV—RGB,
RGB—YUYV). These combined optimisations allow a software only version of the iéthgorto
classify a QCIF-sized image in less than 10 seconds on a 120 MHz ARM B2€dprocessor
which was concurrently running Linux [172]. Detection results andgrerénce throughput are
discussed further in Section 5.4. Other possible optimisations for reducwey @are left as future

work, but are discussed in Section 5.5.

5.4 Results

To verify correct operation and to assess the quality of the propos$etibso this section bench-
marks the proposed face detection system against prior related tes€hecproposed algorithm
is compared against state of the art face detection approaches in sottwesrallowing evaluation
of the algorithmic performance in terms of recall accuracy and precisitthoégh, the FERET
database was used in the generation of the positive face training dat&septiappropriate for
face detection benchmarking, as this could give a biased reflection (cessxely positive) of
the detection performance due to using evaluation samples very similar to thaegrdataset.
Instead, alternative datasets which are also representative of thevtd’ problem of face de-
tection on a mobile device are used. Examples of such include: the CMU/MéTdatabase, the
Yale face database and the BiolD face database [84][115][165][1Bhe Yale dataset is most
frequently used for face recognition benchmarking and as such isdextfoom the benchmark-
ing process of this section. The CMU/MIT dataset is often used for fatertion benchmarking,
however in the author’s opinion, the low resolution of the majority of test iméggesly having a
“newspaper” photograph quality) make it unrepresentative of the mettidnigh resolution im-
ages/videos generated from current mobile devices equipped with canmterathis reason the
BiolD dataset is used as the principal means of evaluating the performétite mroposed face
detection algorithm. It should also be noted that a further benchmarkinglicatigm arises when
prior related research efforts have evaluated their algorithms usingntuiesting datasets. As
well as this making fair benchmarking very challenging, there is a risk of tgstinthe training

set and/or tweaking the algorithm for the custom evaluation dataset. THesachio a performance

145



5.4. RESULTS

PALS ING

(a) Low Threshold— Four correct detections, zero misg@) High Threshold— Three correct detections, one
faces and one false positive missed faces and zero false positives

(c) Low Threshold— 6 correct detections, two misséd) High Threshold— 5 correct detections, three missed
faces and twelve false positives faces and three false positives

Figure 5.6: Effect of changing the face detection threshold (images fablenthe CMU/MIT
dataset)

distortion, masking the algorithms ability for “real world” generalised faded®n.

A further tool used in the face detection performance evaluation is Red@perator Charac-
teristics (ROC) graphs. These are commonly used in the evaluation ofééeetidn algorithms,
as the performance can be made to vary with operational parametersaRgle, in the proposed
algorithm by reducing the face threshold value (i.e. the EANN result 2 & 20 pixel block
must be above the face threshold value to be classified as a face) meseniéicbe identified.
However, an increasing number of non-faces will also be incorrectbsifiad as a face. This
characteristic is demonstrated in Fig. 5.6. In addition, this property can #ést the perfor-
mance of the merging algorithm. In many cases, fewer detections in the viciniyfaufe will
result in a more correctly centred bounding box. In contrast, a lowestibte will probably have
more correct detections in the neighbourhood of a face, but may alsoihearrect detections
close by, which could distort the final result (incorrect bounding bpa er off-centred bounding
box) from the merging algorithm. The optimal trade-off point is applicatioredeipnt, where a

cost can be associated with a false positive.
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Table 5.2: Benchmarking results for proposed algorithm against the Baa¥®database

BiolD Evaluation Dataset

Algorithm Recall (%)\ False Detections
Ramirez & Fuentesl 95.13 5240
Haung et al 90.00 n/a

Froba & Kublbeck 95.67 64

Froba & Ernst 97.75 25

Wu & Zhou 94.50 n/a
Jesorsky et al 91.80 n/a

5.4.1 Evaluation on the BiolD face database

A selection of representative results generated using the proposeiftaigwith the BiolD face
dataset are shown in Fig. 5.7. A recall rate of 93% with 12 false posities 100 image's
was recorded (see Fig. 5.8 for ROC graph). Interestingly, incredlsenface detection threshold
reduces the number of false detection as expected, however someawkpeatedly the number
of correct detections also increases. This could be explained by thi&h¢alse positives in the
vicinity of correct detections sometimes reduce the performance of the meigiorithm, in that
on occasions the merged result is outside the boundaries of the facexdfople, if numerous
false positives that could be deemed as weak true positives (contairling small fraction of a
face) happened to overlap a single true positive, the merging algorithid easily give a final
detection result that did not include the face. Whereas, with fewer falséiyes surrounding a
correct detection the merging algorithm appears to perform better.

One disadvantage of using the BiolD face dataset is that there is lessgséarch to compare
against. For example, the AdaBoost based face detection algorithm byavidldones, which is
considered one of the leading approaches of recent times (see Se2tion 8 discussion of the
proposed algorithm compared to this approach), does not use the Bididead. Therefore, for
completeness the author used the OpenCV/Blepo implementation of the Adalgm#hm to
generate BiolD results appropriate for comparison [173]. A secgriglamefit of doing this, was
that it gave a controlled testing environment to compare the face detectidtsrds was found
that Viola and Jones’ algorithm detected 95% of the faces with no falsev@ssitrhe proposed
algorithm could be considered to give comparable performance (i.e. @886tmn with 12 false
positives) to Viola and Jones’ algorithm. Moreover, as will be discuskedly, the proposed

scheme is also competitive with other face detection algorithms that used the d&itdBet (see

1Only the first 100 images from a total 1200+ images in the BiolD dataset used due to performance run-time
issues
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@

Figure 5.7: Representative results from the BiolD face evaluation datase
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Figure 5.8: ROC graph generated from proposed algorithm when ugrigjohD dataset

Table 5.2).

Whilst the BiolD dataset is used less frequently compared to some otheddasets, there
is still a substantial number of research publications in which it is used. A twarview of a
representative sample of these publications will now be given. RamireF@emntes used a two
stage approach, in which the first stage uses rules regarding the pasidarontrast of the eye
regions along with analysis of histograms [174]. The first stage yieldsaabiasults of promising
candidates, which is then used in second stage with a combination of classaifieding a SVM,
voted perceptrons, an ANN and a naive Bayes classifier. A detecti®nfr@5.13% is achieved,
though false positives are in the order of several thousand. Huaalguses a radial symmetry
based transform coupled with eye position checking [175]. This apprachieves a detection rate
of 90%. Froba and Kublbeck uses edge orientation features to detestffalowed by a SNoW
classifier for verification [176]. This achieves a detection rate of alm@& @ith a low number
of false detections. An alternative approach by Froba and Ernst est & census transform
achieves a higher detection rate of 97% with a lower false positive deteeti®en\Wu and Zhou
use a selective attentional mechanism [177]. This feature based epgivas a detection rate of
94.5%. A hausdorff distance based approach by Jesorsky resukeanralmost 92% detection

rate [166]. Overall, it is clear that the proposed algorithm is competitive withr pesearch when
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benchmarking against the BiolD face dataset.

5.4.2 Failure Analysis on the CMU/MIT face database

A comparison of the performance of the proposed algorithm against hgtate of the art face
detection algorithms using the CMU dataset is shown in Table 5.3 with repraégentsults
shown in Fig. 5.9. Unfortunately, it can be concluded that the curremgios of the proposed
algorithm does not perform as well as the leading prior research in &dze dre recall rate of
approximately 50% is considerably lower than prior related research.

In the author’s opinion, this could be attributed to a number of factors. ®@tieqrincipal
motivations for the proposed algorithm (as outlined in Section 3.2) was tipe $oaninimise the
computational complexity through the novel evolutionary training algorithm.uBedl computa-
tional complexity could be considered vital for mobile device operation, hilhéls appear that
there is some trade-off in the general face detection performanceiassowith the proposed
algorithm. However, it could be argued that increased battery life compeitd reduced face
detection performance is an acceptable trade-off on a mobile device eFRudtre, it should also
be noted that the CMU dataset is not typical of the type of content geddrata current gen-
eration mobile devices. Many of the test images have low resolution and Hiéfiocironmental
conditions (i.e. illumination variance).

Reduction in the performance of the algorithm could be attributed to an irisuaffisumber
of training images of faces under different rotations. In addition, theltekighlighted a need
for a revised exploration of the modelling of illumination variance, as well aseal fior a more
robust merging algorithm. In particular, the merging algorithm on occasigs ¢rowd scenes
with faces located close together) can be overly aggressive. Also watitly is that as expected
when the face threshold increases the number of detections decka#agbsre is also a dramatic

reduction in the number of false positives (see Fig. 5.10).

5.5 Future Work

The deployment of the trained EANN topologies can be improved in terms efisf@ad power
consumption), detection performance (i.e. recall & precision) and isetealgorithmic robust-
ness (i.e. allowing detection with different face orientations). Thesedlrategories of optimisa-

tions should focus on the distinct logical boundaries within the algorithm, natimelyput stage,
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Figure 5.9: Representative results from the CMU face evaluation dataset
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Table 5.3: Benchmarking results for proposed algorithm against the Baa®database

CMU Evaluation Dataset
Algorithm Recall \ False Detections
86.2% 23
Rowley et al [84] 84.5% 10
77.0% 8
86.0% 8
84.0% 4
Feraud et al [116] 83.0% 3
81.0% 1
) 88.4% 31
Viola and Jones [113 7610 10
. 90.2% 31
Liand Zhang [111] 83.6% 10
93.3% 197
Garcia et al [83] 90.3% 8
88.8% 0
49.4% 240
. 46.0% 167
Proposed Solution 26.0% 159
42.3% 160

the NEAT classifier and the search strategy used during normal modatiopetn the input stage,
the use of the integral image technique proposed by Viola and Jones wowlorth investigating
[113]. Compared to the image pyramid technique, the integral image may lead tvedspeed.
As highlighted in Section 4.5.2, alternative frequency based input fesashimuld also be explored
so as to potentially reduce the number of EANN inputs and consequently ¢nellasize of the
trained topologies. Frequency based input features would also beirilyesuitable for a cascade
of increasingly complex and more robust classifier stages. For exanmgigglanumber of lower
order DCT coefficients could be used in a very small and very fast tggolduch a classifier is
likely to have a very high false positive rate, therefore increasingly ctetipually complex clas-
sifiers (using an associated increasing hnumber of DCT coefficientdpvieeurequired to refine
the result. The overall benefit of such an approach is that computaties@lirces are directed
to promising face candidate locations, whilst obvious non-face candideatidos are rejected
quickly.

As highlighted in Section 5.4, the performance of the algorithm is a criticahainézh needs
to be improved. This could be achieved through additional training iteratising @&n increased
number of training samples (e.g. considerably more rotated training samplsamaples with the

addition of random noise). Further bootstrapped training data could alesdal. It is reasonable
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Figure 5.10: ROC graph generated from proposed algorithm when t@rgMU dataset

to expect such additional training iterations would lead to improvements in bottetiadd and
precision. It should also be noted that as the current ANN topologies0aseto 75% smaller than
that used by Rowley et al there is considerable scope for additionahyamgenerate more robust
solutions which could still offer computational complexity benefits. Anotheials extension to
improve the robustness of the algorithm is to include detection of in-plane daateside profile
faces. An approach similar to that presented by Rowley et al could letosechieve this goal
[130].

A further interesting avenue of research is to apply an “active visioné tigee detection
mode. In such a mode, rather than raster scan every pixel block locationltéple resolutions,
as is typical with appearance-based face detection algorithms, the langh space could be
explored using GA principles. Each candidate in the population would ¢arisisandidate pixel
window location address, a scale/zooming factor (for face scale inearfaurposes) and a rotation
factor. The genome fitness would be a combination of the EANN responserdactors such as
skin count. As such a GA driven scheme is likely to discover inherentgpties of a particular
system, a reduction in the overall number of locations to inspect is quite likielg.Would greatly
benefit throughput and power consumption. As an example of the typepéies the GA could

exploit, consider a driver of a car who typically scans locations in theiraVield, however not
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all locations have the same level of importance. Similarly in a mobile device vidgeremcing
application, the face is likely to centred and within a relatively narrow ramgeales.

Finally for optimum performance on a computationally constrained mobile plattbenNEAT
library should be rewritten with such a target platform in mind (however thisldvoequire sub-

stantial effort).

5.6 Summary of Contributions

This chapter firstly presented a thorough description of the functioningegdribposed face detec-
tion algorithm during normal operation (e.g. detecting faces during a vialdo €his description
included a discussion of the design choices made in selecting the class#fsanigle and face
detection merging. Profiling was then carried out to identify the most computhtomplex el-
ements of the algorithm. This identified the EANN evaluation and the associaksdfdsading
the inputs and reseting the topology) as requiring almost 95% of the total ¢atigmal load of
the algorithm. This computational load characteristic is as expected, sincacthedtection al-
gorithm was selected based upon potential to offload the most computatiomahdieg aspect to
dedicated hardware (see Chapter 3). In addition to function-basétingrorun-time evaluation
and power profiling results were presented for an ARM-920T micrags®ar. This identified that
a software implementation of the proposed algorithm on a typical mobile processtul struggle
for real-time operation. This provides strong motivation for the design afdacdted hardware
EANN accelerator, which is the focus of the subsequent chapter. diti@dto the dedicated
hardware, the other complementary method of reducing the computational gitgnpfethe al-
gorithm is to reduce the number of candidate face locations classified usifigAKN. This was
addressed by using skin detection pre-filtering of each candidate feattolo. Further software
optimisation appropriate for a mobile device software implementation were dégstirsSection
5.3. The performance of the proposed algorithm was then comparedtgi@te of the art face
detection algorithms. The algorithm performed competitively with related relseear the BiolD
dataset which could be considered representative of the image qualifia@abpose found in
the target mobile device application. Furthermore, a number of potential efaggroving the

performance were highlighted and identified as future avenues ofchsea
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CHAPTER O

EANN Hardware Accelerator

It is vital for mobile computing platforms that fundamental enabling technolpgiesh as an
ANN, can be deployed in a manner to meet the strict requirements of erféicggrey and real-
time performance. Unfortunately, when processing high dimensionaldstésr example digital
video, an ANN may not meet system requirements. In the case of digital,\ygdeo performance
is likely to be a consequence of the unavoidable combination of a requirdonextremely high
throughput for real time processing and large complex ANN topologiesh@éeeview in Chapter
3 showed, typical ANN based face detection systems use topologies withieasnof inputs,
thousands of connections and often as many as 100 hidden neurgidd ¢¥83]. This in itself
would not pose a problem if only a single classification result was requiradever the ANN
processing becomes a major computational expense when it is repeataefiapping pixels
blocks across multiple resolutions as is commonly the case for face detediiercomputational
expense is further exacerbated by requirements for an ensemble otlasiifiers. The associated
computational complexity is highly undesirable on constrained computing ptaf@ire. mobile
devices) from both real time operation and low power consumption pehagec

As discussed in Chapter 3 one method of reducing the complexity is to use a niojolaigy.
This is beneficial since fewer neurons and connections lead to redaogalitation, which in turn
means higher throughput and lower power consumption. However, @irelien a non-minimal
network topology and appropriate set of weights represents a difficlticimensional optimisa-

tion problem. Ideally, the topology should be as small as possible, but laaygk to accurately
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fit the training data. Failure to find a suitable configuration will cause pooeigdisation and/or
excessive execution time. As Chapter 3 highlighted one possible solution iedhésis to use
an EANN (see Section 3.3.3 for more details), in which a genetic algorithmevalw optimum
topology and/or weights. As well as reducing the requirement for triabart design exploration
for the ANN, the approach is better equipped to avoid local minima and hag $opfinding a
minimal topology [131].

