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Abstract

Natural human interfacesare a key to realizing the
dreamof ubiquitouscomputing This implies that embed-
ded systemsmustbe capableof sophisticatedperception
tasks.This paper analyzesthe nature of a visual featue
recaynition workload. Visual featue recaynition is a key
componentof a number of important applications, e.g.
gestue basedinterfaces,lip tracking to augmentspeeb
recaynition, smart cameas, automatedsurveillancesys-
tems,robotic vision, etc. Giventhe power sensitivenature
of the embeddedspaceand the natural conict between
low-powerand high-performancemplementationsa pre-
ciseundesstandingof thesealgorithmsis animportantstep
in developingefcient visual featuie recaynition applica-
tions for the embeddedpace In particular, this work an-
alyzesthe performancecharacteristicsof esh toning, face
detectionand facerecaynition codesbasedon well known
algorithms.We showthat the problemcan be decomposed
into a pipeline of Iter s which could lead to efcient im-
plementationss streamprocessos. With betterthan 92%
hit rate for a modestl6KB L1 data cache the algorithms
havememorysystembehaviorcommensuate with embed-
dedprocessos. However, our resultsindicatethat their ex-
ecutionrequirementsstrain the performanceavailable on
currentembeddedystems.

1. Intr oduction

The thrustof embeddedomputinghasboth diversi ed
andintensi ed in recentyearsasthe focuson mobile com-
puting,ubiquitouscomputingandtraditionalembeddeap-
plicationshasbegunto corverge.A sideeffectof thisinten-
sity is the desireto supportsophisticatedpplicationssuch
asspeechiecognitionyisualfeaturerecognitionandsecure
wirelessnetworkingin amobile,battery-peveredplatform.
Unfortunatelytheseapplicationsare currently intractable
for the embeddedspace Runningtheseapplicationson a
low-powerembeddegrocessocannotkeepup with thein-
herentreal-timeprocessingequirementsf speechecogni-

tion for example.Theproblemis thatlow-powerprocessors
do not have sufcient computepower. Using mainstream
high-performancenicroprocessorsomescloseto meeting

the performanceequirementdut the enegy requirements
arenot commensuratevith mobile andembeddegrocess-
ing domains.The rst stepin developingnew architectures
and systemswhich can adequatelysupporttheseapplica-

tionsis a preciseunderstandingf thealgorithms.

Ourfocushasbeenon perceptioralgorithmswhichform
thebasidfor naturalhumarinterfacego theembeddedom-
puting spaceThis is motivatedby a belief that naturalhu-
maninterfacesareessentiato realizingthe dreamof ubig-
uitous computing.In earlierwork we have studiedspeech
recognitionandthe resultsof thatstudyhave allowedusto
createnew architecturesvhich supportreal-time,spealer
independentargevocahulary speecho text applicationsat
a power level thatis commensuratevith embeddedpace
enegy budgets[8]. In this paper we reporton a similar
studyof visualfeaturerecognitionsystems.

Visual feature recognition systems vary signi-
cantly basedon the type of featurethat is being recog-
nized. Relatively simple recognizersare regularly em-
ployed in industrial visual inspection systems.On the
other hand,humanfacerecognitionis an extremely com-
plex taskgiventhe hugepossibility spaceof facialfeatures
andskintones Facialrecognitionsystemslearly have util-
ity in securityand surwillancedomains,and other visual
recognizersplay key rolesin gestureinterfaces,lip read-
ing to support speechrecognition, and robotics. Our
interest in face recognition however is primarily mo-
tivated by the dif culty of the problem which cannot
be currently supportedby embeddedsystems.Further
more the structureof our face recognizerappearsto be
easily adaptedto addressother visual feature recogni-
tion tasks.The main differencedor theseothertasksis a
differenttraining regimenanddifferentframeraterequire-
ments.For example,the Rowley methodof facedetection
describedn this paperhasbeenappliedto licenseplatede-
tection[11].

The particularapplicationstudiedherecanbeviewedas
a pipeline of 3 major functionalcomponentsA esh tone
detectoris usedto isolateareasof a framewherea faceis
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Figure 1. Algorithmic stages of a face recogniz er

likely to be presentThe next stageis a facedetectomwhich
determineswvhetherthereis a facepresentor not. The -
nal phasds a facerecognizerEachof thesecomponentss
basedon well known algorithmswhich have beenadapted
to t into our frameavork. Somealgorithmic optimization
andrestructuringhasbeendoneto suit our purposedut the
basicapproacthasbeendevelopedby otherresearchers.

