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Abstract

Natural human interfacesare a key to realizing the
dreamof ubiquitouscomputing. This implies that embed-
ded systemsmust be capableof sophisticatedperception
tasks.This paper analyzesthe nature of a visual feature
recognition workload. Visual feature recognition is a key
componentof a number of important applications, e.g.
gesture basedinterfaces,lip tracking to augmentspeech
recognition, smart cameras, automatedsurveillancesys-
tems,robotic vision,etc.Giventhe powersensitivenature
of the embeddedspaceand the natural con�ict between
low-powerand high-performanceimplementations,a pre-
ciseunderstandingof thesealgorithmsis an importantstep
in developingef�cient visual feature recognition applica-
tions for the embeddedspace. In particular, this work an-
alyzestheperformancecharacteristicsof �esh toning, face
detectionand facerecognition codesbasedon well known
algorithms.We showthat theproblemcan be decomposed
into a pipeline of �lter s which could lead to ef�cient im-
plementationsas streamprocessors. With betterthan 92%
hit rate for a modest16KB L1 data cache, the algorithms
havememorysystembehaviorcommensuratewith embed-
dedprocessors.However, our resultsindicatethat their ex-
ecutionrequirementsstrain the performanceavailableon
currentembeddedsystems.

1. Intr oduction

The thrustof embeddedcomputinghasbothdiversi�ed
andintensi�ed in recentyearsasthefocuson mobilecom-
puting,ubiquitouscomputing,andtraditionalembeddedap-
plicationshasbegunto converge.A sideeffectof this inten-
sity is thedesireto supportsophisticatedapplicationssuch
asspeechrecognition,visualfeaturerecognition,andsecure
wirelessnetworking in amobile,battery-poweredplatform.
Unfortunatelytheseapplicationsare currently intractable
for the embeddedspace.Runningtheseapplicationson a
low-powerembeddedprocessorcannotkeepupwith thein-
herentreal-timeprocessingrequirementsof speechrecogni-

tion for example.Theproblemis thatlow-powerprocessors
do not have suf�cient computepower. Using mainstream
high-performancemicroprocessorscomescloseto meeting
theperformancerequirementsbut theenergy requirements
arenot commensuratewith mobileandembeddedprocess-
ing domains.The�rst stepin developingnew architectures
and systemswhich can adequatelysupporttheseapplica-
tionsis a preciseunderstandingof thealgorithms.

Ourfocushasbeenonperceptionalgorithmswhichform
thebasisfor naturalhumaninterfacesto theembeddedcom-
putingspace.This is motivatedby a belief thatnaturalhu-
maninterfacesareessentialto realizingthedreamof ubiq-
uitouscomputing.In earlierwork we have studiedspeech
recognitionandtheresultsof thatstudyhave allowedusto
createnew architectureswhich supportreal-time,speaker
independent,largevocabularyspeechto text applicationsat
a power level that is commensuratewith embeddedspace
energy budgets[8]. In this paper, we report on 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
otherhand,humanfacerecognitionis an extremelycom-
plex taskgiventhehugepossibilityspaceof facial features
andskintones.Facialrecognitionsystemsclearlyhaveutil-
ity in securityandsurveillancedomains,andother visual
recognizersplay key roles in gestureinterfaces,lip read-
ing to support speech recognition, 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 differencesfor theseother tasksis a
differenttraining regimenanddifferentframeraterequire-
ments.For example,the Rowley methodof facedetection
describedin this paperhasbeenappliedto licenseplatede-
tection[11].

Theparticularapplicationstudiedherecanbeviewedas
a pipelineof 3 major functionalcomponents.A �esh tone
detectoris usedto isolateareasof a framewherea faceis
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Figure 1. Algorithmic stages of a face recogniz er

likely to bepresent.Thenext stageis a facedetectorwhich
determineswhetherthereis a facepresentor not. The �-
nal phaseis a facerecognizer. Eachof thesecomponentsis
basedon well known algorithmswhich have beenadapted
to �t into our framework. Somealgorithmic optimization
andrestructuringhasbeendoneto suitourpurposesbut the
basicapproachhasbeendevelopedby otherresearchers.