However, even with minimal topologies, when carrying out EANN patterrsdiaation (after
EANN training) on a mobile device, it still may not be capable of achieving tigad- perfor-
mance. This was demonstrated by profiling in Chapter 5, where even afisiderable software
optimisations, the proposed EANN-based face detection algorithm still eetjinrexcess of 10
seconds to process a single QCIF sized frame on a 120MHz ARM 92GEgsor. Whilst it
may be reasonable to expect a higher clock frequency on mobile devites foture, real-time
software based face detection in video sequences with such an algorilhmmain extremely
challenging. Moreover, whilst in the future a faster processor may to sateat tackle the real-
time performance issue, the problem of energy efficiency due to the cotiopataexpense will
remain. As alluded to during the description of the proposed face detedgiontlam in Chap-
ter 5, one possible solution to these issues, is to offload the computatiodahtiiom the host
processor to a dedicated hardware accelerator.

The design of such a hardware accelerator is the focus of this ch@pegoal of this hard-
ware core is to accelerate the face detection algorithm which was desarikdwpter 5, in an
energy efficient manner. Furthermore, this core should ideally be flexitdagh to accommodate
other ANN tasks appropriate to a mobile device. To achieve this flexibility aNeaed/ software
ANN co-design methodology is adopted. As was also observed by Reymeapproach to ANN
hardware design combines the scalability and flexibility of software with thedsped energy ef-
ficiency of dedicated hardware [155]. For example, by modifying thenswé the same core that
accelerates face detection could be reused as an accelerator focedivd for computer gam-
ing [31]. A block diagram of an ARM microprocessor (commonly found ower constrained
platforms) based hardware integration framework suitable for this exampleign in Fig. 6.1
(repeated here from Chapter 1 for the sake of clarity). In the facetitmtescenario, EANN based
training would occur once. After training, during normal mode face deteciperation (e.g. face
detection during a mobile video call), the proposed algorithm will leveragedbelerated pro-

cessing performance of the dedicated core. In the Al application sogeanstant GA based
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Figure 6.1: NEAT multimedia hardware accelerator

evolution with hardware accelerated phenotype evaluation would occutetotlze Al of com-
puter controlled agents in response to the playing characteristics of thentpleneer [31]. As
was discussed in Chapter 3, the computational burden of the ANN evaliggaitable for hard-
ware offload, whilst the GA, which uses moderate computational resbuves@les in software.
However, to fully exploit the possibilities offered by the EANN paradigm, thigjue features of
EANNSs have a considerable impact on the hardware implementation of the ANidared to a
traditional ANN implementation. Certainly the EANN approach is attractive frarardware per-
spective relative to an ANN trained via on-chip back propagation as thegfisation search is
less sensitive to reduced word length implementation issues. This and otheniempddion issues
are described further in Section 6.2.

This chapter will firstly present a detailed review of ANN and EANN hansnearchitectures
in Section 6.1. As hardware implementations of EANNSs are limited, the focus dfaitdware
review will instead be on ANNs, under the assumption that EANN training des péace in-

the-loop. A detailed description of the proposed hardware architectwigds in Section 6.2.
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A comparison against prior related research in terms of synthesis resdisaer consumption

where possible is carried out in Section 6.4.

6.1 State of the Art Hardware EANN Review

There is a considerable body of research in analogue, digital andithdrdware ANN implemen-
tations [178][179][180][181][182]. Analogue implementations typicaléyé the benefit of high
speed operation, smaller silicon footprint and lower power consumptiona@upo a digital im-
plementation. However an analogue design has a number of drawbalckBngesusceptibility to
component process variation, electrical noise and environmental corgjiimng with resolution
issues for the weights and activation function. A digital hardware implementaiiothe other
hand, does not suffer from these drawbacks, and furthermoresaflage of design and computa-
tional accuracy. For these reasons a digital design approach is ddlopités research.

A digital ANN implementation typically stores the network topology and/or weights in mem-
ory. These values are then later retrieved and processed in disanetesdly the parallel PE. This
is advantageous because any network size and potentially any topofolgg bandled. A PE usu-
ally consists of multiply accumulate circuitry [183][184][185] and sometimgsedding on the
architecture, an activation function generator. The number of priogesiements implemented is
a design space trade off between area, power and performancaleBigs space extends from a
single PE to a PE for each neuron or even a PE for each connectiofatialcuA single PE could
be compared to a conventional ANN software program operating on ke siegktop or mobile
processor. However, such an implementation is likely to suffer from thmpuigissues with high
dimensional ANN data tasks. On the other hand, using one PE per nauwonreection will give
excellent throughput but at the cost of prohibitive area and poweswaption. A discussion of
PE implementation challenges is given in Section 6.2.

One of the principal challenges for ANN acceleration using time sharedsHiesv to get the
ANN input data from slow, bandwidth limited memories to the high speed PEs in, déslwidth
efficient manner, which maximally exploits the throughout of the PEs. Systolxy architec-
tures have been the pervasive choice for bridging this gap [184][&E3][189][184][190][191]
[192][193][185]. It is well established that systolic arrays offer jmamnefits for ANNs with re-
gard to using memory bandwidth effectively by maximising data reuse, in additiparmitting

highly regular PE control logic [194]. However, as will be discussedicti®n 6.2, topologies with
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sparse connections considerably reduce the efficiency of systaig approaches, in addition to
increasing memory requirements. Sparse topologies are attractive frempaveer consumption
perspective as obviously fewer connection computations are requbdespite this, the literature
contains very few hardware implementations, which attempt to exploit topol@ygespess [195].

The literature rather focuses on dense connectivity neural algoritr®6$ [1

6.1.1 Efficient Multiply Accumulation

In a system where the ANN weights are static, canonic signed digit reptatios and multiplier-
less distributed arithmetic architectures can be employed in the generationveéitiieed sum
[197]. However, static weights are clearly not suitable for EANN-bds#iding. Even if EANN

training takes place offline, such an implementation for the resultant fitteebpipee would re-
strict the reusability greatly, since the weights are clearly optimised for a saipglécation. For-

tunately, owing to the prevalence of the sum of products operation in diggadlsprocessing
algorithms and matrix arithmetic, there is a considerable research on efficistware imple-
mentations of this arithmetic primitive [198][199][200][201][202]. Thepapach chosen in this

work is a fused multiply add architecture [76]. This will be described furth&ection 6.2.

6.1.2 Activation Function Generator

Given its desirable non linear characteristics and ease of differentiabititgnzoid based activa-
tion function, such as that defined in Eqn. 6.1, is commonly used in ANNY.[138wever, a
direct hardware implementation is not practical as it requires excesgjiedad also results in

significant power loss.
- 1
Cl4e®

y(x) (6.1)

Consequently, a number of approximations amenable to hardware implemehtat®been de-
veloped. For ease of implementation reasons, LUT based schemesaurentig used, how-
ever the approach is costly in terms of area and power compared to thexiapgtion precision
achieved. Alternative approaches typically fall into the following broatgaries: CORDIC,
piecewise linear approximations [203][204][205][206] [207][208]ecewise second order ap-
proximations [206] and combinatorial input/output mappings [209]. Funtbee, there is consid-
erable variance within each category. For example, an A-Law compatethgique is used in

[203], a sum of steps approximation is used in [204], a multiplier-less piseeapproximation is
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presented in [205] and a recursive piecewise multiplier-less approximatimesented in [208].
An elementary function generator capable of multiple activation functiongw@sfirst and sec-
ond order polynomial approximation is detailed in [206]. Recently, a combia&tpproach has
been suggested that considerably reduces the approximation er®br T2@ approach chosen in
this research, which is described in detail in Section 6.2, uses a firstmidanax polynomial
approximation. The use of a minimax polynomial has been suggested befiire aontext of
a floating point activation function approximation [207], however the psegd approach further
minimises the maximum error and implements an area and power efficient aratetestuwill
be seen from the benchmarks in Section 6.4, this approach producesstlaproximation error,

whilst being suitable for the implementation of multiple activation functions.

6.1.3 Number System and Precision Requirement Consideratns

A fundamental design decision for any digital hardware architecturdcplarly in the absence of
a standard, is the choice of a number system and the associated word Tregh have important
consequences on the achievable range, precision and resolutionfioiairsystem. Furthermore,
the word length impacts the critical path in the digital design and the power eqntigun. Low
complexity reduced wordlength ANN approaches have the benefit ofiatjoeduced area, but
this typically comes at the expense of output performance and reusabitigycdnsequence of
an excessively reduced word length is that the ANN outputs can be cofgpiigfterent than
those of a similar topology with a longer word length [210]. It is generallyeptad that, as the
resolution and precision of the inputs, weights and the activation funct®neduced, so too is
the ability of the ANN to act as a universal approximator [211][212]. Gndther hand, a long
word length format, such as the 32-bit IEEE single precision floating poing, eaappropriate
for representing the dynamic range of possible weight values, howetesnly is it excessive
relative to tolerable system performance [212], it also results in additiogal switching and
area requirement. Related to the wordlength selection, input/output stesitigrgsometimes
called scaling) is advised in most cases [167]. Standardising the inpulis iasaismaller integer
range.

Wust et al used a 5-bit reduced floating point format for a number dfl &jplications [213].
This format used one sign bit, one mantissa bit and three bits for the expamegmas coupled
with a hybrid floating point/ fixed point arithmetic core. However, he agkedged that more bits

would be necessary to support the higher precision required foniprtraining. Holt et al showed
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that a ANN trained via back propagation required 16-bits (configuremhasign bit, 3 integer bits
and 12 bits of fractional precision) for training and forward evaluatmmdifficult convergence
problems [212]. Floating point and fixed point hardware ANN implementatieTe investigated
from a area and throughput perspective by Moussa et al [182¢y Thncluded that the fixed
point was 12 times faster and 13 times smaller than the equivalent floating poietrienation.
However, it is debatable whether this was a fair comparison as they usesdi g&int format with
16 bits and compared this to a 32-bit IEEE compliant single precision floatimg foomat. It is
no great surprise that the larger word length format required moreaacthad a lower maximum
frequency. A more enlightening comparison of floating point and fixedtfrmiplementations was
recently carried out by Savich [210]. This work explored 25 difféneord length sized fixed
point and floating point representations. They found that for comfmfaied point and floating
point formats (i.e. comparable in the sense that the two formats gave similgsi@ngca fixed
point representation typically required half the area of the floating poinidtg achieved a higher
maximum clock frequency and had a shorter latency. Based upon thestsré is reasonable
to also conclude that the energy consumed in a datapath dominated ANN crokiteill also
be smaller for a fixed point representation compared to a floating point faxfim@mparable
precision.

A stochastic representation is a further alternative number system somesete$ou hard-
ware ANNSs. Using this system the value of a signal in a digital ANN implementatiendsded
using the probability of the given bit in a stochastic pulse stream being a logi¢214]. This
has the benefit that many common arithmetic operations require very simple2a&lc Whilst
beneficial from an area perspective, there are issues conceepiresentation variance. Further-
more, due to the reduced throughput from the inherently serial operatiogher clock frequency
is required to match the throughput of a more parallel fixed point implementafioa substan-
tially increased clock frequency is of considerable concern in the cleekietwork from a power
consumption perspective. The clock tree network can account farsadarable proportion of the
total power consumption, particularly in deep sub micron technology pgeses

From the observation of prior research, 16 bits in a 1.3.12 fixed poimeseptation (one
sign bit, three integers bits and ten fractional bits) is used throughout tpes®ed design, with
the input data standardised to a range of -1 to 1. The additional integeilbvts dhe EANN
accumulation values to grow to levels which maximally exploit the resolution adilefmm the

proposed activation function generator.
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(a) Forward connections only (b) Mixed connections: a recurre(@) Mixed connections: a looped re-
connection exists between node 3 andrent connection exists at node 3
node 2

Figure 6.2: Neuron connection types
6.2 Proposed Hardware Architecture

Unlike a feed forward ANN, an evolved network can have any topologtergially with a mix-
ture of forward connections (see Fig. 6.2(a)), recurrent conmecteee Fig. 6.2(b)) and looped
current connections (see Fig. 6.2(c)). Furthermore, dependingapilication and evolutionary
process, the neuron connections could vary from being fully condiéotéeing sparsely con-
nected. Owing to the complexification process (see Section 3.3.4), NEAT atiltally favour
sparse topologies. These factors have important consequences fartiware architecture. The
efficiency of systolic array architectures is dramatically reduced wheratipg on sparse neural
topologies. This is because the data flow through the systolic array isfidgunterrupted and
thus the throughput benefit of multiple PEs is not achieved. To overcomethiBid?E can be
either disabled for that weighted sum calculation or have a weight of 2éowever both solu-
tions are undesirable. Disabling the PE leads to additional control logiafdr mdividual PE.
Whilst storing weights with a zero value leads to increased memory sizes, Wwinibbr exacer-
bates power consumption issues, particularly as memory power consumigiioopirtionately
increases with size. The systolic array efficiency is further reducedalthe presence of recur-
rent connections. This causes unpredictable feedback conneationther neurons, causing
further data flow interruptions. However more importantly, as systolic arelyitectures favour
a layered ANN, where the inputs to each PE layer are well defined, it ia tdtial matter to
dynamically reconfigure the PE inputs for the evaluation of alternative tggdpwhich contain
recurrent links. This situation would be necessary for an applicatiomedREAT is evolving in
real-time, such as artificial intelligence for computer gaming [31]. Whilst it ssfile to modify
the genetic algorithm so that only forward connections are added, thisrooriges the quality of
the evolved solution.

These factors have provided motivation for the research in this thesiplaresxlternative ar-
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INPUTS OUTPUTS

MAIN LINK SRAM MAIN NEURON SRAM
TO FROM WEIGHT 1D TYPE OUTPUT
9 2 W9,2 1 sensor inl
9 11 W9,11 2 sensor in2
9 12 W9,12 3 sensor in3
9 13 W9,13 4 sensor in4
10 1 W10,1 5 sensor in5
7 W10,7 6 sensor in6

Figure 6.3: NEAT phenotype to hardware memory mapping

chitectures rather than a systolic array approach. Examining the NEATopipe data structures,
it is clear that the essential information in the link and neuron genes, can [ygeth&asily to
hardware memories, as is demonstrated from the simple phenotype in figues8ehtially the
proposed approach “parses” through thK memory to retrieve the relevant weights and using
the “LINK—FROM’ field as the index to retrieve the output from the appropriate neuron in the
NEURONmemory. Once the values are retrieved the multiply accumulate operation ispedfo
This operation is repeated for all connections associated with that ndugtore the activation
function is calculated. The process then repeats for all neurons in thigyp This approach

is analogous to how a given topology would be evaluated on a single-omregsor in software.
However, the proposed hardware architecture exploits the inhereaitgliam that exists in the
topology to increase throughput. To achieve this goal, two PEs operatirayaiig) are used, as
can be seen from the proposed architecture in Fig. 6.4. The PE data4thiis and each PE
has access to the memory (via a memory controller). Two PEs were chossrisgive a good
trade off between throughput and bus addressing complexity. Each éftijgped with a local

“LINK” SRAM. This is loaded with the incoming connections for that neuron. Tacedtalling,
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NEURON SRAM BANKO NEURON SRAM BANK1

ID_[ TYPE [OUTPUT D[ TYPE [ouTtPUT
DIRECT MAPPED 1 1 IN_1 2 1 IN 2

DATA_CACHE 9 3 OouT_ 9 10 3 OuT_10

i

DATA TO/FROM NEURON SRAM BANK2 NEURON SRAM BANK3

MAIN NEURON MEMORY NEURON_MEM_CTRL ID_| TYPE [OUTPUT iD_| TyPE |ouTPUT
DouT 3 1 IN_3 4 1
11 2 |ouT i1 12 2 IN_2

64 64 | [ |

NEURON SRAM BANK4 NEURON SRAM BANKS

1D TYPE | OUTPUT 1D TYPE | OUTPUT
1 IN_5 6 1 IN_6

1 x
NEURON_PEO 13 2 OuUT_13

DATA TO/FROM
MAIN LINK MEMORY

NEURON SRAM BANK6 NEURON SRAM BANK7
1D TYPE | OUTPUT 1D TYPE | OUTPUT
7 1 IN 7 8 1 IN_8

DATA TO/FROM NEURON_PE1
MAIN LINK MEMORY

Figure 6.4: Simplified block diagram of the proposed EANN hardwarele@ter datapath

the connections for neuraN + 1 are prefetched, whilst in parallel the PE processes neiron
The PE datapath is 64 bits wide becadse 16 bit entries from the localINK SRAM are re-
trieved in a burst and processed in parallel in each PE. This parallet$sing is possible since
the "LINK—WEIGHT values are processed sequentially and they do not have interdepende
cies. The decision to use four parallel arithmetic units per PE was chosetrade off between
throughput, bus width size and to minimise the complexity of retrieving multiple data peits
clock cycle from the hierarchical memory system.