Interestinglythe facerecognitionsystemwhen viewed
from a structuralperspectie comprisesa seriesof increas-
ingly discriminating lters. Early stagesof the sequence
mustinherently Iter the entireimage.As the procesgro-
ceedsdownstream eachstageneedsto examinelessim-
agedatasince previous stageshave eliminatedcertainar
easfrom the probablecandidatelist. The resultis an in-
terestingbalanceof simple algorithmswhich analyzelots
of dataearlyin the sequencend more sophisticatedlgo-
rithmswhich only needto analyzelimited amountsof data
latein the processThe simplesequencef lters structure
malkesfacerecognitionamenabldor implementatiorasan
embeddedystem.

The following sectionprovidesa conceptuatlescription
of therecognitionprocessaandthe algorithmsinvolvedin it.
Section3 describeghe performancecharacteristicef the
recognizetboth by phaseandfor the whole application.Of
particularinterestis the percentagexecutiontime of each
phase cacheand function unit usageaswell as CPU per
formancerelative to realtime requirementsSection4 de-
scribespossibleavenuesfor software and hardware opti-
mizationsfollowedby conclusions.

2. Overview of Visual Feature Recognition

Figure 1 shawvs the major stepsin facerecognition.The
inputis alow-resolutionvideostreanmsuchas320x200pix-
els at 10 framesper second.The streamis processedne
frameatatime andsufcient stateis maintainedo perform
history sensitve taskslike motiontracking. The procesds
essentiallya pipelineof Iters whichreducethe dataandat-
tachattributesto framesfor the useof down streamcom-
ponents.Typically each Iter is invoked at the framerate.
Thisunderlineghe soft realtime natureof this application.
Additional datais requiredsince lters may accesdarge
databasesr internaltables.Theseadditionaldatastreams
addto the aggreyatebandwidthrequiremenbdf the system.
The periodicnatureof the applicationdomainoften makes
it possibleto easilyestimatetheworstcaserequirements.

Objectrecognitiontypically proceedsn two steps:ob-
jectdetectionandthe actualobjectidenti cation. Most ap-
proachego objectidenti cation requirea clearly marked
areanormalizedo aparticularsize,andthelocationof key
features.Objectdetectorsnd the areawherethe desired
featureis likely to reside scalethe areato meetthenormal-
izationrequirementandthencreatesa locationandbound-
ary descriptionfor that area.Falsepositivesand negatives
occurbut thealgorithmstry andminimizetheir occurrence.

Object detectorsalso often work at a x ed scale.The
detectoris sweptacrossthe imagerecordingall positions
at which a detectionwasreported.The imageis thensub-
sampledor scaleddown by a small factor (typically 0.8)
and the processis repeateduntil the frame is belown the
size of the detector A decisionprocedureis then applied
to all the predictedhits to decidewhich onesarethe most
likely. Detectorsoften have muchlower computecostper
sub-windav thantheir correspondingdentifying routines.
Sincethey are sweptacrossthe entireimage,a signi cant
portionof theapplicationsexecutiontime mightbespentn
the detector In contrasteventhoughidentifying Iters are
more computeintensie, they areappliedonly to the high
probabilityregionsof theframe,sotheir contrikutionto the
overall executiontime might be low. Thoughobjectdetec-
torsarelesscomputdantensie,they aremuchmoredif cult
to designdueto their generality For examplea faceidenti-

er choosedrom oneof N known faces,but a facedetec-
tor hasto distinguishbetweerthein nite setsof facesand
non-faces.

Sincedetections time consumingit is commorto struc-
ture an objectdetectorasa cascadeof lters with cheaper
heuristicsupstreamidentifying potentialregions for more
expensve heuristicsdowvnstream An extremecaseof this
is the Viola/Jonesnethodwhich trainsa sequencef about
200increasinglydiscriminate lters [15]. A morecommon
approachwhendealingwith facesand gesturesds to iden-
tify the esh coloredregionsof animageandapplyamore
sophisticatedletectorto thoseregions.

The identi er receves candidateregions from the de-
tectoralongwith otherinformationlike probability, scale
andfeaturelocations It typically usessomesortof distance
metricfrom known referenceso provide apositiveidenti -
cation.

In our facerecognizerthe rst level of detectionis pro-
vided by identifying skin colors. This processknown as
esh toningis furtherdescribedn Section2.1. This s fol-
lowedby animagesegmentingalgorithmwhich groupsskin



coloredpixels into regions of interestwherea facecould
likely be found. Segmentingis describedin Section2.2.
Theregionsof interestarethenappliedto facedetectional-
gorithms.We evaluatetwo approache&nown asthe Row-
ley facedetectorandthe Viola/Jonegdetector The details
appearin Sections2.3 and 2.4 respectiely. The detectors
ag the regionsthat have a high probability of containing
facesHowever, they arelikelyto ag adetectiomatmultiple
nearbylocationsandimage scales.So a voting algorithm
is usedto aggregatenearbydetectionsnto a single prob-
ablelocation.Finally a faceidenti er basedon the Eigen-
facesmethodis appliedto thefacelocationsto identify the
facesfrom a databasef known faces.The Eigenfacesap-
proachis explainedin Section2.5. Sincethefaceidenti er
requireghepixel coordinate®f theeyes,we traineda neu-
ral network to discriminatebetweerimagesthatareeyesor
noteyes.Thisnetwork correspondto theEyelL ocaterstage
in Figurel. It is sweptacrosghepixel locationsin afaceto
detectthelocationof theeyes.