Interestinglythe facerecognitionsystemwhen viewed
from a structuralperspective comprisesa seriesof increas-
ingly discriminating�lters. Early stagesof the sequence
mustinherently�lter theentireimage.As theprocesspro-
ceedsdownstream,eachstageneedsto examineless im-
agedatasinceprevious stageshave eliminatedcertainar-
easfrom the probablecandidatelist. The result is an in-
terestingbalanceof simplealgorithmswhich analyzelots
of dataearly in thesequenceandmoresophisticatedalgo-
rithmswhich only needto analyzelimited amountsof data
late in theprocess.Thesimplesequenceof �lters structure
makesfacerecognitionamenablefor implementationasan
embeddedsystem.

Thefollowing sectionprovidesa conceptualdescription
of therecognitionprocessandthealgorithmsinvolvedin it.
Section3 describesthe performancecharacteristicsof the
recognizerbothby phaseandfor thewholeapplication.Of
particularinterestis thepercentageexecutiontime of each
phase,cacheandfunction unit usageaswell asCPU per-
formancerelative to real time requirements.Section4 de-
scribespossibleavenuesfor software and hardware opti-
mizationsfollowedby conclusions.

2. Overview of Visual FeatureRecognition

Figure1 shows themajorstepsin facerecognition.The
input is a low-resolutionvideostreamsuchas320x200pix-
els at 10 framesper second.The streamis processedone
frameata timeandsuf�cient stateis maintainedto perform
historysensitive taskslike motion tracking.Theprocessis
essentiallyapipelineof �lters whichreducethedataandat-
tachattributesto framesfor the useof down streamcom-
ponents.Typically each�lter is invoked at the framerate.
Thisunderlinesthesoft realtime natureof this application.
Additional data is requiredsince �lters may accesslarge
databasesor internal tables.Theseadditionaldatastreams
addto theaggregatebandwidthrequirementof thesystem.
Theperiodicnatureof theapplicationdomainoftenmakes
it possibleto easilyestimatetheworstcaserequirements.

Object recognitiontypically proceedsin two steps:ob-
ject detectionandtheactualobjectidenti�cation. Most ap-
proachesto object identi�cation requirea clearly marked
area,normalizedto aparticularsize,andthelocationof key
features.Object detectors�nd the areawherethe desired
featureis likely to reside,scaletheareato meetthenormal-
izationrequirement,andthencreatesa locationandbound-
ary descriptionfor that area.Falsepositivesandnegatives
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 below the
sizeof the detector. A decisionprocedureis thenapplied
to all the predictedhits to decidewhich onesarethe most
likely. Detectorsoften have muchlower computecostper
sub-window thantheir correspondingidentifying routines.
Sincethey aresweptacrossthe entireimage,a signi�cant
portionof theapplication'sexecutiontimemightbespentin
thedetector. In contrast,eventhoughidentifying �lters are
morecomputeintensive, they areappliedonly to the high
probabilityregionsof theframe,sotheircontributionto the
overall executiontime might be low. Thoughobjectdetec-
torsarelesscomputeintensive,they aremuchmoredif�cult
to designdueto their generality. For examplea faceidenti-
�er choosesfrom oneof N known faces,but a facedetec-
tor hasto distinguishbetweenthe in�nite setsof facesand
non-faces.

Sincedetectionis timeconsuming,it is commontostruc-
ture an objectdetectorasa cascadeof �lters with cheaper
heuristicsupstreamidentifying potentialregions for more
expensive heuristicsdownstream.An extremecaseof this
is theViola/Jonesmethodwhich trainsa sequenceof about
200increasinglydiscriminate�lters [15]. A morecommon
approachwhendealingwith facesandgesturesis to iden-
tify the�esh coloredregionsof animageandapplya more
sophisticateddetectorto thoseregions.

The identi�er receives candidateregions from the de-
tector along with other information like probability, scale
andfeaturelocations.It typically usessomesortof distance
metricfrom known referencesto provideapositive identi�-
cation.

