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Abstract. In this paper we discussthe designand implementatiorof a Field-
Programmabl&ateArray (FPGA) basedstereodepthmeasuremergystemthat
is capableof handlinga very large disparityrange.The systemperformsrecti -
cationof theinputvideostreamanda left-right consisteng checkto improve the
accuray of theresultsandgeneratesubpixel disparitiesat 30 frames/secondn
480 640imagesThesystems basednthelLocal WeightedPhase-Correlation
algorithm[9] which estimatedisparityusinga multi-scaleandmulti-orientation
approachThoughFPGAsare ideal devices to exploit the inherentparallelism
in mary computervision algorithms,they have a nite resourcecapacitywhich
posesa challengewhenadaptinga systemto dealwith large imagesizesor dis-
parity rangesin this work, we take advantageof thetemporalinformationavail-
ablein avideosequencé¢o designa novel architecturgor the correlationunit to
achie/e correlationover alargerangewhile keepingtheresourcautilisationvery
low ascomparedo ahaive approactof designinga correlationunitin hardware.

1 Intr oduction

Stereodisparity estimationis a prime applicationfor embeddedomputervision sys-
tems.Sincestereocan provide depthinformation, it haspotentialusesin navigation

systemsrobotics,objectrecognitionandsurweillancesystemsjust to nameafew. Due
to thecomputationatomplexity of mary stereaalgorithms,a numberof attemptshave

beenmadeto implementsuchsystemausinghardware[2, 10,14,19], including recon-
gurable hardwarein theform of FPGAs[6,11,20,12,18,5]. In relatedwork, [1] im-

plementd_ucas& Kanadeoptic o w usingFPGAs.Solutionsbasedn recon gurable
hardwarehave the desirablepropertyof allowing the designetto take advantageof the
parallelisminherentin mary computewision problemsnottheleastof whichis stereo
disparityestimation.

While designingwith FPGAsis fasterthan designingApplication Speci c ICs
(ASICs), it suffersfrom the problemof x edresourcesln anapplicationbasedon a
serial CPU or DSR onecantypically addmemoryor disk spaceto allow the algorithm
to handlea larger versionof the sameproblem,for examplelargerimagesizesor in-
creasedlisparityrangesn the caseof stereo.Systemperformancenay suffer, but the
new systemstill runs.In the caseof FPGA-baseadystemsthereis a nite amountof
logic available,andwhenthis is exhaustedheonly solutionis to addanotherdevice or



modify thealgorithm.Not only is this costlyfrom thedesignpoint of view, but mayalso
involve theadditionaldesignissueof how to partitionthelogic acrossseveraldevices.

In this paperwe presenthe developmenbf a versatilereal-timestereo-visiorplat-
form. The systemis animprovementof an earlierone[5] andaddressespeci ¢ lim-
itations of the previous system;capability to handlevery large disparities,improv-
ing the accurag of the systemby pre-processinginputimagerecti cation) and post-
processingconsisteng check),and nally the ability to handlelarger images.The
highlight of thework is the developmentf a novel architecturdor the PhaseCorrela-
tion Unit thatcanhandlethe correspondenceaskfor scenesvith very largedisparities,
but without increasedesourceusageon the FPGA, as comparedo [5] which is ca-
pableof handlinga disparity of only 20 pixels. The key to achieving large disparity
correspondencmatchess the useof a shiftablecorrelationwindow thattracksthedis-
parity estimatefor eachpixel over time, aswell asa roving correlationwindow that
exploresthe correlationsurfaceoutsidethe rangeof the trackingwindow in orderto
detectnew matchesvhenthe shiftablewindow is centredon anincorrectmatch.The
basicassumptioris that,in mostcasesglisparityvaluesdo notchangeadicallybetween
frames thusallowing someof the computatiorto be spreadovertime.