2.1. FleshToning

Fleshtoningidenti es esh coloredpixelsin animage.
ThecommonlyusedRGB color spaces notwell suitedfor
esh toningbecausekin color occupiesawide rangein the
primary color space Variationsdueto lighting andethnic-
ity arehardto dealwith andskin-like colorson walls and
clothingaredif cult to discriminate However, skin colors
aretightly clusteredn color spacedike HSV and YCbCr.
Fleshtoning can be doneby converting pixels from sam-
pleimagesnto thechosercolor spaceandmakinga scatter
plot with two tags,onefor esh pixelsandonefor non- esh
pixels.A boundaryis thendravn around esh toneclusters.
Thisboundanyis thenapproximatedby curveswhich canbe
describedoy simplegeometricequationsin the imageun-
dertest,ary pixel thatlies insidethis new approximatedbut
easilydescribecboundaryis consideredo bea esh pixel.
For improved accurag we emplgy the consensu®f two
separateesh toning algorithmsbasedon the NCC (Nor-
malizedColor CoordinatespndHSV color spacesespec-
tively [13, 2]. The outputof this phaseis a bit maskof the
samesizeastheimagewherebits aresetif the correspond-

ing pixelis esh colored.

2.2. Segmentation

Segmentationis the processof clumpingtogetherindi-
vidual pixelsinto regionswherean objectmight be found.
A commonapproachs to doaconnecteacomponenanaly-
siswhich typically formsirregularregions.Sincethe Viola
andRowley algorithmsneedrectangularegions,we usea
slightly differentapproach An erosion operatorexamines
eachpixel and blacksit out unlessall its neighborsin a

3x3 pixel window are set[5]. This is followed by a dila-

tion operatorwhich examineseachpixel andlights up that
pixel if ary of its neighborsin a 4x4 window areset.The

net resultis that small connectiondik e loose clothing or

hair that causefalseconnectionsare cut away andthe im-

ageis smootheddy lling smallholes.The outputsof this

stageare:a) A list of coordinateshatspecifytherectangu-
lar boundingboxesof pixel clustersh) A grayscaleversion
of theimage.

2.3. Rowley FaceDetector

Henry Rowley's neural net basedface detectoris well
knownasapioneeiin this eld [11]. Itsimplementatiorwas
providedto usby theRoboticdnstituteat CMU. Thisdetec-
toris designedo determinaf a20x20pixel imagecontains
afaceor not. Facedetections doneby sweepinghe detec-
tor over a largerimageandcomputingthe decisionat each
pixel location.Thentheimageis scaledandreducedn size
by afactorof 0.8 andthe procedures repeatedTheresult-
ing seriesof imagesanddetectionlocationsis calledanim-
agepyramid.In thecaseof realfacesadetectiorwill bere-
portedat several nearbypixel locationsat one scaleandat
correspondindpcationsin nearbyscalesFalsepositivesdo
not usuallyhapperwith this regularity. Hencea voting al-
gorithm(ourterminology)canbeappliedto theimagepyra-
mid to decidethe site of ary true detectionsTo furtherre-
ducefalsepositives,multiple separatelyrainedneuralnets
may be appliedto theimageandtheir consensusanrepre-
sentamoreaccuratedetection.

2.4. Viola and Jones'Detector

Viola and Jonespresenta new and radically fasterap-
proachto facedetectionbasedon the AdaBoostalgorithm
from machinelearning[15, 12]. They claima 15x speedup
over the Rowley detectorfor their implementatiorwithout
using esh toning. Sincetheir sourcecodeis proprietary
we re-implementedheir algorithmbasedon examplecode
obtainedfrom the University of British Columbia.Our re-
implementatioruses esh-toning for both the Rowley and
the Viola/Jonesdetectorsand the algorithmsare closein
speeddueto factorsmentionedater.

The AdaBoost algorithm can combine several weak
heuristicsto generatea strong heuristic, while provid-
ing statisticalboundson the training and generalization
error. The weak heuristicsusedby the Viola/Jonesalgo-
rithm are basedon threetypesof features which are es-
sentiallythe sumor differenceof all the pixelsin adjacent
rectangularegions. Face detectionis reducedto comput-
ing the weighted sum of chosenrectangle-featuresind
applying a threshold. Similar to the case of the Row-
ley algorithm,a 24x24 detectoris sweptover every pixel



location in the image and the imageis rescaled We ap-
ply Rowley's voting algorithmto decidethe nal detection
locations.