In our facerecognizer, the�rst level of detectionis pro-
vided by identifying skin colors. This processknown as
�esh toning is furtherdescribedin Section2.1.This is fol-
lowedby animagesegmentingalgorithmwhichgroupsskin



coloredpixels into regionsof interestwherea facecould
likely be found. Segmentingis describedin Section2.2.
Theregionsof interestarethenappliedto facedetectional-
gorithms.We evaluatetwo approachesknown astheRow-
ley facedetectorandthe Viola/Jonesdetector. The details
appearin Sections2.3 and2.4 respectively. The detectors
�ag the regionsthat have a high probability of containing
faces.However, they arelikely to �ag adetectionatmultiple
nearbylocationsand imagescales.So a voting algorithm
is usedto aggregatenearbydetectionsinto a singleprob-
ablelocation.Finally a faceidenti�er basedon the Eigen-
facesmethodis appliedto thefacelocationsto identify the
facesfrom a databaseof known faces.The Eigenfacesap-
proachis explainedin Section2.5.Sincethefaceidenti�er
requiresthepixel coordinatesof theeyes,we trainedaneu-
ral network to discriminatebetweenimagesthatareeyesor
noteyes.Thisnetwork correspondsto theEyeLocaterstage
in Figure1. It is sweptacrossthepixel locationsin a faceto
detectthelocationof theeyes.

2.1. FleshToning

Fleshtoning identi�es �esh coloredpixels in an image.
ThecommonlyusedRGBcolor spaceis notwell suitedfor
�esh toningbecauseskincoloroccupiesawiderangein the
primarycolor space.Variationsdueto lighting andethnic-
ity arehardto dealwith andskin-like colorson walls and
clothingaredif�cult to discriminate.However, skin colors
aretightly clusteredin color spaceslike HSV andYCbCr.
Fleshtoning canbe doneby converting pixels from sam-
ple imagesinto thechosencolorspaceandmakingascatter
plot with two tags,onefor �esh pixelsandonefor non-�esh
pixels.A boundaryis thendrawn around�esh toneclusters.
Thisboundaryis thenapproximatedby curveswhichcanbe
describedby simplegeometricequations.In the imageun-
dertest,any pixel thatlies insidethisnew approximatedbut
easilydescribedboundaryis consideredto bea �esh pixel.
For improved accuracy we employ the consensusof two
separate�esh toning algorithmsbasedon the NCC (Nor-
malizedColor Coordinates)andHSV color spacesrespec-
tively [13, 2]. Theoutputof this phaseis a bit maskof the
samesizeastheimagewherebits aresetif thecorrespond-
ing pixel is �esh colored.

2.2. Segmentation

Segmentationis the processof clumpingtogetherindi-
vidual pixels into regionswhereanobjectmight be found.
A commonapproachis to doaconnectedcomponentanaly-
siswhich typically formsirregularregions.SincetheViola
andRowley algorithmsneedrectangularregions,we usea
slightly differentapproach.An erosionoperatorexamines
eachpixel and blacks it out unlessall its neighborsin a

3x3 pixel window areset [5]. This is followed by a dila-
tion operatorwhich examineseachpixel andlights up that
pixel if any of its neighborsin a 4x4 window areset.The
net result is that small connectionslike looseclothing or
hair that causefalseconnectionsarecut away andthe im-
ageis smoothedby �lling small holes.The outputsof this
stageare:a) A list of coordinatesthatspecifytherectangu-
lar boundingboxesof pixel clustersb) A grayscaleversion
of theimage.

2.3. Rowley FaceDetector

Henry Rowley's neuralnet basedfacedetectoris well
knownasapioneerin this�eld [11]. Its implementationwas
providedto usby theRoboticsInstituteatCMU. Thisdetec-
tor is designedto determineif a20x20pixel imagecontains
a faceor not.Facedetectionis doneby sweepingthedetec-
tor over a larger imageandcomputingthedecisionat each
pixel location.Thentheimageis scaledandreducedin size
by a factorof 0.8andtheprocedureis repeated.Theresult-
ing seriesof imagesanddetectionlocationsis calledanim-
agepyramid.In thecaseof realfaces,adetectionwill bere-
portedat severalnearbypixel locationsat onescaleandat
correspondinglocationsin nearbyscales.Falsepositivesdo
not usuallyhappenwith this regularity. Hencea voting al-
gorithm(ourterminology)canbeappliedto theimagepyra-
mid to decidethesiteof any truedetections.To further re-
ducefalsepositives,multiple separatelytrainedneuralnets
maybeappliedto theimageandtheir consensuscanrepre-
senta moreaccuratedetection.