Unless a fully connected topology is being evaluated, the flilEBURON-ID” addresses de-
coded from LINK—FROM’ will not necessarily be contiguous. Therefore if a SingEURON
SRAM is used (such as in Fig. 6.3), only ondEURON address could be processed per clock
cycle. However to maximise the performance of the multiple arithmetic units in the taRadh,
valid input data needs to be available on each clock cycle. To overcomedhés igpartitioning
the neuron memory into eight smaller SRAMs is proposed. This memory partitioambe seen
in Fig. 6.4. Eight SRAMs have been chosen as a consequences dinrgpl2e®Es which each
request 4 data values in parallel. To further increase the probability ltfdstta units can be re-
trieved within one clock cycle, thus maximising the parallel processing poteatikdfa cache is

used to maximise data reuse. The cache provides backup should two odaterequests occur
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for the same NEURON SRAM bank. This could occur based on the connectivity of the topology,
in particular if the sparse synapses were modulo eight apart.

When the memory control logic receives a request for 8 new values then?2 PEs, the
cache is firstly examined to see if it can fulfil these requests. Should cackesvoscur, the
“NEURON-ID" is decoded to indicate the relevant SRAM bank. If two or more requestsptte
to access the same SRAM bank, the data must be retrieved over multiple cléek otberwise
all requests can be handled in one clock cycle. In the worst caserggemaen none of the data
is present in the cache and all requested data is located in the $#EWERON SRAM bank,
one multiply accumulate operation occurs per clock cycle. On the other tiatidhe requested
data is either in the cache or different Neuron SRAM banks, eight multiglyraalates occur per
clock cycle. For a fully connected feed forward ANN, the throughmufgrmance of the proposed
solution will be identical to a similar sized systolic array (assuming the pipelinirtigeogystolic
array is full), although the memory bandwidth used by the systolic array wihieler. As dis-
cussed earlier in this section, the throughput of the proposed solutionutfiedorm a systolic

array architecture when processing a mixed forward and recuipargesconnection topology.

6.3 Implementation of Proposed Architecture

This section describes the implementation details of the proposed architessushown in Fig.
6.4, the proposed architecture can be considered to consist of multiple®sol logic and a
memory subsystem. The function of the PE is to generate the weighted surisftiothe neuron.
The author has also chosen to add the activation function generatorid’&a(see Fig. 6.5).
An alternative approach is to time share a single activation function gendetiseen multiple
PEs. This is typically the approach adopted when using a systolic arrbiyestare due to the
highly regular processing. If such a time-sharing scheme was used imdpesed architecture,
control logic must be designed to ensure only a single PE has control attivation function
generator at any clock cycle. However as there are only two PEs aratdheoverhead for the
activation generator is not considerabte Z, 000 gates), a design decision was made to integrate
the activation function logic into each PE.

The following subsections describe the implementation of the activation fungépnarator,
PE control logic and the cache structure. It should be noted that the méraokg which were

described in section 6.2 are not elaborated upon further, principallyodhe direct implementa-

165



6.3. IMPLEMENTATION OF PROPOSED ARCHITECTURE
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Figure 6.5: Simplified block diagram of the Neuron PE

tion that was used. Extra emphasis is placed upon the description of thatiactifunction gen-
erator. In part this is because the implementation of the chosen activatictiofuapproximation
scheme relies heavily on a multiply accumulate operation. Therefore, this multiplyraulate
sub-block can be reused (albeit with slight modifications) to generate tighted sum of inputs

to the neuron activation function.

6.3.1 Activation Function Generator

A review of common function approximation schemes, including LUTs, CORBpproximating
polynomials and splines, was given in Section 6.1.2. With the goal of achiaxgogd trade off in
terms of area, approximation accuracy and ease of supporting multiplataxtifunctions (desir-
able in an EANN if the selection of the activation function is under the confritieoevolutionary
process), a polynomial spline based approach was chosen by the fmnthother investigation.
Polynomial approximating functions, the best known of which is the Tay®eises, can be used
to represent any arbitrary continuous function. Whilst the error in doFaySeries is very small
at the expansion point, it rapidly increases at the boundaries of thedh{eee Fig. 6.6). There-
fore when using a finite order polynomial, often a more evenly distributent esrpreferable.
Consequently other approximating polynomials, such as least squarefden employed [206].

This thesis proposes using a minimax approximation polynomial for the geneditibe acti-
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Taylors Series Approximation

Minimax Approximation

APPROXIMATION
ERROR

N N

SEGMENT 1 SEGMENT 2 SEGMENT 3

Figure 6.6: Error of Minimax Spline versus a Taylor Series Spline

vation function output [216]. A minimax polynomial exists for every approxioraand has the
characteristic of minimising the maximum error, by evenly distributing the ermasadhe entire
approximation range. To reduce the order of the approximating polynomegginpiut domain of
the function can be sub-divided into smaller intervals. This allows a polynashialuch lower
order to approximate each of the sub intervals. The resulting compositeoiuie known as a
piecewise polynomial or spline. Using a spline-based activation functiproajnation offers the
benefit that multiple activation functions can be accommodated with ease, lgyynshanging
the coefficients of the approximating polynomial. This also means that minimaltextiavare is
required to support the additional functions.

Using a Remez exchange algorithm within Matlab, appropriate coefficients feand to
generate minimax polynomials on discrete intervals for each activation furi2i@h The Remez
exchange algorithm finds these coefficients by iteratively solving setsezrliequations. A first
order minimax polynomial was used, as this has the benefit of avoiding logter:™ operations.
The disadvantage of using a lower order polynomial is that a greater mafgy@ines are required
to achieve the same approximation accuracy as a higher order polynomiadcréased number
of splines results in a need for additional storage of the coefficientsiagst with each spline.
Fortunately, in the attended application within this research, the effect gprtbserty is not an
issue, as the minimal error representable from 10 bits of precision (stiers6.1.3) is reached
when using only a small number of first order minimax approximating polynomiasurther
reduce the number of polynomials required to achieve a specified agciltacommon approach
of range reduction is leveraged. Range reduction exploits inhereatidarredundancies such
as function symmetry, periodic behaviour etc. to allow fewer polynomial setgmepresent the

function.

167



6.3. IMPLEMENTATION OF PROPOSED ARCHITECTURE

Coefficient and segment
location values from solution
used in h/w implementation

~

[
YES
Stopping criterion
reached?

Initial population
(random location of segments)

D

create new
population (mating
and/or mutation)

evaluate population

g

fitness

=I=AsIEIS

select parents

Figure 6.7: Genetic algorithm used in optimising location of spline knot points

The placement of the approximating polynomials on the input range clearly imagor bear-
ing on the overall approximation error. The simplest approach is to evéstijbdte the polynomi-
als over the approximating range, although, astute placement can redwa@ptioximating error.
The challenge of placing the polynomials in non-evenly distributed locationgigtb potential
search space is large. For example, when using 5 polynomials in a 0 to&wathga precision
of 1073, there are in the order d0'” possible combinations for the location of the polynomials.
Due to the large search space issue, a GA was used to find the optimum |lafatierapproxi-
mating polynomials. Unlike an exhaustive search, this solution is scalabldfalerinput range
becomes extremely large, for example if using a double precision floating yegiresentation.
The GA was implemented using the Genetic Algorithm Optimisation Toolbox (GAQWN&ilab
[217]. The fitness function firstly uses the Remez exchange algorithmnerae the minimax
polynomial coefficients for each candidate in the seed population. Usisg tteefficients, the
minimax spline approximation for the chosen activation function (e.g. sigmoid)ristucted.
The mean and maximum errors are then calculated from this approximatioy @tsieast10°
samples) and a proportionate fitness is assigned to each candidate solth@papulation. The
GA selects suitable candidates for further evolution and generates aopetafon from these us-
ing crossover and/or mutation. As shown in Fig. 6.7 the process repédais stopping condition
(e.g. atarget average and/or mean error) is reached. As is the noiGAtheeded extensive tun-
ing through trial and error exploration of the different input parameteisal population sizes of

10 to 1,000 were considered, along with extensive investigation into differessover functions
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and different mutation functions. The GA achieved best results usingregitt) crossover and a
multi-point non-uniform mutation with 5 mutation points. The GA typically improved {ygrax-
imating error by 30% to 60% relative to an even distribution of the approximathgpmials. A
full comparison of the proposed approximation scheme against priorgivieis in Section 6.4.

The outputs of the GA optimisation phase are a pair of A and B coefficientsafdn linear
spline-based polynomial, as well as the optimal location of each spline on therange. This
fixed information is then used in the hardware implementation. A simplified blockatiagf an
associated datapath to calculate the activation function approximation caarbmdigure 6.8(a).
The range reduction and range reconstruction blocks for a sigmoicattiviunction have a
trivial implementation, because only symmetry around the Y-axis can be expldlevertheless,
range reduction allows the coefficient storage space to be halved.eFd(b) shows a direct
implementation of the linear polynomiall(X + B) calculation. The value of the input, X, is used
as an index into a LUT, which stores the values of the A and B coefficients.

A direct implementation of the polynomial calculation uses a separate multipliercatat. a
However, as there is redundancy in the multiply accumulate operation, thetiops can be com-
bined to reduce area and switching. This architecture is commonly knowriusge multiply
add and can be seen in Fig. 6.8(c) [76]. The number of partial protiastbeen halved by us-
ing modified Booth radix-4 coding. The addition of the partial products isutatled using (7;2)
column compressors (see Fig. 6.9(a)) [76][218]. As the carry otie{7;2) compressor does
not depend on the carry in, the critical path is improved and a higher adlegkéncy is supported
(see Fig 6.9(b)). Furthermore, the generation of the two’s complemenldéomodified Booth
algorithm uses a simple inversion for the one’s complement and delays dtidiadditional one,
until the partial product accumulation, thereby reducing the critical patle. résultant carry and
save are added to the B coefficient using a (3:2) counter. The finahadnoarry are then added
using an efficient carry propagate adder. Employing these technigosgs the proposed acti-
vation function architecture (see fig. 6.8(c)) with a good trade off baispeed, area and power
consumption. The architecture is easily modified for additional pipeline s&grdd a higher
throughput be required. Power reduction can be further tackled ajatieelevel, by employing
clock gating and using tristate buffers on the inputs. These two technigigsrinimise the

power when the block is not active.
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6.3.1.1 Remaining Neuron PE logic

The weighted sum of inputs to each neuron is implemented using a similar aratatectinat
which was used for the multiply accumulate in the activation function genersgerKig. 6.8(c)).
Saturated arithmetic is used to prevent the arithmetic from wrapping arouhdi@ng incor-
rect answers should input values give a result outside the boundssegpable from the chosen
wordlength. Each PE has 3KB of local SRAM to store LINK—FROM/WEIGHT data, pro-
viding enough storage for the details of over 1000 neuron connect@mgously the amount of
memory can be adjusted based upon the timing constraints of the main memorynaedtcoty
characteristics of a particular application. The PE control logic, whiclegm/access to the local

SRAM and the control signals for the PE datapath is outlined in algorithm 6 below

Algorithm 6 : Neuron PE datapath control flow

1 MEM_SETUP setup;
load PE SRAM with “LINK—FROM/WEIGHT" data associated with the first “LINKTO” neuron;
Regular processing starts once loaded;
In parallel with processing, prefetch “LINKFROM/WEIGHT” data for the next neuron and load into PE
SRAM,;

2 LINK_DECODE Stage;
PE requests 4 “LINK-FROM/WEIGHT” entries from local SRAM,;

3 INPUT_FETCH Stage;
Using the 4 retrieved “FROM” addresses, the PE requests these valoethe “NEURON” SRAM memory
banks;
The “WEIGHT” values are set up on the inputs to the partial productmgeioa logic;

4 PP_GEN Stage;
With the input values returned from the “NEURON” SRAM banks, the papiauct generation logic is
enabled;

5 ACCUM Stage;
The partial products and the previous accumulation value are added\ivellexe Tree compressor;

6 ACT_FN Stage;
If necessary the activation function generator is enabled;

7 WRITE_BACK Stage;
If the activation function was enabled, the output is written to memory duhisgclock cycle;

6.4 Results

This section benchmarks the performance of the proposed activatictichuapproximation scheme
as well as discussing synthesis results and power consumption estimate®weétall EANN ar-
chitecture. The architecture implementation results are principally compaagusagrior ANN
hardware implementations. It should be noted that a fair comparison is djiatierms no other
approach from the outset attempts to accelerate the ANN phenotype evalwétin EANNs
and exploit the associated sparse topologies. In as much as possiblenttenarking metrics

are normalised to attempt to account for this issue and other implementatiorefeafueach
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Figure 6.10: Neuron PE timing diagram

benchmarking architecture (e.g. different maximum clock frequenciderelift semiconductor
technology processes). As power consumption estimates are raretyigitlee hardware ANN
literature, for the purposes of comparison, the generated power estinihtescompared against
the power consumption required in a software implementation. The softwasr gonsumption

estimates were generated and discussed in Section 5.2.1.