In Section2, we brie y outline the technologyusedin this work andthe platform
usedfor the systemdevelopment.In Section3, we cover the theoreticalbasisof the
phase-basestereaalgorithmandthendescribehearchitectureandimplementatiorof
thesystemSectiord discussetheresultsandtheuseof thecorrelationunitin alternate
situations.

1.1 PreviousWork

A variety of recon gurablestereomachineshave beenreported18,12,20,6,11]. The
PARTS recon gurablecompute{18] consistof a4 4 arrayof mesh-connecteBP-
GAs with a maximumtotal numberof about35,0004-input LUTs. A stereosystem
wasdevelopedon PARTS hardwareusingthe censugransformwhich mainly consists
of bit-wise comparisonandadditions[20]. Kanadeetal.[12] describea hybrid system
using C40 digital signalprocessorsogetherwith programmablédogic devices(PLDs,
similarto FPGAs)mountedon boardsn aVME-busbackplaneThesystemwhichthe
authorsdo not claim to be recon gurable,implementsa sum-of-absolute-diérences
alongpredetermineepipolargeometryto generates-bit disparity estimatest frame-
rate.In Faugera®tal.[6], a4 4 matrix of smallFPGAsis usedto performthe cross-
correlationof two 256 256 imagesin 140 ms. In Hou et al.[11], a combinationof
FPGA andDigital SignalProcessor¢DSPs)is usedto performedge-basedtereovi-
sion. Their approachusesFPGAsto performlow level taskslike edgedetectionand
usesDSPsfor higherlevel integrationtasks.In [5] a developmensystembasedn four
Xilinx XCV2000Edevicesis usedto implementadensemulti-scale multi-orientation,
phase-correlatiobasedstereosystemthat runsat 30 frames/secondfps). It is worth
notingthatnotall previoushardwareapproachebave beenbasednrecon gurablede-
vices.In [13], aDSP-basedterecsystemperformingrecti cation andareacorrelation,
calledthe SRI SmallVision Module, is describedASIC-basedlesignsarereportedn
[16,2] andin [19] commaoditygraphicshardwareis used.



2 Recon gurable Computing Platform

2.1 Field-Programmable Gate Arrays

An FPGAIis anarrayof logic gateswhosebehaiour canbe programmedy the end-
userto performa wide variety of logical functions,andwhich canbe recon guredas
requirementchange FPGAs generallyconsistof four major componentsl) Logic

blocks/elementéLB/LE); 2) I/0O blocks;3) Logic interconnectand4) dedicatechard-
warecircuitry. Thelogic blocksof anFPGAcanbecon guredto implementbasiccom-
binatoriallogic (AND, OR,NOR, etcgates)or morecomplex sequentialogic functions
suchasasmicroprocessoilhelogic interconnecin anFPGAconsistof wire segments
of varyinglengthswhich canbeinterconnectedtia electricallyprogrammablswitches.
Thedensityof logic blocksusedin anFPGAdepend®nthelengthandnumberof wire

segmentsusedfor routing.

Most modernFPGAsalso have variousdedicatedcircuitry in additionto the pro-
grammabldogic. Thesecomein theform of high-speedndhigh-bandwidtrembedded
memory dedicatedDSP blocks, Phase-Lockd Loops (PLLS) for generatingmultiple
clocks,andevengeneraburposeprocessorsThe FPGAwe areusingin our systemthe
Altera Stratix S80,comeswith threedifferentmemoryblock sizes;512 bits, 4 Kbits,
and 512 Kbits for a maximumof 7 Mbits of embeddednemoryand 22 DSP blocks
consistingof multipliers,adderssubtractorsaccumulatorsandpipelineregisters.Fig-
urel (a) shovs anoverview of the Altera Stratix S80chip [3].
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Fig. 1. (a)Typicalfeatureof amodernFPGA[3]. (b) Transmogri er4 recon gurablecomputing
board[7]

2.2 Transmogri er -4Recon gurable Platform

The Transmogri erFour [7] (b) is a generalpurposerecon gurableprototypingsys-
tem containingfour Altera Stratix SS0FPGAs.The boardhasspeci ¢ featurego sup-
portimageprocessing@ndcomputationavision algorithms;theseincludedual-channel
NTSC andFireWre cameranterfacesyideoencoder/decodarhip, and2GB of DDR
RAM connectedo eachFPGA.EachFPGAIs alsoconnectedo theotherthreeFPGAs
andaPClinterfaceis providedto communicatevith theboardoveranetwork. Thiscan



be usedto sendcontrolsignalsor for dehugging. The boardwith its majorcomponents
is shavn in Figurel (b).