2.4. Viola and Jones'Detector

Viola andJonespresenta new and radically fasterap-
proachto facedetectionbasedon the AdaBoostalgorithm
from machinelearning[15, 12]. They claim a 15x speedup
over theRowley detectorfor their implementationwithout
using �esh toning. Sincetheir sourcecodeis proprietary,
we re-implementedtheir algorithmbasedon examplecode
obtainedfrom the Universityof British Columbia.Our re-
implementationuses�esh-toning for both the Rowley and
the Viola/Jonesdetectorsand the algorithmsare close in
speeddueto factorsmentionedlater.

The AdaBoost algorithm can combine several weak
heuristics to generatea strong heuristic, while provid-
ing statistical boundson the training and generalization
error. The weak heuristicsusedby the Viola/Jonesalgo-
rithm are basedon three typesof features which are es-
sentiallythesumor differenceof all thepixels in adjacent
rectangularregions.Facedetectionis reducedto comput-
ing the weighted sum of chosenrectangle-featuresand
applying a threshold.Similar to the caseof the Row-
ley algorithm,a 24x24detectoris sweptover every pixel



location in the imageand the image is rescaled.We ap-
ply Rowley's voting algorithmto decidethe�nal detection
locations.

Theoriginal slow approachdescribedin theViola/Jones
paperuses200 features.They then go on to describea
fasterapproachwhere they cascademany detectorswith
morecomplex detectorsfollowing simplerones.A window
is passedto adetectoronly if it wasnot rejectedby thepre-
cedingdetector. Sincetraining this cascadeis a laborious
process,we model the workloadcharacteristicsof this al-
gorithm with a single100 featuredetector. Hence,the Vi-
ola/JonesandtheRowley approachesaresimilar in perfor-
mancein our implementation.

2.5. EigenFaces

Eigenfacesis a well known PrincipleComponentAnal-
ysis (PCA) based face recognition algorithm devel-
opedby researchersat MIT [14]. In this paper, we usea
re-implementationof the Eigenfacesalgorithm from re-
searchersat ColoradoStateUniversity [4]. Face images
are projectedonto a featurespacecalled face spacede-
�ned by the eigenvectorsof a setof faces.This captures
the variation betweenthe set of faces without empha-
sis on any one facial region like the eyes or nose.The
mathematicaltreatmentof Eigenfacesis too involved to
discusshere.The approachworks by computingandstor-
ing the facespacecorrespondingto eachfacein a training
set. A test image is projectedon to each saved eigen-
faceanda setof weightsis computedbasedon closeness
to the known eigenfaces.The weightsarethenusedto la-
bel the test imageasoneof the known personsor an un-
known one. In our evaluation the eigenfaces database
contains10personalitiesfrom television.

3. Characterization

In this sectionwe provide a detailedcharacterizationof
visualfeaturerecognitionby nativeexecutionandpro�ling
usingprocessorperformancecountersaswell asvia simu-
lation. The native pro�ling resultsthatappearlater in Fig-
ures 2 and 3 were obtainedusing SGI SpeedShopon a
666MHz R14K processor. Simulationstudiesarebasedon
MLRSIM, anoutof orderprocessorsimulatorderivedfrom
the Rice UniversityRSIM simulator. It is detailedenough
to run a derivative of the NetBSD operatingsystemand
canrun SPARC binariescompiledfor SunOSwithout any
modi�cation. A multi-GHz processoris requiredto oper-
atethis applicationin real time. Parameterslike L1 cache
hit time, memoryaccesstime, �oating point latenciesetc.
weremeasuredon a 1.7 GHz AMD Athlon processorus-
ing thelmbenchhardwareperformanceanalysisbenchmark
[10]. Numbersthat could not be directly measuredwere