6.4.1 Activation Function Results

Due to its widespread usage, the sigmoid activation function approximationseasto compare
the proposed activation function approximation scheme against pricarosa the literature.
Using a sigmoid activation function the proposed approach was evalusitegl 21to 8 approxi-
mating polynomial segments. The maximum and average error results fortéisesean be seen
in table 6.1. This table allows a fair comparison of method error between gaamuroaches who
share the same range and number of segments (relevant for piecepisgi@ations). In the
cases where a direct comparison is possible, the proposed appteadi outperforms related
research. Tommiska uses a direct input/ output combinatorial mappingfdrethe number of

segments is not applicable [209]. In this case it is fair to claim the propggeeach outper-
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Table 6.1: Maximum and average Sigmoid Approximation errors

Design Range | Segments| Maximum | Average
Error Error

Myers et al [203] [-8,8) N/A 0.0490 0.0247
Alippi et al [204] [-8,8) N/A 0.0189 0.0087
Amin et al [205] [-8,8) 3 0.0189 0.0059
Vassiliadis et al (First Order) [206] | [-4,4) 4 0.0180 0.0035
Vassiliadis et al (Second Order) [206][-4,4) 4 0.0180 0.0026
Faiedh et al [207] [-5,5] 5 0.0050 n/a

Basterretxea et al (q=3) [208] [-8,8) N/A 0.0222 0.0077
Tommiska (337) [209] [-8,8) N/A 0.0039 0.0017
Tommiska (336) [209] [-8,8) N/A 0.0077 0.0033
Tommiska (236) [209] [-4,4) N/A 0.0077 0.0040
Tommiska (235) [209] [-4,4) N/A 0.0151 0.0069
Proposed approach [-8,8) 2 0.0158 0.0068
Proposed approach [-8,8) 3 0.0078 0.0038
Proposed approach [-8,8) 4 0.0047 0.0024
Proposed approach [-8,8) 5 0.0032 0.0017
Proposed approach [-8,8) 6 0.0023 0.0012
Proposed approach [-8,8) 7 0.0017 0.0009
Proposed approach [-8,8) 8 0.0013 0.0009

forms Tommiska’'s approach on ar8 range when using 5 or more segments. The improvement
achieved by leveraging the effective search capabilities of geneticgmmging is apparent from
comparing the five segment evaluation of the proposed approach withéreefiment evaluation
of Faiedh et al [207], who employs a minimax polynomial with a floating point depaesen-
tation. The GA could be considered to be predominately responsible fol6&teirBprovement
in error. Table 6.2 shows maximum and average approximation errorsiditicaal functions,
including Tanh and the sigmoid derivative. Tanh is another commonly uaefivhtion function,
whilst the sigmoid derivative is important if on-chip training (using back pgation) is used. The
proposed approach gives a better maximum error than both the firseaoddsorder approxima-
tion of Vassiliadis et al [206]. It is reasonable to conclude that the meg@ctivation function
approximation scheme compares favourably with the state of the art literdtwehieves high
precision and has the benefit of easily supporting multiple activation fursctarould these be

required during the evolutionary search process.

6.4.2 Hardware Implementation Results

The hardware design was captured in Verilog HDL and synthesised 8gitapsys Physical Com-

piler for a 90nm TSMC ASIC library. Physical Compiler was also used teggn an automatic
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Table 6.2: Max and Mean Errors approximations for other functions

Sigmoid Derivative Tanh
Design Range | Maximum Average Range | Maximum Average
Error Error Error Error
Vassiliadis et al {°* Order) || [0,8) | 8.8 x 1072 [ 2.6x 1072 || [0,8) | 5.7 x 1072 | 5.0 x 10°
Vassiliadis et alZ"? Order) || [0,8) | 4.6 x 1073 [ 5.0 x 10~* || [0,8) | 1.6 x 1072 | 1.6 x 1073
Our approach (4 segments) [0,8) | 3.1x1072 | 1.7x1073 || [0,8) | 9.5 x 1073 | 2.4 x 1073

placed and routed implementation (using minimal physical constraints). Thet neksback
annotated with the delay information (SDF file generated from Synopsys Hrimagand lay-
out parasitic information (SPEF file generated by Physical Compiler durgngutomatic layout
flow). A gate-level simulation was then run (in Synopsys VCS 7.2 Simulatorgtegte real-
istic gate switching. The switching information was saved in a VCD file, whichgaleith the
gate-level netlist was used as inputs to Synopsys PrimePower to gen@@ateraconsumption
estimate using a 1.2V voltage source. The design flow adopted assumedvedinie worst case
operating conditions. It should be noted that memory synthesis and lagsugxeluded from the
ASIC design flow due to lack of appropriate memory compiler tools. Howdvisrmemory was
prototyped in a Xilinx FPGA design flow.

The target clock frequency chosen was 250 MHz, the motivation for thésdriven by the fol-
lowing throughput calculations. Firstly, an assumption was made that a minimedfaze should
be 24x24 (meaning the top layer of the image pyramid is skipped) and the inpyg/inzane size
is CIF-sized (352x288). Inspecting all locations in the subsequent imwagenid (assuming a
subsampling factor of 1.2), requires 174,@01x 20 pixel block sized ANN classifications (see
Eqgn 6.2). Using the assumption that real-time video performance would ee2iframes per
second, this means 4,351,025 ANN classifications per seconds. Tieerdi® time budget for a
single ANN evaluation is approximately 230 ns. As the ANN processing time is daedrby
the multiply accumulate operation, it is reasonable to conclude that the clapkefiey will be
proportional to the maximum number of connections in the trained topologyhwtgeds pro-
cessing within the time budget of 230ns. The largest trained topology int&@hé&pequired 411
connections and the proposed architecture allows 8 multiply accumulatelplercgcle (under
best case conditions). Therefore the minimum clock frequency to allowinea video perfor-
mance without skipping locations (e.g. via skin detection et(%ﬁ%/% = 4.47ns. Allowing a
10% margin of safety (e.g. to allow pipeline stalling if the output of a neurongsired during
the clock cycle in which it is being updated) the clock period used was 4adreguency of 250

MHz. To process ensembles of NEAT based classifiers within the same tiind,geis simply a
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matter of creating multiple instantiations of the proposed architecture.

(293 — 20) x (240 — 20)
(244 — 20) x (200 — 20)
(204 — 20) x (166 — 20)
(170 — 20) x (138 — 20)
(141 — 20) x (115 — 20)
(141 — 20) x (115 — 20)
(117 — 20) x (95 — 20)
(97 — 20) x (79 — 20)
(80 — 20) x (65 — 20)
(66 — 20) x (54 — 20)
(55 — 20) x (45 — 20)
(45 — 20) x (37 — 20)
(37 — 20) x (30 — 20)

(30 — 20) x (25 — 20)

60060 - Layer 2 of image pyramid
40320 - Layer 3 of image pyramid
26864 - Layer 4 of image pyramid
17700 - Layer 5 of image pyramid
11495 - Layer 6 of image pyramid
11495 - Layer 7 of image pyramid
7275 - Layer 8 of image pyramid
4543 - Layer 9 of image pyramid
2700 - Layer 10 of image pyramid
1564 - Layer 11 of image pyramid
875 - Layer 12 of image pyramid
425 - Layer 13 of image pyramid
170 - Layer 14 of image pyramid

50 - Layer 15 of image pyramid

174,041 Total candidate face locations (6.2)

Using a clock frequency of 250MHz, the synthesis of the proposeutacture (excluding

SRAM memories) gave a gate count of 79,607 gates. For purpose of deorpwith prior art,

the design was also targeted to a Xilinx Virtex-2 FPGA. Using the Xilinx ISE 8skteflow, the

design required 1,650 slices and had a maximum clock frequency of 47Méizever, it should

be noted, that no FPGA optimisations were made to the RTL code nor were-ttieépomultiplier

resources used. Therefore the FPGA slice count offers conbldeseope for optimisation.

Using the ASIC design flow, the power consumption was estimated at 12m\ttid-@ference

trained topology with 411 connections and 17 neurons the processingaed? clock cycles,

resulting in 3.6nj of energy dissipation. It was shown in Chapter 5, thaftaare implementation

of the algorithm required 662,260 clock cycles on an 120MHz ARM92®Egssor. This figure

did include the overhead of the NEAT software library, therefore f@ief comparison between
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a mobile device software implementation and the proposed hardware ara@fectinumber of
clock cycles required on the ARM 920T processor for the individual multggumulates and
activation functions is used instead. Using the reference topology @Hitections & 17 neurons)

this results in the following best case (i.e. control overhead is ignorélyaae energy dissipation:

(411 x 4p8) X 41mW + (17 x 45u5) x 49mW = 104.891; (6.3)

This figure cannot be compared directly with the energy dissipation of tiasviase architec-
ture due to the differing clock frequency rates (120MHz in the ARM9206m@msed to 250MHz
in the proposed hardware architecture). Furthermore, as diffenpplysvoltages were used in
the generation of each set of results, this must also be taken into cotisiderhe voltage and
frequency of the proposed hardware architecture are adjustectticatly to match those of the
ARM-920T processor, thus allowing a fairer comparisoBy reducing the clock frequency to
120MHz, the power consumption will decrease by approximately a fact@(sdée Chapter 2 for
further details), but the processing time will also increase by a factor aof Adpusting for the
voltage difference (2.5V on the ARM 920T development board and 1.2¥hfoproposed hard-
ware architecture) the power is increased by a factc(r%@%)2 ~ 4 (see Chapter 2 for further
details). Finally, as both implementations used 90nm semiconductor technotmggspes, there
is no need to compensate for differing semiconductor process sizeefdteethe scaled energy

dissipation of the proposed hardware is:

(2572 ,
3.6nj x <12V) = 15.63nj (6.4)

This means the proposed hardware architectu% = 6,711 times or three orders of
magnitude more energy efficient than a direct implementation of the propg@ittam in soft-
ware on an ARM 920T processor. Whilst it is acknowledged that fudp@misation of the ARM
code could reduce this figure, its reasonable to surmise that the projpashdare architecture
would remain at least two orders of magnitude more energy efficient. Tes of magnitude of
energy efficiency of the dedicated hardware architecture over aaefimplementation is consis-
tent with that reported in similar hardware software energy efficiencghaarking [37]. Over-

all, it is reasonable to conclude that the proposed hardware architectapares very favourable

When using a lower clock frequency and higher voltage the proposeivaiee architecture will meet the revised
timing constraints. The alternative scaling approach of theoretically asiag the clock period and voltage for the
ARM-920T solution will not be guaranteed to meet the timing constraints sisdeh could create an unstable system

177



6.4. RESULTS

against a software implementation in terms of throughput and energy etfjcien

6.4.3 Benchmarking of Proposed Hardware Architecture agaist Prior Art

Comparing the proposed hardware architecture to prior art is challefgingultiple reasons.
Firstly, the author is not aware of any other architecture which specifiattynpts to accelerate
the EANN phenotype calculation. However, as the evolutionary trainingosgssed offline in
software, it is reasonable to compare the proposed hardware arctétpanely against the sig-
nificant amount of prior art in the field of hardware implemented ANNs. H@neeven when
considering only the digital subset of hardware ANN research, dinglsiased comparisons are
difficult. As well as the usual challenges encountered when attempting toazerhprdware de-
signs with different implementation environments and constraints (e.g. togql ABWC/FPGA,
different semiconductor process technology, latency, clock frexyyetc.), ANNs present further
complications due to differing ANN architectures (e.g. topologies, activdtinations, training
algorithms) and vastly differing hardware architectural trade-offs @gtolic arrays, SIMD-like
datapaths, number of PEs, datapath wordlength). Furthermore, duedigetsty of applications
in which ANNs are deployed, an optimum solution is likely to require consider@dsign trade-
offs for a target application. For example, a highly parallel, high throug®NN accelerator
will be of little use on a mobile device if it consumes excessive amounts of poSiemilarly,
a low power, lower throughput ANN accelerator may also be of limited use$slon a mobile
device due to insufficient throughput processing capabilities. As pusljictated, the goal of the
proposed hardware architecture is to offer an energy efficient soltdgro(principally) semantic
object image/video processing applications (in particular face detectiomobiie devices. The
remainder of this section will demonstrate that the design choices made reanlainchitecture
which compares favourably with prior art and offers appropriate tdfiefor the intended mobile
device deployment target .

The proposed hardware architecture will be compared to the prior artrvs tef through-
put, silicon resource usage and where possible energy efficiendy.cdmparsion is evaluated
against the small number of hardware ANNs for face detection, sucle aschitectures proposed
by Theocharides et al, Sadri et al and Smach et al [143] [144][1%& allow a more thorough
comparsion, a selection of generic ANN hardware architectures areisdésbin the benchmark-
ing process [184] [219][220][213][221] [197][222][192B5]. In the literature for benchmarking

purposes, the speed/throughput of a hardware ANN architecturerigently measured using the
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Table 6.3: Benchmarking of Proposed Architecture against Prior Art

) Architecture | Word Implementation | Max. Clock Silicon
Design CPS Power
length Process Frequency Resources
2 PEs 79,607 gates g
Proposed each with 16 90nm ASIC 250 MHz 0.123n?n? 2 x 10° 12mw
4 MACs Xilinx Virtex-2 47 MHz 1,650 slices 376 x 10°
Kondo [184] 12-PESIMD | 24 0.5:m ASIC 50 MHz 97mn? 300 x 10° 4W
Theocharides [143] Fixed logic 8 0.16um ASIC 75.5MHz 30.4mn? n/a 7.35W
Schoenuer [219] SIMD 16 0.35um ASIC 109MHz 100K gates n/a 2.5W
Sadri [144] Fixed logic 9 Xilinx XC2VP20 200MHz 5x10° LUTs n/a n/a
Smach [145] Fixed logic 8 Xilinx XCV1000 52 MHz 12.248x16 slices n/a n/a
Gadea [220] 10-PE SA 16 Xilinx XCV400 100 MHz 3,473 slices 81 x 10° n/a
Wust [213] SIMD 5 Xilinx XC4020E 8 MHz n/a 32 x 10° n/a
Lettnin [221] Fixed logic 20 Xilinx XCV2000E 33 MHz 19,200 slices n/a n/a
Szabo [197] Fixed logic 12 Xilinx XC4000 50 MHz n/a n/a n/a
Popescu [222] Fixed logic 8 Altera Flex10K 27 MHz 744 cells n/a n/a
Amin [192] 12 16 n/a n/a n/a n/a n/a
Denby [185] SA 16 Xilinx XC2Vv8000 120 MHz 70% Utilisation n/a n/a

connections processed per second (CPS) metric and the connectatesipdr second (CUPS)
metric for the recall phase and learning phase respectively. In thegedrchitecture, the CPS
metric is the more appropriate choice to evaluate the proposed design, aslthi®eary training
will lead to a CUPS metric that has the same value as the CPS metric. As shownercIab
the proposed architecture compares favourable with the prior hardmatementations which
quote the CPS metric. For example, the CPS metric gained from the propokédaure is over
6 times greater than the architecture proposed by Kondo et al [184]. Wgthdlifferent clock
frequency, datapath wordlength and semiconductor technology gescase used in both cases.
In this way, both the CPS and CUPS metrics can be a little misleading as they axermatised
across designs. For example, it is obviously easier to process comsetttad use single bit in-
puts/weights, compared to connections using 32-bit inputs/weights, whichavil a far longer
critical timing path. Furthermore, these metrics do not take account of theamwhBEs or clock
frequency. However, fully normalising these metrics for two designs]dwshow little distinction
between the two, since such a normalisation would reduce to a measure pedted a single
multiply accumulate, implemented using the same sized semiconductor processagghibe
best that one can conclude is that the proposed architecture resultsrmughtut appropriate
for image/video processing on a mobile device and compares very félptoaprior art, whilst
acknowledging that a reimplementation of the prior art using similar semicorndigcionology
process would also yield a considerable speed improvement for thdgasles

Ideally to compare the silicon resource usage of the proposed architexaimst prior art,
a technology independent metric such as the total gate count shoulddygpasticularly for an

ASIC implementation. In some instances in the literature, die size is quoted raaheagdte count

179



6.4. RESULTS

and as such for completeness Table 6.3 lists the gate count and silicon dieasiwertd recorded
for the proposed architecture. Using both metrics, the proposed desigpaces favourably to
the selection of digital ASIC solutions shown in Table 6.3. It should be noled.a completely
fair comparison of the die size area from two designs is only possible if the samieonductor
technology process technology is used for both designs. To a first, drds reasonable to nor-
malise these die area figures by the square of the ratio of the channel elatihe to the proposed
design (i.e. this assumes the channel length was scaled by the same ratiobhi$\&italing the
architecture proposed by Kondo et al has a area of 2and the design by Theocharides has
a die size of 9.6mt It should also be noted, that unlike the die size quoted by Kondo et al and
Theocharides et al, the die area quoted of 0.123runthe proposed architecture, does not in-
clude memory. Furthermore, the datapath width is wider in the case of the dgsipmdo et al
and the figure quoted by Theocharides et al contains additional fuatitiofor their face detec-
tion system (e.g. rotation detection). Nevertheless, it is reasonable tuderthat the proposed
design compares favourably in terms of silicon compared to prior art whiatpiemented using
ASIC technology.