3 LargeDisparity Stereo-SystenDevelopment

The systemimplementedn this work is basedon the “Local WeightedPhaseCorre-
lation” (LWPC) algorithm[9], which estimatedlisparityat a setof pre-shiftsusinga
multi-scale,multi-orientationapproachA versionof this algorithmwasimplemented
in [5] but the systemis limited to handlinga maximumdisparity of 20 pixels dueto
resourcdimitationson the FPGA. In the currentimplementationyve usetwo shiftable
windowsin thecorrelationunit to increasehedisparityrangeof the systento 128pix-
els (theoretically the systemcan be implementedo handlea disparityrangeaslarge
astheimagewidth) withoutanincreaseén resourceusageThereis atrade-of between
the maximumdisparity the systemcanhandleandthe time to initialise the systemor
recoverfrom amismatchtypically in therangeof few tensof milliseconds.

3.1 Temporal Local-WeightedPhaseCorr elation

Basedon the assumptiorthat at video-rate(30 fps) the disparity of a given pixel will
not changedrasticallyfrom oneframethe next, we usetemporalinformationby per
forming localisedcorrelationusing a window centredon the disparity a pixel is ex-
pectedto have atthe currentframe.This is discussedurtherbelov wherewe describe
thearchitectureof the PhaseCorrelation Unit. Disparity calculationsare performedat
threescales(; 2; 4) andin threeorientations( 45°, 0°, +45°), the resultsof which
aresummedacrossscaleandorientation.The expectedinterval betweerfalsepeaksis
approximatelythe wavelengthof the Iters appliedat eachscale.Thusthefalsepeaks
at differentscalesoccurat differentdisparitiesandsummatiorover the scalesyieldsa
prominentpeakonly at the true disparity[9]. The detailsof the LWPC algorithmcan
be found in [8]. Step2 of the algorithmre ecting the incorporationof the temporal
informationis shavn below:

2. For eachscaleandorientation,computeocal voting functionsCj;s (x; ) in awin-
dow centredat . as

Cis () = pe ) _[O10JO (x + )]
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whereW (x) is a smoothinglocalizedwindow and is the pre-shiftof the right
Iter outputcentredatthe disparityof the pixel from the previousframe.

In addition,pre-processingmagerecti cation) andpost-processingeft-right / right-
left validationcheck)stagesarealsoimplementedo increasehe accurag of the sys-
tem.



3.2 SystemAr chitecture

The high level architectureof the completesystemis shavn in Figure 2. It consists
of six major units: Video Interface unit, Image Recti cation unit, Scale-Orientation
Decompositiorunit, Phase-Correlationnit, InterpolationandPeakDetectionunit, and

Consisteng Checkunit.
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Fig. 2. High-level architectureof the sterecsystem

The Video Interface Unit is capableof receving video signalsfrom eitherNTSC
or FireWire camerast 30 fps andanimagesizeof 480 640. In additionto the pixel
valuestheVideoInterfaceUnit output“new line” and“new frame”signalsThe datais
sentto the Image Recti cation Unit asit arriveswithout ary buffering. This unit runs
onthecamean clock.