Default Con�guration:
Outof orderprocessorat2 GHz,SPARC V8 ISA
4 ALU, 4 FPU,Max 4 issueMax 4 graduationspercycle
16KB 2 wayL1 I andD cachewith 2 cycle latency
2MB 2 way L2 Cache,20cycle latency
600MHz, 64bit DRAM interface.
EmbeddedCon�guration:
In orderprocessorat 400MHz, SPARC V8 ISA
1 ALU, 1 FPU,Singleissue
Singlegraduationpercycle
32KB 32wayL1 I andD cachewith 1 cycle latency,
No L2 cache,
100MHz 32bit DRAM interface.
Application:
gcc2.95.2compiledbinaryfor SunOS

Table 1. Experiment Parameter s

obtainedfrom vendormicro-architecturereferences.MLR-
SIM wascon�gured to re�ect theseparametersreportedin
Table1. Unlessmentionedotherwise,theremainderof this
paperusesthedefaultcon�guration.

Thoughtheembeddedcon�gurationin Table1 simulates
a SPARC V8 ISA, its architecturalparameterswere cho-
sento model an Intel XScale(StrongARM) development
systemwith theexceptionthat theprocessorhasa �oating
point unit. ThoughtheXScaledoesnot have an L2 cache,
sinceMLRSIM cannotbecon�guredwithout anL2 cache,
thiscon�gurationhasa64KB inclusiveL2 cache.Sincethe
cacheis inclusive andthe samesizeasthe sumof the L1
caches,thiscon�gurationbehavessimilarto amachinewith
noL2 cache.

We discusscharacteristicsof the applicationin 5 con-
�gurations: a) full pipelineusingtheRowley facedetector,
b) full pipelineusingtheViola/Jonesfacedetector, c) only
theRowley facedetectorwith �esh toning andimageseg-
mentation,d) only theViola/Jonesfacedetectorwith �esh
toningandimagesegmentation,e)only theEigenfacesrec-
ognizer. Thelastthreecon�gurationsareimportantfrom an
energy savingsperspective sincerunningthe individual al-
gorithmsonseparatelow frequency processorsor hardware
accelerators,canleadto signi�cant energy savings.

Figures 2 and 3 show the relative execution times
of eachalgorithm using the Rowley detectorand the Vi-
ola/Jonesdetector. Figures4 and 5 show the L1 Dcache
missrateandtheL2 cachehit ratesfor all 5 applicationcon-
�gurations.Sincethecachesareinclusive,theL2 hit rateis
de�ned as the L1 missesthat hit in the L2 cachedivided
by the total numberof accessesmadeby the application.
Sincethis applicationachieves99.8%ICachehit ratewith
a 16KB ICache,no otherICachecon�gurationswerestud-
ied.
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For the entire applicationthere is consistentlygreater
than 92% L1 cachehit rate for D-cachesof 16KB and
above. This indicatesthat the streamingpipelinedmodel
we usefor composingthe algorithmsis a good �t for the
problem.Each320x200pixel color imageis 187.5KBytes
longandthecorrespondinggrayscaleversionsareabout64
KBytes.Theimagesclearlywill not �t in theL1 cache.The
explanationis that the color imageis accessedin stream-
ing mode,i.e. eachpixel is touchedexactly oncefor �esh
toning.Imagesegmentationworkson the�esh tonebitmap
(approximately64KB) makingat most two passesover it.
Sincetheseaccessestouchatmosttwo imagerowsatatime,
goodcacheutilization is ensured.Subsequently, only small
windowsinto theimageareused.Sinceobjectsin theseim-
agesaretypically smallerthan50x50pixels,eachobjectis
onlyabout2.5KBin size.Thedownstreamalgorithmsmake
severalpassesovereachobject,but only asmallpartof each
objectneedsto be cacheresidentat eachtime. For exam-
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ple, theintegral imagecomputationwhich is a partof eval-
uatingtherectangularfeaturesin theViola/Jonesalgorithm
is basedon a recurrencethat involvestwo adjacentimage
rowsandanadditionalrow for intermediatestorageandhas
an L1 cachefootprint of about4.4KB. The Rowley algo-
rithm touchesatmost20rowsof theobjectatthesametime.
However, asit sweepsacrosstheimageleft to right andtop
to bottomonly a20x20pixel window needsto becacheres-
identatatime.Sinceit shiftsits positiononepixel atatime,
a19x19regionof thiswindow will bereusedby thenext it-
erationcontributingto highL1 cachehit rate.A similarpat-
tern occursin the later phaseof the Viola/Jonesalgorithm
on a 24x24 region. The Eigenfacesalgorithm usesa pro-
jectedimageof theobjectto berecognizedaswell asbasis,
meanandprojectedimagematricescorrespondingto each
referenceobject.Thetargetobjectis reusedwhile it is com-
paredagainsteachcandidate.Eachcandidatehoweveris ac-
cessedonly oncepertargetobject.