For comparison against FPGA implementations, the proposed design was imf@dmsing
a Xilinx Virtex-2 FPGA. In this case the number of slices used by the desigrbeaused for
benchmarking purposes. It should be noted that the exact amouniofiiagis contained within
a slice is known to vary within each Xilinx FPGA product family, nevertheless é reasonable
first order comparison metric. With the exception of Popescu, the prdpdssign is smaller
than the other Xilinx FPGA implementations listed in Table 6.3. Compared to Popesca,
parallelism is exploited in the proposed architecture for higher througdtpaiicost of increased
FPGA resource usage. Again the issue of differing amounts of implemeametdnality may
lead to some distortions of the FPGA resource usage. However, ovésa#tdtsonable to conclude
that the proposed architecture compares very favourably with prior X{R@A implementations,
particularly considering the proposed design was not optimised for a FRP¢Wecture. In light of
multiple FPGA vendors with differing amounts of logic elements contained in a “pvendell”,
a potentially better way of comparing FPGA resource usage is via an ‘aquotvgate count”
generated from each vendors tool flow. Unfortunately, this figure tisjnoted for prior FPGA
hardware ANN implementations.

For the intended image/video processing application on mobile devicesyesfoipncy is

vitally important. Table 6.3 shows that the proposed architecture compayefaveurably against
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Table 6.4: Normalisation of power consumption from related research

Design Recorded Power Power normalised
to 90nm Process
Kondo [184] 4W A7TmW
Theocharides [143] 7.35W 1.55W
Schoenuer [219] 2.5W 79mwW
Proposed Architecture 12mw 12mw

the absolute power consumption estimates quoted in the prior art. Ideallyrfoyges of fair com-
parison, normalising the power figures for differing clock frequerapply voltage and semicon-
ductor technology processes is required. For example, Kinane shbwaieidr low power design
the powerP in a given procesg with a voltage ofl” and a clock frequency gf can be normalised

to a reference proceds, voltageV’ and frequency’ using the following formula [37]:

por (E) 1 (4) 69

However, unlike the situations discussed by Kinane, the proposed dessgan operating fre-
quency equal to the maximum frequency. As there is little slack in the worstticasg path, the
proposed design would inevitably fail timing constraints when using a largeeps technology,
thus making the normalisation in that direction invalid. Scaling the power consumggionates
from the prior art to the 90nm process used in the proposed architéstigasible and is shown
in Table 6.4. It should be noted that the clock frequency has not bededsiop match the clock
frequency of the proposed architecture, as this is likely to cause timing gatsis a real design.
Whilst it is difficult to make completely fair comparisons due to differing datapairdlengths,

clock frequency and exact amount of logic implemented, it is reasonabtstducie that the pro-
posed design compares favourable to the prior art in terms of powenoptisn. Ideally, energy
efficiency should also be compared. As well as allowing estimates of batteryitliivould be

beneficial in terms of fairer benchmarking, as the final energy figurdduzaturally take account
of the levels of parallelism exploited in the design (i.e. this would be reflecteceimxbcution

time). Unfortunately, none of the related research in the literature quotegyeestimates.

6.5 Future Work

The proposed EANN hardware architecture could be improved in a nuohipeys. An obvious

improvement is to share a single activation function generator betweerP&adh this way the
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overall silicon area could be reduced. In the situations where multiple REg@eaccess to the
activation function generator logic, arbitration logic would be required tid#gewhich PE should
have access. Datapath stalling would most likely be necessary and the afipésin terms of the
throughput would require characterisation for different sized topetoglt would also be worth
further investigating the reduced floating point and stochastic digital dptasentation formats.
It may be possible to trade off an acceptable level of precision for extlacea and/or power.
To improve the throughput, the obvious solution is to increase the numbersofHRivever, the
challenge with this approach is how to retrieve the data from bandwidth limited menooeder

to maximise the processing potential of a high speed highly parallel datapatbutitie need
for excessively expensive memories and to do so in a power efficientenafhis is an open
research problem which would require exploration of alternative micthigctures. As part of
this investigation, the cache module also warrants further investigation tinyar the effects of

different caches sizes, architectures when using different sizedltioypologies.

6.6 Summary of Contributions

The computational complexity associated with ANN/EANN processing for multimeidica-
tions on mobile devices is highly undesirable from a throughput and pawnstucnption perspec-
tive. This chapter has presented a viable hardware architecture terate¢his processing, whilst
also improving the energy efficiency compared to a software only implementdiistly in this
chapter an overview of related hardware architectures for ANNs wesepted. This included a
discussion of activation function implementations and the available optionsdarvérall data
representation within a dedicated ANN architecture. In addition, the issuemietered when
using a systolic array for ANNs with sparse topologies were elaboratedietdiled description
of the proposed hardware architecture was then given. The arcih@estilexible enough to pro-
cess any ANN topology, whilst still providing a good trade off betweemeay, area, power and
throughput. The architecture contains a novel activation function gwrescheme which was
optimised with a genetic algorithm. This scheme was subsequently shown in tifts sextion
to be an improvement upon related research. Efforts were made to famlgare the proposed
architecture against the prior art in terms of speed, area and powalst s is a difficult and
challenging task due to the diversity of the related research, the pobpodgtecture was shown

to compare favourable. Furthermore, the proposed architecture wamdtated to be consider-
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ably more energy efficient than a software only implementation on an ARMA@gsor. Finally

a number of possible avenues of future research were outlined.
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CHAPTER [

Binary Motion Estimation Hardware Accelerator

In previous chapters, an EANN based face detection algorithm andiatesbhardware acceler-
ator were described. One obvious way of using such a face detectjomestation mask is to
encode that region with a higher bitrate or to improve the error robustiwbdst this is very
useful in itself, if the output of the processing is considered more braadlgrms of a seman-
tic video object, it has the potential to facilitate a wider range of applications. ekample,
Chapter 1 highlighted that a semantic video object framework has the potentdbw novel
applications throughout all phases of visual data processing, i.e vidatian, storage, intelligent
viewing/searching and transmission. As previously discussed in Chgp?E2G-4 provides an
object based framework for many of these applications already, in additiproviding a base
on which to facilitate the development of novel video object based applicatione of the key
aspects of MPEG-4 object based video coding (or indeed any futjeetdiased framework), is
the separate processing of the video object shape information. Fromtan® perspective, it
was shown by Tseng et al that over 90% of the total resources rddar®PEG-4 binary shape
coding is consumed by binary motion estimation [45]. Although this task relates twothpres-
sion of the binary shape object, it is reasonable to conclude that sucly binéion estimation for
shape could also be useful/required for other novel semantic videct tdips/applications (e.g.
shape tracking, automatic temporal upsampling of binary alpha plane et@)cdsequence, the
author believes that binary motion estimation is a vital reusable tool in a semargi eiject

processing “toolkit”, and as such requires efficient implementation foutfirput and power con-
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sumption reasons. The goal of this chapter is to address this need sp@@ novel hardware
architecture for binary motion estimation. Firstly, a thorough review of hardwarchitectures for
motion estimation is presented in Section 7.1, the proposed architecture is Hueibbele in Sec-
tion 7.2 with associated implementation results outlined in Section 7.3. A discusspmtantial
avenues for future work is given in Section 7.4 and finally conclusioagpegsented in Section

7.5.

7.1 State of the Art Review

Motion estimation is acknowledged as the most computationally demanding task witlleimn v
codecs. Depending on the codec configuration, motion estimation can tusehel0% to 80%
of the total resources required for the encoder. For this reason gdsiéntly implemented in
hardware, particularly on computational constrained platforms. A geharaware architecture
for motion estimation (similar to that suggested by Kuhn [32]) is shown in Fig.Ladal memory
for the current macroblock and reference search window are usestitice the activity on the
main system bus and minimise the number of accesses to the main memory. When irtipgmen
a hardware architecture for motion estimation the principal design spas&leaations involve
throughput, regularity, hardware efficiency, power consumption, H@dividth and the quality
of the prediction residual. In the past, with larger semiconductor techngdompess sizes the
number of 1/O pins was also a concern due to the likelihood of a motion estimatiertaiong
up the full die and the die itself was likely to have strict pad constraints. Fomthst part with
modern deep submicron technologies this could be considered to be nodorigsue, particularly
as a motion estimation core is likely to be just a single element within a larger Systean on
Chip (SoC) design. Hardware implementations of the block matching algorithengrancipally
focused on systolic array architectures as this maximally exploits the fuirsaégorithm, which
is attractive from a hardware implementation perspective because ofjthlardata flow and the
low control overhead. As a result, many hardware implementations useiroeasional (1-D)
and two dimensional (2-D) systolic array architectures.

An early research effort by Yang et al used a 1-D systolic arraiii@cture [223]. This
architecture uses 16 PEs and on each clock cycle, one pixel frommtemthlock and two pixels
from the reference block are retrieved from memory. The pixel fronttheent block propagates

through the design whilst the reference pixel is broadcast to eachifeEsetond reference pixel is
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Figure 7.1: Generic hardware architecture for motion estimation

required when one or more PEs are operating on a different row dépikéter 16 clock cycles the
systolic array is filled and the first block match is produced after 256 clpcles. A block match
is then generated every clock cycle for the subsequent 15 clock cyetesa—7/ + 8 vertical
search window this process repeats 16 times in total. Thus this architecheratses a motion
vector every 4111 clock cyclesd x 256 + 15). In the same era, Komaek and Pirch presented
several architectures for 1-D and 2-D systolic array implementations foomestimation [224].
Although the 1/0 bandwidth for the 1-D architecture proposed by KomaekRarsch is higher
than that of the 1-D proposed by Yang et al. An input pin efficient 2-8dic array architecture
was proposed by Hsieh and Lin [225]. This architecture uses 3 pipefiges the first of which
is the systolic array combined with shift registers, followed by a paralletaddd finally a “best
match” selection unit. Chan and Panchanathan made a slight improvement archtitiscture by
removing the need for the parallel adder [226]. Jehng et al devisee dased architecture [227],
which whilst giving 100% PE efficiency has lower throughput than theitacture proposed by
Hsieh and Lin, although the architecture has the benefit that it is reusaliteefthree step search
strategy.

It is worth noting that hardware architectures for fast heuristic sestreltegies are possible

186



7.1. STATE OF THE ART REVIEW

but introduce additional control logic for the address generation uditeay reduce the efficiency
of the PEs. Additionally, a reduction in the PSNR of the resultant motion comigehsessidual is
to be expected as with any fast search strategy. Swamy et al implementetharfearchitecture
for 1D hierarchical search strategy [228]. This architecture is aqupiately one fifth the size of a
conventional 2-D systolic array but achieves marginally faster prowegs a range of sequences.
Nakayama et al use a fast scene adaptive search strategy along aptivadhresholds and pixel
guantisation to the upper four bits of each pixel [229]. They claim a [ng time and power
reduction of approximately 90% relative to a conventional 1-D systoligyapproach. Huang et
al proposed a parallel global elimination architecture, having compareddessing time to a 2-D
systolic array but an area of less than a 1-D systolic array archite @80 [

Although general purpose processors have vastly increased cdiopakdhroughput since
the first hardware architectures for motion estimation were proposednegly in the underlying
motion estimation algorithms to reduce the energy in the motion compensated precistdral
have increased the overall computational cost. Techniques sucheasriated motion estimation,
variable block size motion estimation, subpel-motion estimation and multiple refefiremoes
have all contributed to this higher computational cost. This means that debiatgware archi-
tectures for motion estimation remain a highly active research area. Reseatch has extended
the classical 1-D and 2-D systolic array architectures to handle varibdak izes. Yap and Mc-
Canny modified the classical 1-D systolic array full search architectugerierate all 41 combi-
nations of motion vectors in a H.284 x 16 macroblock [231]. In the architecture the SAD value
for each4 x 4 subblock is combined in a merging circuit to generate SAD values for alilgess
block configurations. Variants of the 2-D systolic array architecturesso proposed for H.264
by many including Kao et al and Deng et al [232][233]. Architectumgs/airiable block size fast
search strategies have also been proposed. Wei et al presentedberraf architectures capable
of handling three step search, four step search, logarithmic 2-D saiadde full search strategy
[234][235][236]. To reduce the energy in the prediction residudirRan and Badawy proposed
a quarter-pel full search systolic array architecture [33]. This efgg# processing units, where
each processing unit is 1-D 16 PE systolic array.

An another important consideration for dedicated hardware architedsithe vast quantity
of pixels required by the block matching algorithm, as such memory architectemrisonly
investigated for hardware implementations. Lai and Chen proposed a tatadimg technique to

exploit overlapped search area for a 2-D systolic array architec3ig.[ The approach reduces
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the number of external memory access as well as potentially improving thdi€iErefy. Tuan et
al also examined memory issues, analysing the redundancies inhereiféiardifull search sys-
tolic array architectures caused by retrieving the same pixel multiple times. [R88& memory
organisation within the context of H.264 was addressed by Song et@l [23

With the emergence of mobile multimedia, energy efficiency has come to thedioteff
design space considerations for development of battery powered mobite.dés motion esti-
mation is the most computationally demanding function in a modern video codecpisigrprise
that low power architectures for motion estimation have been proposed tesadtie need for
improved energy efficiency. At a high level of abstraction, power minimisagchniques for the
motion estimation block matching algorithm can be considered to reduce switdtivityan the
search strategy and/or the block matching. Reducing the number of geants in the search
strategy is a common technique employed in software implementations to improvegrtbcmu
but it could also be considered to reduce power consumption. The dis@de of this approach
is that it is widely acknowledged to reduce the quality of the prediction reSif82]. This means
reduced video quality for a given fixed bitrate or a higher bit rate for singjiality. A higher
bitrate will create additional switching activity throughout the codec and in bilmweideo tele-
phony application scenario will cause extra switching in the wireless RFitriran the mobile
device. An alternative approach, that is some times known as a faststixieasearch or SAD
summation truncation [32], uses all positions defined in the full search gjrdiat where pos-
sible terminates the calculation of block matches early, thus saving procegsieg and power
consumption. This early termination condition is if the partial $Ad@cumulated for the block
match is larger than the minimum SAD found so far within the search window. dédmon it is
possible to terminate processing early with this condition is that further wincesill only make
the SAD result larger and thus the final SAD result will also be greaterttiaminimum SAD.
A result larger than the minimum SAD is of no use since the motion vectors will bsechon the
basis of the block with a minimum SAD value.