The Image Recti cation Unit (Figure 3) treatsthe left input asthe referencam-
ageandrecti es theright input usingbilinear interpolation[17]. A stereo-setupvith
aworst-caseverticalmisalignmentf 32 scanlinesbetweerthe left andright imageis
assumedyhichrequireshuffering of 64 scanlineof boththeleft andrightimage.This
unit, asthe restof the systemexceptthe Video I/O Unit, run on the systenmclock. A
syndironisercircuit is designedo handleglitch-freetransferof databetweenthe two
asynchronouslocks.

Thewarpingoperationfor imagerecti cation is approximatedisingthe following
bicubicpolynomial:

X' = ag+ aix + @y + agx? + auxy + asy?
+agx> + arx’y + agxy” + agy®
y = ho+ bix + bpy + b3x? + bhyxy + bsy?
+hex® + byx®y + bgxy® + boy® ; )

wherethea; andh coefcients arecomputedy of ine calibration.
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Fig. 3. Architectureof ImageRecti cation Unit.Fig.4. Modi ed correlation unit with two
shiftablewindows.

TheScale-OrientationDecompositionUnit rst buildsathree-lerel GaussiarPyra-
mid by passinghetheincomingright andleft imageshroughlow-passlters andsub-
sampling.The pyramidsarethendecomposethto threeorientationg(-45°, 0°, +45°)
usingG2/H2steerablelters. G2/H2 ltering is implementedisinga setof sevenbasis
Iters. By choosinga setof propercoefcients for the linear combinationof the basis
Iters, lters of ary arbitrary orientationcan be synthesisedSince G2/H2 lters are
X-Y separablethey requireconsiderablylesshardware resourcegshannon-separable
Iters. The lter outputis reducedo a 16-bit representatiomvhich is thensentto the
Phase-Correlationnit.

ThePhase-Corelation Unit computesherealpartof thevotingfunctionCj;s (x; )
asmentionedn Eq.1foralll s S,1 | F,0 D, whereS is thetotal
numberof scalesF is thetotalnumberof orientationsandD is themaximumallowed
disparity

The PhaseCorrelation Unit is implementedusing two shiftable correlationwin-
dows (seeFigure4) insteadof a x edwindow asis thetraditionalapproachOnewin-
dow, the Primary Tracking Window (PTW) usestemporalinformationto performcor-
relationin alocalisedregion for eachpixel. Thetrackingalgorithmis currentlya very
simpleone;thewindow is centredat thedisparityestimategfrom the previousframefor
a given pixel. More complex algorithmscanbe usedasdiscussedn Sectiond4. When
propagatingdisparity estimatesdetweenframes,it is necessaryo considerthat such
algorithmssuffer from therisk of gettingstuckin alocal minima(wrongmatchesj4],
especiallyduringtheinitial frames.We have employedaninitialisation stageto obtain
anaccuratalisparitymap.A secondvindow, the SecondarRovingWindow (SRW) (see
Figure5) doesanincrementakearchup to auserspeci ablemaximumdisparityvalue.
The incrementsare setequalto lengthof the correlationwindow, L, but thesecanbe
modi ed by a useratrun-time The SRV alsoaidesin recovery from a mismatchafter
theinitialisationstageln situationswhereanew objectentershesceneor aregion be-
comedis-occludedthe SRV will pick up this new informationandprovide a disparity
estimatewith a highercon dencevaluethanthe PTW, which canthenlatchon to this
new estimateThereis atradeof betweerthetime to recoseryfrom amismatchandthe
maximumdisparitythatthe systemcanhandle For amaximumdisparityof 128 pixels
with incrementof 10 pixels perframefor the SRV, the worst-casdime to recoveryis
233 milliseconds.
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Fig.5. PTWis correctlytrackingthe peak(denotedoy an X) in the con dencemeasureén (a).In
(b), PTW haslosttrackof the peak,but SRV haspickedit up. PTWwill latchonto this estimate
atthenext frame.