Theobjectsandtheir attributesfrom eachstagearetyp-
ically touchedagainby thenext stage.Theauxiliary infor-
mationusedby thealgorithmsis somewhatsmall.Bothde-
tectoralgorithmsuse�x ed sizedatastructures.The worst
caseis theViola/Jonesalgorithmwhichneedsaweightand
a type for eachfeaturecorrespondingto 100 * 2 * 4 =
800 bytesof L1 cacheusage.The dataset for the Eigen-
facesalgorithmon the otherhandis linear in the number
of the referencefaces.But sincethesecouldpotentiallybe
streamedinto theL1 Dcacheoncepertargetobject(or once
per frame) its foot print is small. Only the projectedtar-
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getobjectanda smallpartof thebasis/mean/projectedref-
erenceimagesneedto beresidentin theL1 Dcache.From
Figure5 it is seenthat the L2 cacheis largely ineffective
sinceit is accessedinfrequentlydueto thelow L1 missrate.

Froma cachefootprint perspective,boththedetectoral-
gorithms and the entire applicationappearto be a good
match for embeddedprocessorswith limited cache re-
sources.Since imagesare accessedleft to right, multi-
ple rows at a time, sequentialprefetch(or stridedprefetch)
would hide memory accesslatencieseven when the L1
Dcache is 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
reasons.The�rst is causedby dependencesin theloopbod-
ies. For example,neuralnet evaluationinvolves comput-
ing � i =0 ::n W eight [i ] � I nput[i ]. In addition to the loop
carrieddependenceon the sum, eachof the inputs is ac-
cessedindirectly via a pointer sincean input to one neu-
ron could be the output of anotherneuron.Secondlythe
high ratio of array variableaccessesto arithmeticopera-
tionscausessaturationof theDcacheports.

Figure 7 shows the run times normalizedto real-time.
Here,1.0representsminimumrealtimeperformancecorre-
spondingto 5 framespersecond.For example,in Figure7
in the1 ALU + 1 FPUcon�guration,theRowley algorithm
is 1.13timesslower thanreal-timewhile theEigenfacesal-
gorithm processes5 framesin 0.69 seconds.Clearly, em-
beddedprocessorsare inadequateto handlethe work load
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in real time. In this caseinstructionthroughputis the cul-
prit. Even whenfunction units areavailable,dependences
andcontentionfor the Dcacheportscauseslow IPC. The
power budgetsrequiredfor real-timeperformancearebe-
yondwhatis availableonnormallow powerembeddedplat-
forms.Thermaldissipationis a problemevenon high per-
formanceprocessorsandenergysaving solutionsareimpor-
tant for real time workloadslike visual featurerecognition.
Hardwareacceleratorsthat usespecializeddatapathsand
streamarrayoperandsout of multiple SRAM buffersstand
a goodchanceof acceleratingthesealgorithmsat embed-
dedpowerbudgets.