Early termination of block matching is frequently used in software implementatiotgca
date in a relatively small number of hardware implementations [240][242][243][244]. In
dedicated hardware, Do and Yun highlighted that provided that the toshgouting whether the

minimum SAD has been exceeded is negligible compared to the full SAD calcylabosid-

LA motion compensated prediction residual found using a reduced mahsearch positions has a high probability
of having greater energy than if the prediction residual was found @sfati search strategy

2The techniques applies equally well to other distortion metrics including meswiuge difference, mean square
error etc.
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erable power savings are possible. Do and Yun proposed a modificatéo2-fd systolic array
architecture that uses a preliminary conservative SAD estimate prior to ttierblatch. This con-
servative SAD estimate is always less than the true SAD value, which meaescbtiservative
SAD estimate is greater than the minimum SAD found so far, computations for rieirreer
of the block match can be halted. Due to the systolic array architecture, it \gaide to skip
to the next block match and reduce the number of processing clock cgsleking so would
cause excessive disruption to the data flow within the systolic array. theless by gating off
the absolute difference when the minimum SAD is exceeded Do and Yurtedpmywer savings
of approximately 50%. Lam and Tsui also proposed a 2-D systolic arithyearly termination
of the SAD processing, though the granularity of termination is not as finesreported power
savings are less at 30% to 40% [242]. Sousa and Roma proposed alewlpear systolic array
architecture, in which the processing is disabled (via blocking registers) durrently calculated
SAD exceeds the minimum SAD [241]. The check for the disabling conditioarigex! out at
the end of each line. As this architecture is a linear systolic array, the eeciock frequency
is obviously higher than that required by the 2-D systolic array as pempbg Do and Yun, but
the silicon area is also smaller. Sousa and Roma also report power sa@pgrokimately 50%.
Takahashi et al proposed a 1-D systolic array with eight PEs in comjunwith early SAD termi-
nation [244]. When all eight PEs terminate processing early, the systodig isrcleared and new
block matches commence. This architecture is reported to make 45% to 51%ssavipower
consumption. Richmond and Ha uses the early termination technique with adfastdp search
strategy [243]. Similar to other architectures discussed, if the minimum SARéeeed during a
block match the inputs to the PE are gated off. The early termination coupled witaghsearch
resulted in power saving of 75% to 85% compared to a conventional fultls¢dnough it is not
clear whether this related to a 1-D or 2-D systolic array) . However, dtieetéast search there
was an associated reduction of the PSNR of the motion compensated rdsicadr 0.5dB in
high motion sequences. Lopez et al adapted an early SAD termination &t@isarray architec-
ture for H.264 variable block motion estimation [245]. However, the scopeddy termination
is reduced due to the need for different configurations of block sikks.silicon resources also

increased by a factor of 2.5 and the maximum clock frequency reducapdrgximately 30%.
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7.1.1 Binary Motion Estimation

Another method of reducing the computational cost associated with the bldckingalgorithm
is to minimise the complexity of the matching criteria using pixel quantisation technitflaasy of
these techniques manipulate the pixels into a binary form so that simple XOR logieglace the
absolute difference between pixels. Whilst this may initially only seem like a siigldkification,
because the matching criteria is the inner most loop of deeply nested loopshilm¢kanatching
algorithm, such a modification can dramatically reduce the computational costucAstsgany
different approaches for binary block matching have been propoBeid prior research can be
broadly categorised as either bit-plane matching based motion estimation or thpaopatar fully
binary quantised pixel based motion estimation.

Ko et al proposed a bit plane matching approach, in which each bit of g@ael is treated
independently from the other bits of the pixel [246]. In this way the absdlifterence can be
calculated using only an XOR between the bits of each bit plane. To improyetf@mance Ko
et al use a correlation index to combine the results from each bit planet &akso suggested
a 2D systolic array hardware architecture to implement this scheme. Celalbalsb proposed
a hardware architecture for bit plane matching [247]. In addition, Celebdl add redundancy to
each pixel via a pre-coding stage in order to improve the quality of the motiionge

An alternative approach to bit-plane matching, which can reduce the cotiopaiacost even
further, is to fully quantise each pixel to a binary value prior to motion estimatfidre block
matching then uses a single bit XOR to evaluate the absolute difference hepixets. This
method does requires a pre-processing filter to reduce the eight bitvaiked to a single bit
binary representation. Nevertheless the savings can be substantiad,observed by Mizuki et
al, that even after including the binary filtering-stage, the overall silicea aras reduced by a
factor of more than five compared to motion estimation using the same full seeatdyyg with 8-
bit resolution pixels [248]. Mizuki et al used an edge filter to generatbitiery pixels. Natarajan
proposed a 1-D systolic array architecture using binary quantised p249%. The architecture
uses 16 PEs, with each PE operating on 16 1-bit pixels. Once the pixebwale XOR’ed, a LUT
is used to generate the summation. Using this architecture along wighsgarch window, a full
search strategy and a block sizel6fx 16, one set of motion vectors is generated every 271 clock
cycles. This compares to in excess of 4000 clock cycles for a convah8duit pixel 1-D systolic
array architecture such as that proposed by Yang et al [223]. Aletktdew of the processing

element is shown in Fig. 7.2. Natajaran et al generated the binary pixelssviativolution of a
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Figure 7.2: Systolic array architecture and PE proposed by Natajagh €]

17 x 17 multi-bandpass kernel with the original pixel data.

Binary motion estimation schemes can be used with any search strategy.fiwarsdmple-
mentation by Feng et al, initial searching is seeded using a local contes\abpsly generated
motion vectors [250]. The local context of motion vectors are also cordpat@reshold values to
dynamically alter the search window size. This adaptiveness is used in #rg biotion estima-
tion phase, which discounts bad matches prior to an 8-bit resolution futllsstrategy. In another
software implementation, Wong et al couples binary motion estimation with an eel&pt step
search strategy, and an optional full search refinement stage [Z6&]binary filtering used by

Wong et al is the same as that proposed by Natajaran et al. Song epabkedoa hierarchical
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binary motion estimation scheme [252]. In this scheme the pixels in the lowes{(ia&yeamallest
resolution) in the hierarchical pyramid are in 8-bit format, whilst the pixelsérémaining layers

are in binary format. Luo et al also proposed a hierarchical binary mestimation algorithm,

but removed the requirement for the pixels in the lowest layer to have &dwtution [253]. A

full search with at-3 search window is firstly conducted at the lowest layer. The best cardida
from this search is compared to five other spatio-temporal candidatedeEhenatch from these

six candidates is used to seed the starting location at the next layer. At thaniirfinal layer a
refinement search witl2 search window is conducted around the location of the best match from
the second layer. .

In prior research that applies binary motion estimation to 8-bit texture pixelshrofithe
innovation occurs in the quantisation of the pixels to the binary value, as thisistba quality of
the motion compensated result. For example, a good binary quantisation filteatsty captures
both local detail and edge information, allowing the binary motion estimation picaSed a
motion vector which will give a close approximation to the optimum motion vectonsdaising
full resolution pixels. Within the context of binary motion estimation for MPEGiraby shape
coding, the binary quantisation of pixels is not necessary as the alpHa girealready binary in
nature. Binary motion estimation research for MPEG-4 shape coding maspatly focused on
fast heuristic search strategies. Yu et al. outline a software implementatiorofemn estimation
for shape, which uses a number of intermediate thresholds in a heuristib sé@tegy to reduce
the computational complexity [254]. The author does not consider thisoapiprviable for a
hardware implementation, owing to the irregular memory addressing, in additiprowding
limited scope for exploiting parallelism. Using a shape boundary mask can alsmployed
in a preprocessing manner to reduce the number of search positiof2E8H5 However the
generation of the boundary mask by Panusopone et al. may be codsiddre computational
intensive owing to the block loop process [255]. Tsai et al. use a méoeeet approach for
generating the boundary mask [256]. Furthermore, Tsai et al. usistiesuto further reduce the
search positions and additionally discuss a possible hardware archéteChaing et al. use a 1D
systolic array architecture coupled with a full search strategy for theriM@ation Estimation
(BME) implementation [257]. Improving memory access performance is a comptonisation
in MPEG-4 binary shape encoders [258][259]. Lee et al. suggast &ngth coding scheme to
minimise on-chip data transfer and reduce memory requirements, howevemnthength codes

still need to be decoded prior to BME [259]. The proposed solution, wisictescribed in the
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subsequent section, leverages early SAD operation termination and atteraptéd unnecessary
operations by exploiting redundancies in the binary shape information. i§mscontrast to a
systolic array approach, where unnecessary calculations areidablodue to the data flow in
the systolic structure. Unlike the approach of Tsai et al., the proposedagh uses an exhaustive

search to guarantee finding the best block match within the search rdtje [2

7.2 Proposed Binary Motion Estimation Architecture

In this thesis, motion estimation is considered to follow object segmentation. hviotloen that
the input pixels to the motion estimation block are in binary form. With this assumption this
research attempts to reduce the power consumption of motion estimation usingchmtes
which will not jeopardise the quality of the prediction residual. The firstnegpine employed is
early SAD termination, which was described in Section 7.1. This uses all psiEfined in the
full search strategy, but terminates processing when the minimum SAD isdeatethus saving
processing cycles and power consumption. The challenge with implementipgezeination in
conventional systolic array hardware architectures is that to attempt to firesessing early for
one block match in one PE and subsequently load the next block match woskltca much dis-
ruption to the overall data flow. Whilst the author accepts that systolicaaffgr many attractive
features, this research explores whether alternative architecturdd make it possible to save
power consumption elsewhere. In the proposed architecture (which &ysiolic array based),
to exploit the potential of early termination during each block match the partiél S&fAculated
to date is subtracted from a register, which is initially loaded with the minimum SADewi+
culated at that point. If a sign change occurs during the de-accumulatipnteere is no need
to continue further processing since the current minimum SAD has alresady dxceeded. This
method reduces the number of calculations to find the motion vectors by diswpbad matches
early on, and thus power is saved. This process is inherently serial,isgptove throughput,
pixels in the block match are repartitioned to allow parallelism to be exploited. étamtire, the
pixels are repartitioned in such a manner so as to increase the probabiliéyl treallel PEs will
terminate at the same point. The features used to achieve this in the propdsiéecture are
described in detail later in Section 7.2.2.

In previous binary motion estimation research, no attempts have been madarisephe

SAD PE datapath. However, the unique characteristics of the SAD calcufatidbinary data

193



7.2. PROPOSED BINARY MOTION ESTIMATION ARCHITECTURE

mean further redundancies can be exploited to reduce datapath switctivity.a From Eqn.

7.1 it is clear that there are unnecessary memory accesses and ogendtem bothS..,. and

B,.s pixels have the same value, since the XOR will give a zero result. As sucbetiuand
algorithmic-level power minimisation technique proposed in this thesis is basegtwiting these
redundancies. To achieve this, a scheme is proposed which reformukaiasntrentional binary
SAD equation into a format which is amenable for a pixel addressing schémcl winimises
these redundancies. This is described in detail in the next section.

Z:M]:N

SAD (BcuryBref Z Z Bcur Z .7 ®Bref (Z ]) (7'1)
=1 j5=1

7.2.1 Reformulation of the Binary SAD Metric

The conventional equation for calculating the binary SAD is given in Eqn.Thk first step in

reformulating this equation is to observe the following properties from Fig. 7.3
TOTALcyr iy = COMMON + UNIQUE . pix (7.2)
TOTALreffblk =COMMON + UNIQUETeffblk (7.3)
where

e TOTAL.. i is the total number of white pixels in the current macroblock

o TOTAL,s w1 is the total number of white pixels in the reference macroblock.

COMMON is the number of white pixels that are common in both the reference mac-

roblock and the current macroblock

UNIQU E., 1. 1S the number of white pixels in the current macroblock but not in the

reference macroblock.

UNIQUE,.y yy is the number of white pixels in the reference block but not in the current

macroblock.

Itis also clear from Fig. 7.3, that because the pixels are in binary forngAlevalue between

the current and reference macroblock can be represented as:

SAD = UNIQUEcyr pit + UNIQUE,c 5 i, (7.4)
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Reference block Current block
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Colour-coded reference block I Colour-coded current block
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I
I
I
I
I
I

[ common

[] = UNIQUE,,,

[ =uNIQUE,,
DN =TOTAL ;.
B + [ =ToTAL,,

Figure 7.3: SAD Reformulation
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Using the identifies in Egn. 7.2 and Eqn. 7.3, it follows that:

UNIQUE, ¢ty = TOT ALyes pix — (TOT ALcyyr pie — UNIQU E ¢y bir) (7.5)

Substituting Equation 7.5 into Equation 7.4, gives the following:

SAD = TOTALTeffblk —TOTALcyr bt +2 X UNIQUE iy ik (7.6)

To intuitively understand Eqn. 7.6;OTAL,cf pi. — TOT ALcyr 111 Can be considered to
be a conservative estimate of the SAD value, whillst UNIQU E.. . iS an adjustment to
the conservative SAD estimate to give the correct final SAD result. Tolaidycthree different
macroblock scenarios are shown in Fig 7.4, in each case the calculatioe &AD value is

generated using Eqn. 7.6. The reason Eqn. 7.6 is beneficial is because
e TOTAL.,, w1 is calculated only once per search window
e Itis possible to updat€OT AL,.s ys in 1 clock cycle (see Section 7.2.1.1 for more details).

o If TOTAL¢yr v, = 0, the SAD value isSTOT AL,.s 3, and is calculated in a minimal

number of clock cycles.

e Similarly if TOT' AL, ¢y, = 0, the SAD value isTOT AL, v, and is calculated in a

minimal number of clock cycles.

o If TOT AL,y w1 = 255 all the white pixels in the current block will overlap with all the
white pixels in the reference block. This medn8 IQU E..., yii. IS zero, which allows the

SAD to be calculated in a minimal number of clock cycles.

e Incremental addition o0V NIQU E..., pii. @llows early termination if the current minimum

SAD is exceeded
e The use o/ NIQU E. yi;. €liminates unnecessary memory accesses and operations.

For practical implementation purposes, itis not possible to koW QU E...., pii. in EQn. 7.6
in advance of a block match. By definitiehNIQU E..,, y1 IS the summation of the white pixels
in the current block where the collocated pixel in the reference blocklaci pixel. Fortunately, it
is possible to process only the white pixels in the current macroblock, wredhen incrementally

XORed with the pixel in the collocated position in the reference macroblockhathien finally
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Reference macroblock Current macroblock

SAD
UNIQUE,,
SAD

;OTALveLbIk - TOTAL ;i + ZUNIQUE ,

TOTALveLbIk - TOTAL cur_blk

(a) Example 1

Reference macroblock Current macroblock

SAD TOTAL TOTAL + 2*UNIQUE

= ref_blk ~ cur_blk cur_blk
UNIQUE,, = TOTAL gy e - TOTAL 1 i
UNIQUE /= 0
SAD = TOTAL oy - TOTAL gy + 2*(TOTAL g, - TOTAL (o )
SAD = TOTAL oy - TOTAL "y + 2TOTAL 0 - 2#TOTAL
SAD = TOTAL - TOTAL o1\

(b) Example 2

Reference macroblock Current macroblock

SAD = TOTAL  y - TOTAL,  +2*UNIQUE
UNIQUE_, . = TOTAL 4

SAD = TOTAL Mimk - TOTAL o, e + 25(TOTAL )

SAD = TOTAL ., *+ TOTAL -

(c) Example 3

Figure 7.4: Reformulated binary SAD Examples
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Location of white Pixels Given by:

RL1(48,1)
RL2(15,3)
RL3(13,4)
RL4(12,5)
RL5(11,32)
RL6(112,0)

The summation of the run length pairs equals 256

Figure 7.5: Example of Run Length Coding

give UNIQUE,., wi- This minimise$ access to irrelevant data and reduces switching activity.
To access only the white pixels in the current macroblock, the author pesphat the pixels
undergorun length coding Each run length code consists of two elementspfésetand arun.
The offset represents the number of pixels until the next pixel of irt¢vésch in this case is
white) is encountered. Whilst the run element is the number of consecitiis pf interest. A
further point worth noting is that in & x M macroblock, the summation of the offset and run
components equal®’ x M. As will be described in Section 7.2.1.1, this property is exploited
in generating an alternative mode for the calculation of the binary SAD. Aamele run length
encoding of a arbitrary macroblock is shown in Figure 7.5. In this casertheln length code for

is: RL1 = (48,1), meaning there are 48 black pixels before a white pixel is enaednt€he value

of one means that there is only one white pixel in this “group”. In the preg@schitecture the
run length codes are generated in parallel with the first match of the s#tepcht is possible to do
this because no minimum SAD exists for the initial block, causing an arbitrargy healue to be
loaded into the SAD de-accumulation register, which makes early terminatiohp&cessing
impossible. As the first match always tak€s< N (whereN is the block size) cycles to complete,
this provides amble time for the run length encoding process to operate Ilrepaéer the RLC

encoding, the logic can be powered down or clock gated until the nesdrduslock is processed.