Theoriginal slow approactdescribedn the Viola/Jones
paperuses200 features.They then go on to describea
fasterapproachwherethey cascademary detectorswith
morecomplex detectorgollowing simplerones.A window
is passedo a detectonly if it wasnotrejectedby thepre-
cedingdetector Sincetraining this cascadeas a laborious
processwe modelthe workload characteristic®f this al-
gorithm with a single 100 featuredetector Hence,the Vi-
ola/Jonesaandthe Rowley approachearesimilarin perfor
mancein ourimplementation.

2.5. EigenFaces

Eigenfacesis a well known Principle ComponentAnal-
ysis (PCA) based face recognition algorithm devel-
opedby researcherat MIT [14]. In this paper we usea
re-implementationof the Eigenfacesalgorithm from re-
searchersat Colorado State University [4]. Faceimages
are projectedonto a feature spacecalled face spacede-
ned by the eigenvectorsof a setof faces.This captures
the variation betweenthe set of faceswithout empha-
sis on ary one facial region like the eyes or nose.The
mathematicaltreatmentof Eigenfacesis too involved to
discusshere.The approachworks by computingand stor
ing the facespacecorrespondindo eachfacein atraining
set. A test image is projectedon to each saved eigen-
faceanda setof weightsis computedbasedon closeness
to the known eigenfices.The weightsarethenusedto la-
bel the testimageas one of the known personsor an un-
known one. In our evaluation the eigenfices database
containslO personalitiegrom television.

3. Characterization

In this sectionwe provide a detailedcharacterizatiomf
visualfeaturerecognitionby native executionandpro ling
usingprocessoperformanceountersaswell asvia simu-
lation. The native pro ling resultsthatappeataterin Fig-
ures 2 and 3 were obtainedusing SGI SpeedShopn a
666 MHz R14K processarSimulationstudiesarebasecbn
MLRSIM, anout of orderprocessosimulatorderivedfrom
the Rice University RSIM simulator It is detailedenough
to run a derivative of the NetBSD operatingsystemand
canrun SRARC binariescompiledfor SunOSwithout ary
modi cation. A multi-GHz processoiis requiredto oper
atethis applicationin real time. Parameterdike L1 cache
hit time, memoryaccesgime, oating point latenciesetc.
weremeasuredn a 1.7 GHz AMD Athlon processous-
ing thelImbenchhardwareperformancenalysisbenchmark
[10]. Numbersthat could not be directly measuredvere

Default Con guration:

Outof orderprocessoat2 GHz, SFARC V8 ISA

4 ALU, 4 FPU,Max 4 issueMax 4 graduationpercycle
16KB 2wayL1 | andD cachewith 2 cycle lateng

2MB 2 way L2 Cache20cycle latengy

600MHz, 64 bit DRAM interface.

EmbeddedCon guration:

In orderprocessoat400MHz, SFARC V8 ISA
1ALU, 1FPU,Singleissue
Singlegraduatiorpercycle

32KB 32way L1 | andD cachewith 1 cycle latengy,
No L2 cache,

100MHz 32 bit DRAM interface.

Application:

gcc2.95.2compiledbinaryfor SunOS

Table 1. Experiment Parameters

obtainedfrom vendormicro-architectureeferencesMLR-
SIM wascon guredto re ect theseparameterseportedn
Tablel. Unlessmentionedtherwise the remainderof this
paperuseshedefaultcon guration.

Thoughtheembeddedon gurationin Tablel simulates
a SFARC V8 ISA, its architecturalparametersvere cho-
sento model an Intel XScale (StrongARM) development
systemwith the exceptionthatthe processohasa oating
point unit. Thoughthe XScaledoesnot have anL2 cache,
sinceMLRSIM cannotbe con gured withoutanL2 cache,
thiscon gurationhasa 64KB inclusivelL2 cache Sincethe
cacheis inclusive andthe samesize asthe sumof the L1
cachesthiscon gurationbehaessimilarto amachinewith
noL2 cache.

We discusscharacteristicof the applicationin 5 con-
gurations: a) full pipelineusingthe Rowley facedetector
b) full pipelineusingthe Viola/Jonedacedetectorc) only
the Rowley facedetectorwith esh toning andimageseg-
mentationd) only the Viola/Jonedacedetectorwith esh
toningandimagesegmentationg) only the Eigenfacesec-
ognizer Thelastthreecon gurationsareimportantfrom an
enegy savings perspectie sincerunningthe individual al-
gorithmson separatéow frequeng processorsr hardware
acceleratorszanleadto signi cant enegy sasings.