4. Opportunities for Optimization

Onerecurringthemein imageprocessingis computing
a kernel that operateson an MxN sub-window of a larger
WxH image.The kernelis re-computedfor every possible
pixel locationwithin thelargerimage.This resemblesslid-
ing the MxN sub-window over the WxH image.Thereis
signi�cant scopefor compilerbasedre-orderingof compu-
tationsin suchkernels.We providetwo concreteexamples.

As describedin Section2.4, the heuristicsusedby the
Viola/Jonesalgorithm are basedon the sum/differenceof
pixels in adjacentrectangularregions.Recomputingthese
sumsfor eachpixel locationis veryexpensive.A majorcon-
tribution of their approachis an intermediateimagerepre-
sentationcalledtheintegral image.Thesumof thepixelsin
a rectangularwindow canbecomputedeasilyusingthein-
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Figure 7. Speedup or Slow down over real
time

termediaterepresentation.Theintegral imagevalueatpixel
location(x,y) in an imageis de�ned asthesumof all pix-
els to the left andabove the pixel (x,y). This is computa-
tionally prohibitive.By expressingthesamerelationshipas
a pair of recurrences,it is possibleto computethe integral
imagewith just onepassover the image.This transforma-
tion requiredcarefulstudyandinsight from theoriginators
of the algorithm.But given the fact that the sumsof rect-
angularsub-windowsof thelargerimagearerecomputedat
eachpixel location,a compilerbasedtool awareof theac-
cesspatternandrulesof arithmeticcouldbemadeto deduce
therecurrences.

While computingtheViola/Jonesheuristicswealsoneed
thestandarddeviation of pixel valueswithin a 24x24pixel
window startingat eachpixel locationwithin theprobable
facerectangle.Our initial implementationthat simply re-
computedthestandarddeviation functionat eachpixel lo-
cationwasseento occupy between10-15%of thecompute
time of thewholeapplication.Whengoing from onepixel
to the next, the windows overlapby 23x24pixels and the
meanandsumof squaresfor onepixel canbeeasilycalcu-
latedfrom its predecessorsvaluesby adjustingfor thenon-
overlappingpixels alone.By de�ning a setof recurrences
for themeanandmeansquarefor 24x24subwindowsover
a wider region,we wereableto computethestandarddevi-
ationsin onepassover the imagetherebyreducingtheex-

ecutiontime of this componentto lessthan1%. Currently,
suchtransformationsrequirea lot of attentionfrom thepro-
grammerandinsight into thealgorithmandareerrorprone
becauseof cornercases.This bolstersthe argumentin fa-
vor of compilerbasedloopre-structuringthatcanapplyax-
iomsof algebrato deducetheright setof recurrences.

Anotherpossibleoptimizationis to reorderthe compu-
tation so that datamay be streamedthrougha setof exe-
cutionunitsandresultscomputedin theminimumnumber
of passeswhile observinglimits on theamountof interme-
diatestorageused.Compilerbasedtools that canaccepta
kernel,thesizeof theimageandsub-window aswell asthe
sizeof the intermediatestorageavailableon the processor
andeffect the transformationautomaticallyhave anoppor-
tunity to enhanceperformanceandreduceresourceutiliza-
tion signi�cantly.

As seenin Figures6 and7, wide issueclearlyhelpsper-
formance.But wide issuecomesat the cost of increased
hardwarecomplexity andcould potentially limit the clock
frequency aswell asexceeda limited energy budget.This
applicationis embarrassinglyparallelin mostsectionsdue
to theintrinsicdataparallelismin thepixel processing.One
way of achieving goodperformanceat low power is to use
aclusterof simpleprocessorsor functionunitsoperatingin
parallelwith a very smallquantityof SRAM for local stor-
ageandnocache.

In our previous researchwith speechrecognitionsys-
temswe have observed that an orderof magnitudeor bet-
ter improvementwaspossiblein the energy delayproduct
usingsuchan approach.We expect similar resultsfor vi-
sualfeaturerecognition.As aconcreteexample,it hasbeen
demonstratedthatusingsucha staticallyscheduledcluster
approachfor neuralnetwork evaluationimproved the pro-
cessnormalizedenergy consumptionby a factorof 17 and
theenergy delayproductby afactorof 8 overa2 GHzPen-
tium 4 [9]. RecallthattheRowley detectoris basedonneu-
ral networks.