3If the reference pixel is white a redundant operation will still occur
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Location of white Pixels Given by:

RL1(1,1)
RL2(15,3)
RL3(13,4)
RL4(12,5)
RL5(11,32)
RL6(160,0)

Location of Black Pixels Given by:
RLO(0,1)

RL1(1,15)

RL3(3,13)

RL4(4,12)

RL5(5,11)

RL6(32,160)

Figure 7.6: Regular and Inverse RLC pixel addressing

7.2.1.1 Using inverse run length codes

The discussion involving Eqn. 7.6 has so far focused on the incremeldtitiba of theU NIQU E..,; pix
SAD adjustment factor. However, by using a different combination of EGnEqgn. 7.3 & Eqn
7.4, the SAD calculation can be expressed in termSSI QU E, . ¢ yi;.-

SAD = TOTAL ., b1 — TOTALreffblk + 2 X UNIQUETefJ,lk (77)

This is shown in Eqn. 7.7. The reason this is beneficial will be explainedighafter firstly
examining the properties 6f NIQU E,..y yi3,- To generaté/ NIQU E,.. yi; it is not practical to
run length encode the reference macroblock in a similar manner to the wayg @asaed out for
the white pixels in the current macroblock in Egn. 7.6. This is because tHength code would
change for each new search position. For example in a linear searchawlesv reference block is
selected, the new position is offset by one row/column from the previausts@osition. Since a
run length code is always relative to a fixed position (i.e. the first pixel ilbkbek), the run length
code for each new reference block would need to be regeneratad.isTiot computationally
attractive for every search position. HoweveNIQU E,..; can also be generated by using the

black pixels in the current macroblock, since a unique white pixels in theerafe block can only
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be “unique” if the collocated pixel in the current block is black. The locatibthe black pixels
can be much more easily derived, by manipulating the run length codes fahite pixels. In
generdt it can be seen in Fig. 7.6 that the “inverse” run length pairs have the pattdraing
offset by one component from the regular run length pairs. For exart@esecond inverse run
length pair isTRL1 = (1,15), the third pair isTRL2 = (3,13) and so on. By reusing the run
length code associated with the white pixels, additional memory is not requicethethermore
the same SAD datapath can be reused with minimal additional logic.

The motivation for using Eqn. 7.7 instead of Eqn. 7.6 is that under certaiditcans it can
reduce the number of operations and memory accesses. This can b#oodiby considering that
in the worst case scenario Eqn. 7.6 requires a maximut i’ A L., »11 incremental additions
of pixels to generate a finINIQU E..,, y1.. Whereas using Eqn. 7.7 the maximum number of
operations isN x N — TOT AL, - Therefore calculating the macroblock SAD value using
Egn. 7.7 rather than Eqn. 7.6 is useful for macroblocks in which theréemrer black pixels
than white pixels. This means the selection of either SAD equation can be dasslgrcbased on
the most significant bit oT'OT AL,y This also means there is minimal modification to the

hardware architecture since the mode can be supported using onlytoaeneXiplexer.

7.2.1.2 TOTALreffblk Update

Similar t0 TOT ALy yk, the initial TOT AL,.; ;. calculation is carried out during the first
block match when no early termination is possible. When a block match SAD is altulated

or terminated early, the address generation unit moves the referendetblacnew position.
Provided a linear search (such as the circular search or the fulhssi@ategies that are shown in
fig. 7.7) isused]'OT AL, w1, can be updated in one clock cycle. This is done by subtracting the
previous row or column (depending on search window movement) frai'AL,.; and adding

the new row or column (see Fig. 7.8). A simple adder tree (such as thanshokig. 7.8)
implements the update within one clock cycle. Alternatively, a carry savetsteucould also be

used.

7.2.2 AXPE Block Matching Architecture

The proposed architecture consists of two stages, a block matching sthgenainimum SAD

update stage, both of which are run in parallel. The update stage is hyltddfa and can be

“The exception is the first inverse run length pair which requires mininditiadal processing
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Search Window

MOPUIM UoIeas

Plot of (0,0) point of the reference block
as it moves through the Search Window
using a CIRCULAR search strategy

(a) Circular Search

Search Window

MOPUIM YoIeas

===y Plot of the (0,0) point of the reference block

(b) Modified Full Search

Figure 7.7: Search strategies
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Search moves one step to the right

-

Old reference macroblock New reference macroblock

TOTAL, y = TOTAL,,, ,, - “Old” Column
TOTAL; y = TOTAL,,; , + “New” Column

TOTAL

ref_blk

Figure 7.8 TOT AL, sy Update
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either powered down or clock gated. In the block matching in order to exgdoiy termination
in the SAD calculation, an intermediate partial SAD must be generated. To gaigréfatest
benefit from early SAD termination requires the SAD calculation to proceedserial manner.
However, such serial processing reduces encoding throughpiat) imot desirable for real time
applications. To increase throughput, parallelism must be exploited. Tevadhis, the proposed
architecture repartitions eadh x 16 macroblock into four smalles x 8 blocks. A dedicated PE
then calculates the SAD for eaghx 8 block. This implies a non-systolic array type architecture,
since data cannot be shared between PEs. With conventional 8-bitnpitieln estimation this
would most likely lead to excessively high memory bandwidth. However dueetm#ture of
the binary data in binary motion estimation for shape coding, there is much tpghtzability of
early termination of SAD processing, which the author proposes will cosgterfor concerns
over memory bandwidth. This will be discussed further in Section 7.3.

At any given clock cycle, the control logic uses the partially accumulateld $flues in each
PE to make a decision on whether early termination of the macroblock SAD dadcLipossible.
The proposed memory repartitioning scheme (used for both the curr@metarence frames) is
shown in Figure 7.9. Rather than use a memory repartitioning scheme thaea drashe four
gquadrants of the macroblock, the proposed scheme results in each REnNgpen what appears
as a subsampled version of the original macroblock. In this way, if eartyit@tion occurs, there
is a high probability it should happen at approximately the same time for eachhekgoal is to
minimise situations in which one or more PEs have terminated early but must waitlecably
longer for the final PE to complete. This is quite likely to occur if memory partitiobiaged on
quadrants is used.

Fig. 7.10 shows a detailed view of the SAD PE. At the first clock cycle the minirSaD
encountered so far for that PE is loaded into IdC'C_REG register. Subsequent processing
decrements from this value, with the control logic monitoring the behavioueditn bit for indi-
cations to allow early termination. Atthe next clock cy@lO©T AL, vy | TOT AL cyr 1y IS SUb-
tracted fromD ACC_REG (depending oN'OT AL .. wix[M SB] is 0 or 1 respectively). At the
subsequent clock cyClEOT AL cyy pii, | TOT AL, ¢ 111, again depending on whethBOT AL, y[M S B]
is 0 or 1 respectively, is added @ACC_REG. If a sign change occurs at this point the min-
imum SAD has already been exceeded and no further processing ieetegif a sign change
has not occurred the address generation unit retrieves the nexingth de from memory. If

TOT AL cyrpix[msb] = 0 the run length pair code is processed unmodified. On the other hand
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ORIGINAL MEMORY
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Figure 7.9: Macroblock repartitioning for 4xPE Architecture
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cur_pixel ref_pixel
|

TOTALcur_blk

local_minsad

TOTALref_blk

prev_dacc_val

pe_ctrl —

cin

dacc_reg Sign
(Used for early
termination decision)

Figure 7.10: RLC SAD Processing Element
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if TOT ALy pix[msb] = 1 the inverse run length code is processed. In either case the run
length code is decoded to give a horizontal and vertical macrobloclessldfhis address is used
to retrieve the relevant pixel from the reference macroblock and therdumacroblock. The
pixel values are XORed and the result is left shifted by one place andstitgracted from the
DACC_REG. If a sign change occurs, early termination is possible. If a sign chatmeEsnot
occur, the remaining pixels in the current run length code are proceEsmuearly SAD termi-
nation signal is still not generated, subsequent run length codegeneddrom memory and the
processing repeats. As the block matching progresses, early terminffiorcessing can occur
at any point. The early termination can be configured to operate in twoedtiffenodes. In the
default mode of exhaustive search, all four PEs must produce jnteamination signal before
the processing in this block match is terminated. In fast mode not all PEs negshéoate an
early termination signal before processing finishes for the currenki@ich. This is because
the control logic assumes that the subsampling process will lead to very similgesnmaeach PE
and so early termination signals will occur shortly afterwards in each ofetmaining PEs. This
is especially useful if extra low power operation is required and the dapéagiisa high degree
of correlation (i.e. low motion). Although it risks reducing the quality of the motientors for
scenes with high motion characteristics.

If the block matching progresses until the point where all pixels in the bloelpeocessed,
the update stage is evoked. This checks if the total SAD from the four HEssishan the total
minimum SAD value encountered from previous block matches. If this is theaaew block
level minimum SAD has been found and the current value is updated. Taeaulpgic consists
of a single adder/subtracter and an accumulator (see Fig. 7.11). SireE tadculation can take
up toT'OT ALy pi/Inversel’OT AL, v + 2 Steps to complete, it is possible to run the update
stage in parallel with a new block match. The update is handled in sequentiaéniarorder to
reduce the hardware area overhead. The update takes at mostK éydies to complete. Further
SAD cancellations can occur in the next match without affecting the perfarenaf the update
logic. If the new block match is cancelled then it would also cancel for theupslated minimum
SAD value. This is because the partial SAD value is already bigger thaddheinimum SAD
so the new minimum SAD will be smaller. The update process firstly accumulat@EtisAD
values in thelrOTAL_DACC_REG. If the summation of the PE level SAD values is negative
a new minimum SAD has not been found and the update logic can be disatitetwe if the

result of this processing is a positive value, a new minimum SAD has beed .fdthe PE level
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BME_PE pe0_dacc
0 Do
— opden ]
BME PE pel_dacc
1T Do
- TJFH 51* prev_mux
BME_PE pe2_dacc
2 Do
upd_en b
BME_PE pe3_dacc
3 Do
~ upd_en *> N
- -
blkO_sad
MAX

total_dacc_reg

blk1l_sad

BLK_SAD_MUX

. MAX
MAX blk2_sad

o

blk3_sad
MAX

A

total_minSAD

Figure 7.11: 4xPE Update logic
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minimum SAD values and total minimum SAD value are then updated. If at any goiittg an
update a SAD cancellation occurs in the new parallel block matchpDthé'C'_REG will need
to be updated with the new minimum PE level SAD value once it is available. Olbyistadling
the block match until the update is available is not desirable. In fact it is ro@tssary to stall the
bock match for this lengthy period, instead when the updated value is avakdiéPE is updated

with the relative difference between the old and new PE minimum SAD value.

7.3 Results

Unlike the constant throughput systolic array approaches, the gingdatency to generate one
set of motion vectors for the proposed architecture is data dependaatwdrst and best case
processing latencies are 65,535 and 3,133 clock cycles respectivlyy.cldck frequency in-
cludes a margin to cover below average early termination. As reported ilorawork by the
author [260], on average a 93% early termination rate is achieved usingnoo test sequences
(see Table 7.1). This figure compares favourable to the early SAD termirtsiaware designs
presented [240][241][244], which typically achieve around 50%uctidn in operations. The im-
provement in the proposed design can be attributed to the subsampling etloé ws length
coded addressing scheme and the nature of the binary data for birzgmy sbding. This early
termination figure is used in the subsequent calculation of metrics for benkingalt should
also be noted that benchmarking is difficult owing to a lack of information inr@rg this in-
cludes binary motion estimation architectures used in MPEG-4 binary shdpgycnd binary
motion estimation architectures used in low complexity approaches for texturemestionation

[256][258][257][248][249].

With 93% average cancellation, for a CIF sized video sequence, a t@taas x (120-23) x
(222 x 28) x 25fps = 45.416 x 10° clock cycles are required for 1 second of video. There-
fore a minimum clock period to achieve this throughput should be 22ns. Tablsummarises
the synthesis results for the proposed architecture. Synthesising the déth Synopsys Design
Compiler targeting TSMC 0.08m TCBN9OLP technology library yields a gate count of 10,117
and a maximum operating frequengy,,.. of 700MHz. The systolic array binary motion esti-
mation architecture proposed by Natarajan et al., is leveraged in the desigrosed by Chang

et al. and Lee et al. Consequently similar cycle counts can be observadtirimplementation

[249][257][258]. The average cycle counts (4588 cycles) forgtaosed architecture is longer
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Table 7.1: RLC BME4xPE versus Conventional Systolic Array BME

Memory Accesses (1 bit pixels) Operations (1 bit XOR & addition
Sequence 1-D SA[249] | BME _4xPE | 1-D SA[249] BME _4xPE
Akiyo 1.5206 x 109 | 4.5298 x 10% || 4.0170 x 107 2.6105 x 10°
Hall Monitor || 1.5206 x 107 | 4.8202 x 108 || 4.0170 x 10° 2.7847 x 108
Foreman 1.5206 x 107 | 4.7137 x 10% | 4.0170 x 107 2.6942 x 108
Average 69.17% reduction 93.29% reduction

than the architecture proposed by Chang et al and Lee et al [28]][ZBis is due to to the ar-
chitectural design decision to trade off throughput for reduced SA®aipns and consequently
reduced power consumption. As a consequence of the longer latea@rattuct of the gate and
clock cycles (PGCC, a commonly used metric) for the proposed architedtlbe inferior to that
of the architecture proposed by Chang et al and Lee et al [257][2&E8vever, the PGCC metric
does not take into account the non-uniform switching in the proposéitecture. For example,
after the first block match the run length encoder associated with each BEaistive, in addition
the linear pixel addressing for the first block match is replaced by the ngiHedecoded pixel
scheme for subsequent block within the search window. The powerrardyetake account of
the non-uniform data-dependant processing, however, benchmatainst prior art using these
metrics is not possible owing to a lack of information in the literature. Overall i@&sonable
to say that the proposed design is comparable to prior art, trading offghpow for lower power

consumption.