Figures 2 and 3 show the relative executiontimes
of eachalgorithm using the Rowley detectorand the Vi-
ola/Jonedetector Figures4 and 5 showv the L1 Dcache
missrateandthe L2 cachehit ratesfor all 5 applicationcon-
gurations. Sincethecachesreinclusive, the L2 hit rateis
de ned asthe L1 missesthat hit in the L2 cachedivided
by the total numberof accessesnadeby the application.
Sincethis applicationachiezes 99.8%ICachehit ratewith
a 16KB ICache,no otherlCachecon gurationswerestud-
ied.
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Figure 2. Execution time break down of Vi-
ola/Jones detector based face recogniz er
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Figure 3. Execution time break down of Row-
ley detector based face recogniz er

For the entire applicationthereis consistentlygreater
than 92% L1 cachehit rate for D-cachesof 16KB and
above. This indicatesthat the streamingpipelined model
we usefor composingthe algorithmsis a good t for the
problem.Each320x200pixel colorimageis 187.5KBytes
long andthecorrespondingrayscaleversionsareabout64
KBytes.Theimagesclearlywill not t inthelL1 cacheThe
explanationis that the color imageis accessedh stream-
ing mode,i.e. eachpixel is touchedexactly oncefor esh
toning.Imagesggmentationvorkson the esh tonebitmap
(approximately64KB) makingat mosttwo passegover it.
Sincetheseaccessemuchatmosttwo imagerowsatatime,
goodcacheutilization is ensuredSubsequentlyonly small
windowsinto theimageareused.Sinceobjectsin theseim-
agesaretypically smallerthan50x50pixels, eachobjectis
only about2.5KB in size.Thedownstreanalgorithmsmake
sev/eralpassesvereachobject,but only asmallpartof each
objectneedsto be cacheresidentat eachtime. For exam-
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Figure 4. L1 Dcache miss rate

ple, theintegralimagecomputationwhichis a partof eval-
uatingtherectangulafeaturedn the Viola/Jonesalgorithm
is basedon a recurrencehat involvestwo adjacentmage
rows andanadditionalrow for intermediatestorageandhas
an L1 cachefootprint of about4.4KB. The Rowley algo-
rithm touchesatmost20rows of theobjectatthesamdime.
However, asit sweepsacrosgheimageleft to right andtop
to bottomonly a20x20pixel window needgo becacheres-
identatatime. Sinceit shiftsits positiononepixel atatime,
a19x19region of thiswindow will bereuseddy thenext it-

erationcontributingto high L1 cachehit rate.A similar pat-
ternoccursin the later phaseof the Viola/Jonesalgorithm
on a 24x24region. The Eigenfacesalgorithm usesa pro-
jectedimageof theobjectto berecognizedhswell asbasis,
meanand projectedimagematricescorrespondindo each
referencebject. Thetargetobjectis reusedvhile it is com-
paredagainseachcandidateEachcandidatdhoweveris ac-
cesseanly oncepertargetobject.

The objectsandtheir attributesfrom eachstagearetyp-
ically touchedagainby the next stage The auxiliary infor-
mationusedby the algorithmsis soma&vhatsmall.Both de-
tectoralgorithmsuse x ed size datastructuresThe worst
caseis theViola/Jonesalgorithmwhich needsaweightand
a type for eachfeaturecorrespondingo 100* 2 * 4 =
800 bytesof L1 cacheusage.The datasetfor the Eigen-
facesalgorithm on the other handis linear in the number
of the referencdaces But sincethesecould potentiallybe
streamednto theL1 Dcacheoncepertargetobject(or once
per frame) its foot print is small. Only the projectedtar
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Figure 5. L2 Cache hit rate

getobjectanda small partof the basis/mean/projectaef-
erencemagesneedto beresidentin the L1 Dcache From
Figure5 it is seenthatthe L2 cacheis largely ineffective
sinceit is accessethfrequentlydueto thelow L1 missrate.

Froma cachefootprint perspectie, boththe detectoral-
gorithms and the entire applicationappearto be a good
match for embeddedprocessorswith limited cachere-
sources.Since imagesare accessedeft to right, multi-
ple rows at atime, sequentiaprefetch(or stridedprefetch)
would hide memory accesslatencieseven when the L1
Dcacheis small. However, quite a different view un-

folds on examining the IPC and speedupcharacteristics.

Figure 6 shows IPC for a variety of executionunit con-
gurations. IPC is seento saturateearly on for two main
reasonsThe rst is causedy dependencds theloopbod-
ies. For example, neural net evaluationinvolves comput-
ing i=0.n Weight[i] Input[i]. In additionto the loop
carrieddependencen the sum, eachof the inputsis ac-
cessedndirectly via a pointer sincean input to one neu-
ron could be the output of anotherneuron.Secondlythe
high ratio of array variableaccesses$o arithmeticopera-
tionscausesaturatiorof the Dcacheports.