5. RelatedWork

Perceptionprocessingwhich encompassesa wide range
of topicslike computervision,speechrecognitionandges-
turerecognitionis currentlythefocusof vigorousresearch.
While it is commonin theliteratureto seetherelativemerits
andperformanceof algorithmscompared,architecturelevel
analysisof wholeperceptionapplicationsis extremelyrare.
Wang, Bhat and Prasannadiscussedmethodsfor imple-
mentingscalablecomputervision algorithmson commer-
cial parallelcomputers[17]. TheImageUnderstandingAr-
chitecture,a parallelprocessorfor realtimemachinevision
andits softwareenvironmentdevelopedjointly by theUni-
versityof MassachusettsandHughesresearchis described
in [19]. Wawrzyneket al describedtheperformanceof the



SPERT II, a vectormicroprocessorbasedhardwareaccel-
eratorfor neuralnetwork algorithms[18]. Agaram,Keck-
ler andBurgerpresentedadetailedarchitecturelevel analy-
sisof theCMU SphinxII speechrecognizer[1].

Thenext stepin thisresearchis to investigatespecialpur-
posearchitecturesfor machinevision. This approachhas
shown signi�cant advantagesin both performanceanden-
ergy consumptionfor speechrecognition[8]. Existing ef-
forts on vision architecturescan be partitionedinto ana-
log and digital approaches.The analogapproacheshave
primarily beenbasedon modelingthe humanneuralsys-
tem.Thisneuromorphicapproachhasproducedavarietyof
ef�cient specialpurposedevicesfor early-visionfunctions
[6, 7, 20]. Digital approacheshave covereda broaderspec-
trumof vision functions.Representativeexamplesarecom-
mercialofferingsby companiessuchasCognex andCoreco
( www.cognex.com,www.coreco.com) which provide ap-
plication speci�c software for industrialapplicationssuch
asvisualinspection,securitymonitoring,motiondetection,
etc.Thesecommercialapproachesemploy standardproces-
sorandmemoryarchitecturesbut mayor maynotdispense
with a generaloperatingsystemenvironment.Othershave
experimentedwith directly mappingalgorithm�o ws onto
FPGA basedsystems,andthe utility of new highly paral-
lel architecturessuchastheMIT RAW machinefor vision
applications[3, 16]. ASIC implementationof vision appli-
cationsarerare,perhapsdueto thesigni�cant diversityof
computervision algorithmsandthehigh costof ASIC de-
velopment.Each approachoffers distinct advantagesbut
is alsolimited by intrinsic disadvantages.Generalpurpose
processorsareslow whencomparedto ASIC approaches.
Analog circuits areboth fastandenergy ef�cient but they
lackgeneralityandarecostlyto produce.FPGAbasedsys-
temsarea compromisebetweengeneralityandef�ciency.
We feel that thereis a signi�cant opportunityfor a much
bettercompromisewhich involvesa customizablecompute
clusterwhich retainsmostof the generalityof the generic
processorapproachwhile achievingperformance/energyef-
�ciency levels close to that of specialpurposeASIC ap-
proaches.

6. Conclusions

Wehavepresentedadetailedanalysisof theperformance
characteristicsof a facerecognitionsystembasedon well-
knownalgorithms.Existingfacerecognitionsystemsarein-
adequateto supportreal-timeoperationon embeddedsys-
tems.Wehaveshown thatby takingadvantageof thestream
orientednatureof theapplicationit is possibleto solve this
problem.It is alsoevident that othervisual featurerecog-
nizerscanbene�t from similar tacticssinceour facerecog-
nizerneedsfew modi�cationsin orderto recognizeothervi-
sualfeatures.This effort andour previouswork on speech

recognitionsystemsleadsto a strongbelief that recasting
perceptionalgorithmsinto astreamorientedstyleis thekey
to improving performance,reducingpower consumption,
andsupportingthesesophisticatedapplicationson embed-
deddeviceswith limited cache,processing,andenergy re-
sources.
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