Table 7.2: BME Synthesis Results and Benchmarking

. Tech Cycle Count f Power | Energy

Architecture [pm] | Max | Min | Average Gates [MHz] | [mW] [nJ]
Mizuki [248] n/a n/a n/a n/a n/a n/a n/a n/a
Natarajan [249] n/a | 1039 | 1039| 1039 n/a n/a n/a n/a
Tsai [256] n/a n/a n/a n/a n/a n/a n/a n/a
Lee [258] n/a | 1056 | 1056| 1056 n/a n/a n/a n/a
Chang [257] | 0.35 | 1039 | 1039| 1039 9666 40 n/a n/a
Proposed 0.09 | 65535| 3133| 4588 | 10117| 100 1.22 80

7.4 Future Work

This section outlines possible avenues for future work. These possiblevempents principally
focus on reducing the long run time of the proposed architecture anewhbssible reducing the

memory bandwidth.
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7.4.1 16XPE Block-Matching Architecture

The architecture proposed in Section 7.2 uses four parallel procesingents. To improve
throughput it is possible to use 16 processing elements, although thisesethecgranularity of
the early termination and as such fewer redundant operations are ga¥adher consequence
of the 16xPE architecture is that more operations are required for tregaupthge. An additional
16 BLK _BC; registers are required to hold the value of the current minimum SAD for efch
the 16 PEs. Therefore, whilst the PE datapath structure remains identigat, madifications
are required in the update logic for a possible 16xPE architecture. InxtPe drchitecture the
update proceeded in a sequential manner requiring maximally 11 cycles.sifithe structure was
adopted for the 16XPE the minimum update cycle increases to 16 cyclesvétaive block size
has now been reduced #ox 4, meaning that the maximum SAD calculation time is 16 cycles.
Therefore the update logic actually runs for as long as the SAD calculaliomprevent exces-
sive stalling in the datapath, the sequential update could be replaced lganteee structure.
The other major change compared to the 4xPE architecture is that the menwneatss to be
remapped from four blocks of x 8 to sixteen blocks oft x 4. The same pixel subsampling

technique is used and the structure can be seen in Fig. 7.12.

7.4.2 Possible PE improvements

While the datapath and update stages of the BME architecture are arengftite memory re-
quired to store the run length codes and the overhead of generatingeeodirh the run length
codes increase the overall area significantly. If a design is area gentits is far from a desirable
situation and in deep sub micron technologies the additional area will onlg seincrease static
power consumption. The principal reason for the large memory footprthaitsworse case sce-
nario’s must be handled. For example in the 4xPE architecture each B&pes 8x8 sub block
and potentially all 64 pixels could be black or white, thus 7 bits are requiretbtedsthis run
length. At the other extreme, the sub block could consist of a checked padtern of alternat-
ing single black/white pixels. In this scenario the memory must have storageitsafor 32 run
length pairs. As these two situations represent the extreme case a ndorbidais likely to use
considerably less memory. There are a number of possible work artwneduce the memory
requirement. Instead of storing an offset and run length pair, if the coldihe first pixel of the
block is stored along with the transitional points the memory space and aresfeetively be

halved.
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Figure 7.12: Memory Subsampling for 16XPE Architecture
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Another alternative is not to use run length coding at all. In each clodie &8 or 16 binary
pixels could be retrieved from memory. Equation 7.6 could still be appliedetemthe scope for
early termination is reduced and a greater number of redundant operaiilbloccur. The area
is reduced since the RLC memory and the associated encoding & decodingslagt required.
Furthermore the throughput is increased since a single processing el@tneves more than a
single pixel at a time. This approach potentially could be integrated with a syaroéig type
architecture for memory bandwidth improvements, though at a cost ofeddrarly termination
and less scope to exploit redundant operations.

Finally, an alternative approach for updatihg)T,.. ; 11, is to pre-process the frame and store
the number of white pixels for each sub-block. In this way, the first thpegaiions could be
combined in a single clock cycle, which would reduce the processing time %yfé6poor can-
didate block matches. Although, a disadvantage of this approach is thateheyl@af the design

is increased by one frame.

7.5 Summary of Contributions

Binary motion estimation is a fundamental tool for semantic video object shapegsing. Itis
also widely acknowledged that motion estimation is the most computationally demasidaig
in a video codec. Whilst the computational cost of binary motion estimation isledskie to the
reduction of bits per pixel, prior research has shown that binary motignagton consumes over
90% of the total resources required for MPEG-4 shape coding, whieli issthe second most
demanding block in a MPEG-4 object based encoder [45]. It is redt®t@conclude then that
a computationally constrained platform will struggle to meet the necessangthpat and energy
efficiency requirements for binary motion estimation for shape processing provides the mo-
tivation for the dedicated energy efficient hardware architecture thajpnesented in this chapter.
A comprehensive overview of hardware motion estimation architectureproailed in Section
7.1, this has a particular focus on binary motion estimation. A detailed descriftibe proposed
architecture was then given in Section 7.2. Algorithmic level power saviege suggested in the
form of SAD reformulation and early SAD termination. The proposed archite was compared
to the related research in terms of silicon area, throughput and switchimgyaion Section 7.3.
The proposed architecture was shown to be competitive with the prior retgedrch. Finally a

number of possible ways of improving and extending the architecture viscessed in Section
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7.4.
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CHAPTER 8

Conclusions & Future Work

This chapter summarises the research goals of this thesis and discusessitiseachieved in the
previous chapters. In particular, Section 8.1 reviews the motivationsiforatearch, Section 8.2
provides a summary of the key contributions of this thesis and finally, SecBosu8marises the

possible avenues of future research and discusses open regeastbns.

8.1 Motivation for Research — A Summary

There is an overwhelming human desire for untethered communications,tiestentainment
(music, video, pictures, news, information) and improved personal axfdgsional productivity.
These human factors coupled with advances in semiconductor technoldgjgaal processing
have contributed heavily toward the tremendous growth in sales of mobileedevic addition
to their ubiquity, the frequent design and marketing of mobile devices asaispal premium
priced style icons along with device personalisation are clear indicatiormaofibeply ingrained
mobile devices are in today’s society [10][11]. Furthermore, improvingpatational power is
also enabling application convergence (e.g. telephone, SMS, email, \odérencing, Internet
browsing, gaming, digital camera, digital audio/video player, mobile TV, etchese devices
[71[8][9]. Multimedia applications feature strongly on these convergievices. This is not sur-
prising since users are frequently motivated by factors such as a ft@sgeaphically enriched

communications, filling “dead time” by consuming multimedia content or by creating muitame
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content (pictures & video) via spontaneously capturing moments of parsigmificance.

Whilst mobile devices have the potential to offer an engaging multimedia experfenthe
user, numerous technical challenges remain to be solved before mexaten mobile multime-
dia can become a reality. In terms of image and video data, the principal dedleould be
considered to include a need for more advanced processing to bridge-ttedled semantic gap
between pixels and the higher order structural meaning of collections dé pixe was discussed
in Chapter 1 and Chapter 2 by processing pixel data in terms of the semajetitsgtresent in
the image/video, improvements can be made to all applications in the “life-cycieXkeff data.
There is also a need to overcome throughput and battery life issueseshioy the constrained
resources available on mobile devices. This is particularly relevant fonatje/video processing
algorithms, as these are generally considered one of the most computatasrabiynding tasks,
due to elaborate resource intense algorithms coupled with a requireménglichroughput per-
formance, frequently with a real time constraint. Finally, improvements to theesfty and
robustness of wireless delivery of multimedia content are also desiraimevir this is outside
the scope of this thesis.

Unfortunately, the greatest obstacle to widespread adoption of semajetit based process-
ing is the fact that ideal semantic object segmentation is an inherently ill-posklgm. This can
be made tractable by constraining the solution space and focusing oncspppiication scenar-
ios. However, even when the solution space is constrained, semantit séjecentation algo-
rithms are inherently computationally complex. On a mobile device this computatiomglex-
ity increase has the highly undesirable effect of diminishing real time pedioce and increasing
power consumption.

The combination of the outlined issues are unfortunate, particularly as serobject based
processing could be considered an enabling technology for a plethamavef multimedia ap-
plications on mobile devices. This has provided the research motivationi$ah#sis to explore
viable implementation options for specific enabling technologies for semantict glejgmentation
and processing on mobile devices. The segmentation solution proposestatelijp focused on
mid-level semantic objects and in particular the segmentation of the human faderatamental
semantic object of benefit to users of mobile devices. Subsequenspiogef the segmented
object was then considered in order to identify other bottlenecks whickehih@ adoption of
object based frameworks such as MPEG-4. From this analysis, it weduded that motion

estimation for shape is a fundamental task which requires considerableitadiopal resources
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and as such warranted further research. A summary of the reseatdtsrachieved for the face

segmentation/detection and motion estimation is outlined in the following section.

8.2 Summary of Thesis contributions

Chapter 1 gives a broad context for the research work describeis ithésis. This context, which
is summarised in Section 8.1, has the primary theme that although semantic videtbalsied
processing has many undefinable benefits, the principal issues thabenaskkled before it can
become viable on mobile devices are the object segmentation challenge aa$étcpower con-
sumption due to additional algorithmic processing of object based videayddie and objectives
of the thesis are also outlined in Chapter 1, followed by a description of tisésthgucture. A
more technical context for the research work is given in Chapter 2.t#ildd overview of image
and video compression theory is described along with the extensions agcessupport an ob-
ject based paradigm. This section highlighted that MPEG-4 provides a canigdenework for
video object based compression and transport. It is also establishedittiatMPEG-4, binary
motion estimation for shape is the most computationally demanding task requiregptarisob-
ject based compression. Implementation options for image/video procesgimighens are then
discussed and it is concluded that dedicated hardware offers theshigpheughput and best en-
ergy efficiency, but at a cost of reduced flexibility and increasee@ldgment time. The sources
of power consumption are then described along with common power consanmtiimisation
techniques. It is highlighted that the greatest scope for reducing mmmsumption occurs at the
system/algorithmic level, where there is more degrees of freedom to impactdigye=fficiency.
Chapter 3 provided a comprehensive review of face detection algoritfimis. guided the
selection of an appropriate face detection algorithm for this researchlsodjave insights into
possible modifications to improve the characteristics of the chosen algoritiom. tRis review, it
was also concluded that a software only implementation would struggle fetimeaperformance
on a mobile device. This observation was factored into the algorithm sele@msiah, in that
algorithms suited to dedicated hardware offload were deemed to offer aattietive overall
solution with higher throughput and lower power consumption. This lead tefleetion of a novel
algorithm employing an EANN. This approach could be considered to beanvaf the widely
used high performance ANN face detection algorithms but with a GA contrdlfiadearning

phase [84]. The GA offers the potential to find novel non-trivial topmegn the overall topology
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design space. Furthermore, as NEAT (the chosen EANN library) usesienal topology as
the evolutionary search starting point there is scope to find a minimum sizekbdgpor any
given problem, including face detection. Such a topology is highly benefical an energy
efficiency perspective as it reduce the numbers of operations andlgwte reduces the power
consumption. This was the primary reason for selecting the NEAT librarthioface detection
training.

Comprehensive details of the face detection training algorithm were peesenChapter 4.
This included information on the preprocessing of the training data, arvieweof the NEAT
library in the context of the face detection training, a discussion on therdesigisions made
and finally the overall face detection training framework. An iterative eagh to training was
then taken, allowing constant exploration of GA parameters. Comprefeetsiails were given
for two distinct versions of training. In the first approach, the startingltogy used the default
minimal topology, whilst a seeded starting topology with hidden neuronsreses used in the
second training approach. The non-seed seeded topology wastfmpedorm best and gave a
final topology size considerably smaller than the seeded approach.iZzEhefghe best trained
topology was very favourable compared to conventional ANN topologies.

A thorough description of the proposed face detection algorithm duringadmperation was
given in Chapter 5. This included a discussion of the design decisionsimadkecting the clas-
sifier ensemble and face detection merging. Profiling was then carried isutettied the design
goal that the hardware implementation amenable EANN evaluation and theatsddasks of
loading the inputs and reseting the topology) are the most computationally diexgparetjuir-
ing almost 95% of the total computational load of the algorithm. In addition to fumdtased
profiling, run-time evaluation and power profiling results were presermedrf ARM-920T mi-
croprocessor. This identified that a software only implementation of theopeapalgorithm on a
typical mobile processor would struggle for appropriate performankis. grovides strong moti-
vation for a dedicated hardware accelerator. Prior to this the softwaa®ptanised as much as
possible by reducing the number of candidate face locations classifiegltsiEANN. This was
addressed by using minimum sized faces and skin detection pre-filteriragifoandidate face
location. Further software optimisation appropriate for a mobile device s@ftinglementation
were also discussed. The trained face detection algorithm was showrfdopevell on a dataset
which could be considered representative of the image quality and fasalfpund on the target

mobile device application.
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Following the conclusion in Chapter 5 that a software only implementation of thgoped
face detection algorithm would struggle for acceptable performancegt@h@ presented the de-
sign of a dedicated hardware architecture for EANN acceleration. Riidue use a systolic array
architecture, a SIMD datapath type structure was chosen. The motivatitmsf decision was that
the efficiency of a systolic array is reduced by sparse EANN topologigish is exactly the type
of evolved topology generated by NEAT. In addition, the proposedtauthre is flexible to han-
dle any evolved architecture. The dedicated hardware architectud@umsrrel activation function
generator. This was based upon a first order Minimax polynomial andunthgr optimised using
a genetic algorithm. The activation function generator was implemented ufirigreffused mul-
tiply add circuitry. The overall architecture was shown to compare falyito the prior art in
terms of throughput, silicon resources and power consumption. Furtherthe proposed archi-
tecture was shown to be greatly superior to a software implementation on arB2BMprocessor
(commonly found on mobile devices), in terms of run time and energy efficiency

Assuming a video object such as a face is segmented, possible bottleneakséguent pro-
cessing were then considered. Motion estimation was then identified as lpgingaay bottleneck
in the adoption of a video object based framework such as MPEG-4.eGoestly, a novel ar-
chitecture for binary motion estimation was proposed. The proposed himatipn estimation
architecture reduces power consumption through early termination of $4dblation and by
minimising access to redundant binary data. This was facilitated by a refdromutd the block
matching SAD distortion metric. The architecture was shown to be competitive weifbribr art,

trading off throughput for reduced power consumption.

8.3 A Vision for the Future

Short term techniques for improving the research presented in this thesigenerally discussed
at the conclusion of each relevant chapter. Taking a longer term viatyfioere are two principal
areas that warrant prolonged future research. The first of thes@égd for greater robustness
in the face detection performance, particularly invariance to pose angeiet\of the face. The
research to date in the literature in this area has focused on using multipléieiassained for
different poses/viewpoints. The challenge for a computationally consttaievice is how this can
be done in an energy efficient manner. Secondly, the memory archite@uoteth the EANN and

binary motion estimation hardware architectures are worth investigating fimbigler to increase
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throughput. As with many image and video processing algorithms, the chaiteingguently how
to overcome the data/memory bound problem and do so in a energy efficienemahis is also
an issue faced by designers of emerging highly parallel multiple core sag@ocessors.
Looking outside of the author’s core research, it could be said thatNEANorithms have
excellent potential for discovering novel solutions to many difficult reatlgvproblems. How-
ever, before they can be used more widely for image and video progetsnissue of searching
and finding suitable topologies in very large dimensional search spaesafthinherent with
image/video data) need to be further addressed. Another challengeefogstbarch community
is accurate and fair benchmarking. A fundamental issue encounterei@ théis was a lack of
power consumption and energy results to compare against. This challdegdsbeyond merely
recording additional results, there is a requirement for technology @matEgmt metrics. For exam-
ple, in the absence of reimplementing face detection algorithms (which wouldbssively time
consuming) benchmarking performance on mobile devices is challenginthiargltuation will
only become worse in the future when multiple core processors could ffinitheethe complexity
of one algorithm over another. Comparing run time throughput perforenannot particularly
useful since no indication of the processor clock frequency or acthieis given. Quoting clock
frequency is marginally better, but does require scaling which is imprecisesa Ideally what is
required are metrics that are independent of design tool performamooessor architecture, clock

frequency, silicon process and any operating system loading.
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