Figure 7 shows the run times normalizedto real-time.
Here,1.0representsinimumrealtime performanceorre-
spondingto 5 framesper secondFor example,in Figure7
inthel ALU + 1 FPUcon guration,the Rowley algorithm
is 1.13timesslower thanreal-timewhile the Eigenfacesal-
gorithm processe$ framesin 0.69 secondsClearly, em-
beddedprocessorareinadequatdo handlethe work load
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Figure 6. IPC

in realtime. In this caseinstructionthroughputis the cul-
prit. Even when function units are available,dependences
and contentionfor the Dcacheports causedow IPC. The
power budgetsrequiredfor real-time performanceare be-
yondwhatis availableon normallow powerembeddeglat-
forms. Thermaldissipationis a problemeven on high per
formanceprocessorandenegy saving solutionsareimpor-
tantfor realtime workloadslik e visualfeaturerecognition.
Hardware acceleratorghat use specializeddatapathsand
streamarrayoperandout of multiple SRAM buffersstand
a good chanceof acceleratinghesealgorithmsat embed-
dedpower budgets.

4. Opportunities for Optimization

Onerecurringthemein imageprocessings computing
a kernelthat operateson an MxN sub-windav of a larger
WxH image.The kernelis re-computedor every possible
pixel locationwithin thelargerimage.This resembleslid-
ing the MxN sub-windav over the WxH image. Thereis
signi cant scopefor compilerbasede-orderingof compu-
tationsin suchkernels.We provide two concreteexamples.

As describedn Section2.4, the heuristicsusedby the
Viola/Jonesalgorithm are basedon the sum/diferenceof
pixelsin adjacentrectangularegions. Recomputinghese
sumsfor eachpixel locationis veryexpensve.A majorcon-
tribution of their approachis anintermediatémagerepre-
sentatiorcalledtheintegralimage.Thesumof thepixelsin
arectangulamwindow canbe computedeasilyusingthein-
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termediateepresentationl heintegralimagevalueat pixel

location(x,y) in animageis de ned asthe sumof all pix-

elsto the left and above the pixel (x,y). This is computa-
tionally prohibitive. By expressinghe samerelationshipas
a pair of recurrencesit is possibleto computethe integral

imagewith just one passover theimage.This transforma-
tion requiredcarefulstudyandinsightfrom the originators
of the algorithm.But given the fact that the sumsof rect-

angularsub-windavs of thelargerimagearerecomputedt

eachpixel location,a compilerbasedool awareof the ac-

cesgatternandrulesof arithmeticcouldbemadeto deduce
therecurrences.

While computingtheViola/Joneseuristicave alsoneed
the standarddeviation of pixel valueswithin a 24x24 pixel
window startingat eachpixel locationwithin the probable
facerectangle.Our initial implementationthat simply re-
computedthe standarddeviation function at eachpixel lo-
cationwasseento occupy betweernl0-15%of the compute
time of the whole application.Whengoing from one pixel
to the next, the windows overlapby 23x24 pixels andthe
meanandsumof squaregor onepixel canbe easilycalcu-
latedfrom its predecessongluesby adjustingfor the non-
overlappingpixels alone.By de ning a setof recurrences
for themeanandmeansquaregor 24x24subwindows over
awider region, we wereableto computethe standardievi-
ationsin onepassover theimagetherebyreducingthe ex-

ecutiontime of this componento lessthan1%. Currently,
suchtransformationsequirealot of attentionfrom thepro-
grammerandinsightinto the algorithmandareerrorprone
becausef cornercasesThis bolstersthe agumentin fa-
vor of compilerbasedoop re-structuringhatcanapply ax-
iomsof algebrato deducetheright setof recurrences.

Anotherpossibleoptimizationis to reorderthe compu-
tation so that datamay be streamedhrougha setof exe-
cutionunits andresultscomputedn the minimumnumber
of passesvhile observinglimits on the amountof interme-
diate storageused.Compilerbasedtools that canaccepta
kernel,thesizeof theimageandsub-windav aswell asthe
size of the intermediatestorageavailable on the processor
andeffect the transformatiorautomaticallyhave an oppor
tunity to enhanceperformanceandreduceresourceutiliza-
tion signi cantly.

As seenin Figures6 and7, wideissueclearlyhelpsper
formance.But wide issuecomesat the cost of increased
hardware complexity and could potentially limit the clock
frequeny aswell asexceeda limited enegy budget.This
applicationis embarrassinglyarallelin mostsectionsdue
to theintrinsic dataparallelismin the pixel processingOne
way of achieving goodperformanceat low power is to use
a clusterof simpleprocessorsr functionunitsoperatingn
parallelwith a very smallquantityof SRAM for local stor
ageandno cache.

In our previous researchwith speechrecognitionsys-
temswe have obsenedthat an orderof magnitudeor bet-
ter improvementwas possiblein the enegy delay product
using suchan approachWe expect similar resultsfor vi-
sualfeaturerecognition As aconcretesxample,it hasbeen
demonstratethat usingsucha statically schedulectluster
approachor neuralnetwork evaluationimproved the pro-
cessnormalizedenegy consumptiorby a factorof 17 and
theenepgy delayproductby afactorof 8 overa2 GHz Pen-
tium 4 [9]. Recallthatthe Rowley detectoris basecbn neu-
ral networks.

5. RelatedWork

Perceptiomprocessingvhich encompasseswide range
of topicslike computewision, speechrecognitionandges-
turerecognitionis currentlythe focusof vigorousresearch.
While it iscommonin theliteratureto seetherelatve merits
andperformancef algorithmscomparedarchitecturéevel
analysisof whole perceptiorapplicationds extremelyrare.
Wang, Bhat and Prasannadiscussedmethodsfor imple-
mentingscalablecomputervision algorithmson commer
cial parallelcomputerg17]. ThelmageUnderstandingir-
chitecture a parallelprocessofor realtime machinevision
andits software ervironmentdevelopedjointly by the Uni-
versity of Massachusettand Hughesresearchs described
in [19]. Wawrzyneket al describedhe performanceof the



SPER II, a vectormicroprocessobasedhardware accel-
eratorfor neuralnetwork algorithms[18]. Agaram,Keck-
ler andBurgerpresentec detailedarchitecturdevel analy-
sisof the CMU SphinxIl speechrecognizef1].

Thenext stepin thisresearclis to investigatespecialpur-
posearchitecturefor machinevision. This approachhas
shawn signi cant advantagesn both performanceanden-
ergy consumptiorfor speechrecognition[8]. Existing ef-
forts on vision architecturescan be partitionedinto ana-
log and digital approachesThe analogapproachehave
primarily beenbasedon modelingthe humanneural sys-
tem.Thisneuromorphi@pproacthasproducecdh variety of
efcient specialpurposedevicesfor early-visionfunctions
[6, 7, 20]. Digital approachebave covereda broaderspec-
trum of vision functions.Representate examplesarecom-
mercialofferingsby companiesuchasCognex andCoreco
( www.cogne.com,www.coreco.con) which provide ap-
plication speci ¢ software for industrial applicationssuch
asvisualinspection securitymonitoring,motiondetection,
etc. Thesecommerciabpproacheemploy standargroces-
sorandmemoryarchitecturedut mayor maynotdispense
with a generaloperatingsystemernvironment.Othershave
experimentedwith directly mappingalgorithm o ws onto
FPGA basedsystemsandthe utility of new highly paral-
lel architecturesuchasthe MIT RAW machinefor vision
applicationg3, 16]. ASIC implementatiorof vision appli-
cationsarerare,perhapsdueto the signi cant diversity of
computervision algorithmsandthe high costof ASIC de-
velopment.Each approachoffers distinct advantagesbut
is alsolimited by intrinsic disadwantagesGeneralpurpose

processorsre slov whencomparedo ASIC approaches.

Analog circuits are both fastand enegy ef cient but they

lack generalityandarecostlyto produce FPGAbasedsys-
temsare a compromisebetweengeneralityand ef ciency.

We feel that thereis a signi cant opportunityfor a much
bettercompromisevhich involvesa customizableeompute
clusterwhich retainsmostof the generalityof the generic
processoapproactwhile achieving performance/engy ef-

ciency levels closeto that of specialpurposeASIC ap-
proaches.

6. Conclusions

We have presenteddetailedanalysiof theperformance
characteristicef a facerecognitionsystembasedon well-
known algorithms Existingfacerecognitionsystemsrein-
adequatdo supportreal-timeoperationon embeddedys-
tems.We have shavn thatby takingadvantageof the stream
orientednatureof the applicationit is possibleto solve this
problem.lt is also evident that other visual featurerecog-
nizerscanbene t from similar tacticssinceour facerecog-
nizerneedfew modi cationsin orderto recognizeothervi-
sualfeatures.This effort andour previous work on speech

recognitionsystemdeadsto a strongbelief that recasting
perceptioralgorithmsinto a streamorientedstyleis thekey
to improving performancefyeducingpower consumption,
andsupportingthesesophisticatedpplicationson embed-
deddeviceswith limited cache processingandenegy re-
sources.

7. Acknowledgments

The authorswould like to thank the Vision & Au-
tonomousSystemsCenter(VASC) atthe RoboticsInstitute
of the Carngyie Mellon UniversityandTsuyoshiMoriyama
in particularfor providing us with the sourcecode of the
CMU/Rowley facedetectorWe would alsolik eto thankPe-
ter Carbonettoof the University of British Columbiafor
providing the example code which formed the start-
ing pointfor our AdaBoostfacedetector

References

[1] AGARAM, K., KECKLER, S. W., AND BURGER, D. A char
acterizationof speechrecognitionon moderncomputersys-
tems.In Proceeding®fthe4th IEEE WorkshoponWorkload
Characterization(Dec.2001).

[2] BERTRAN, A., YU, H., AND SACCHETTO, P. Facede-
tectionprojectreport. http://ise.stanford.edu/2002projects/-
ee368/Project/reports/ee368groupl7.g602.

[3] BONDALAPATI, K., AND PRASANNA, V. Recon gurable
computingsystems. Proceedingsof the IEEE 90, 7 (July
2002),1201-1217.

[4] D. BoLME, R. BEVERIDGE, M. T., AND DRAPER, B.
TheCSUFaceldenti cation EvaluationSystemits Purpose,
Featuresand Structure. In International Confeenceon M-
sionSystemgApril 2003),pp.304-311.

[5] HARALICK, R., AND SHAPIRO, L. Computerand Robot
\ision, vol. 1. Addison-Weésley PublishingCompary, 1992,
ch.5.

[6] HicaGINs, C. Multi-chip neuromorphianotion processing.
In Proceedingof the Confeenceon AdvancedReseath in
VLSI,Atlanta(March1999).

[7] MAHOWALD, M. A., AND MEAD, C. Analg VLSl and
Neural SystemsAddison-Wesley, 1989, ch. Silicon Retina,
pp.257-277.

[8] MATHEW, B., DAVIS, A., AND FANG, Z. A Low-PaverAc-
celeratorfor the SPHINX 3 SpeecHRecognitionSystem.In
Proceeding®f the International Confeenceon Compiles,
Architectue and Synthesidor EmbeddedystemgCASES
'03) (October2003).

[9] MATHEwW, B., DAvis, A., AND IBRAHIM, A. Perception
Coprocessorior Embeddedsystems.n Proceeding®f the
Workshopon Embeddedystemdor Real-Tme Multimedia
(ESTIMedia)October2003).

[10] McVoy, L. W., AND STAELIN, C. Imbench:Portabletools
for performanceanalysisin USENIXAnnualTedhnical Con-
ference(1996),pp.279-294.



[11]

[12]

[13]

[14]

[15]

RowLEY, H. A., BALUJA, S., AND KANADE, T. Neural
network-basedacedetection|EEE Transaction®n Pattern
Analysisand Machine Intelligence20, 1 (1998),23-38.
SCHAPIRE, R. E. Theboostingapproachto machinelearn-
ing: An overview. In In MSRIWbrkshopon NonlinearEsti-
mationand Classi cation (2002).

SORIANO, M., MARTINKAUPPI, B., HUOVINEN, S., AND
LAAKSONEN, M. Usingthe skinlocusto copewith chang-
ing illumination conditionsin colorbasedfacetracking. In
Proceedingof the IEEE Nordic Sighal ProcessingSympo-
sium(2000),pp. 383-386.

TURK, M., AND PENTLAND, A. Facerecognitionusing
Eigenfices. In Proceedingsof the IEEE ComputerSoci-
ety Confeenceon ComputeiMision and PatternReca@nition
(CVPR)(Junel991),pp.586-591.

VIoLA, P., AND JONES, M. Rapidobjectdetectionusinga
boostedccascad®f simplefeaturesIn IEEE ComputerSoci-
ety Confeenceon ComputeiMision and PatternReca@nition
(Dec.2001).

[16]

[17]

(18]

[19]

[20]

WAINGOLD, E., TAYLOR, M., SRIKRISHNA, D., SARKAR,
V., LEE, W., LEE, V., KIM, J., FRANK, M., FINCH, P,
BARUA, R., BABB, J., AMARASINGHE, S., AND AGAR-
WAL, A. Baringit all to software: Rav machines. IEEE
Computer30, 9 (1997),86-93.

WANG, C.-L., BHAT, P. B., AND PRASANNA, V. K. High
performanceomputingfor vision. Proceeding®fthe [IEEE
84, 7 (July 1996),931-946.

WAWRZYNEK, . J., AsaNovic, K., KINGSBURY, B.,
BEcK, J., JOHNSON, D., AND MORGAN, N. Spert-ii: A
vectormicroprocessosystem.IEEE Computer29, 3 (March
1996),79-86.

WEEMS, C. C. Thesecondyeneratiorimageunderstanding
architectureandbeyond. In Proceeding®f ComputerArchi-
tectuesfor Machine Perception(Nov. 1993),pp. 276-285.
WYATT, J. L., KEAST, J. C., SEIDEL, M., STANDLEY, D.,
HORN, B., KNIGHT, T., SoDINI, C., LEE, H., AND POG-
GIO, T. Analogvlsi systemdor earlyvision processing.In
Proceeding®f the 1992 IEEE International Symposiunon
Circuitsand System¢May 1992),pp. 1644—-1647.