The Inter polation/Peak-DetectionUnit interpolatesthe voting function results,
Cj; 2(x; ) andC;; 4(x; ), from the two coarserscalesjn bothx and domainssuch
thatthey canbe combinedwith theresultsfrom the nest scale Cj; 1(x; ). Quadrature
interpolationis performedin the domainandconstaninterpolationin the x domain.
Theinterpolatedvoting functionsarethencombinedacrosghe scalesandorientations
to produceoverall voting function C(x; ). The peakin the voting function is then
detectedor eachpixel asthe maximumvalueof C(x; ).

The ConsistencyCheck Unit receves the estimateddisparity resultsfrom both
left-right and right-left correlationsand performsa validity checkon the results.The
disparityvalueis acceptedasvalid if the resultsfrom thetwo correlationwindows do
not differ by morethanone pixel. The checled disparity valuesare thensentbackto
the videointerfaceunit to be displayedon a monitor. The invalid valuesare assigned
specialag for displaypurposes.

4 Performanceand Suggestions

Thesterecsystempresentedh this papemerformsmulti-scale multi-orientationdepth
extractionfor disparitiesup to 128 pixels usingroughly the sameamountof hardware
resourceasthe previoussystenthatis capableof handlingdisparitiesof only 20 pixels
[5]. A densedisparitymapis producedat the rate of 30 frames/ secondfor animage
sizeof 480x 640pixels.In termsof the Pointsx Disparity per secondmetricmeasure,
thesystems theoreticallycapableof achieving aperformancef over330million PDS,
whichis considerablygreaterthantheary of theotherslisted[18, 5].

To betterunderstantheworkingsof themodi ed correlationunit, welook atresults
from two realimagesequencedhe rst, MDR-1, is ascenewith a staticcameraanda
moving personandhasa maximumdisparityof around16 pixels. The second MDR-
2, is a more complex scenewith a moving personand a moving camera,and hasa
maximumdisparityof approximatel\30 pixels.

Frame2 of the MDR-1 sequencés shovn in Figure6 (a). The disparitymapdur-
ing the initialisation stageis shawn in (Figure 6 (c)) andthe disparity map oncethe
systemhassettledinto the globalminimumis shavn in Figure6 (d). For this particu-
lar sequencehe algorithmsettlesinto the global minimum by the secondframe. The
disparity map from the x ed correlationwindow of [5] is showvn in Figure 6 (b) for
comparison.
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Fig. 6. In sequenc®DR-1, we seethatthe proposedange-&pansionalgorithm(d) matcheghe
original algorithm(b) by frame2. The rst framefrom the range-&pansionalgorithmis shavn
in ().

In Figure 7 we shav the differencein recovery time for the casesvhenthe sec-
ondarycorrelationwindow is shiftedup to adisparityof: i) 70 pixelsandii) 30 pixels.
Figure7 (a)shovsframellfor caseg(i); theresultsstartto deterioratdut arecompletely
recoveredby frame 15, Figure7 (b). For case(ii), the resultsdeteriorateat frame 12,
Figure7 (c), andarealreadyrecoveredby frame 13, Figure 7 (d). In the MDR-1 se-
quencewe know that the maximumdisparityis around16 pixels andin suchcases
wherewe have prior knowledgeof the scenetheability to selectthe maximumdispar
ity parametercanyield betterresults.The disparity mapsfrom the MDR-2 sequence

Framell Framel5 Framel2 Framel3
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Fig. 7. Therecovery time for the systemwith a maximumsecondanshift of 70 pixelsis shavn
in (&) and(b). This canbereducedby usinga smallermaximumshift, e.g. 30 pixelsasshavn in
(c) and(d). In thelattercaserecovery occursin oneframeasopposedo four.

for frame4 (Figure8 (a)) areshawn in Figure 8 (b) for theimplementatiorin [5] and
Figure 8 (c) for our implementationln [5], wherethe maximumdisparityis limited
to 20 pixels, the systemcannothandlethis sequencavhereasour systemshavs good
results.

A numberof variationsof the designcanbeimplementedo achieve betterresults
withouthaving to make any changeso thecorrelationunit. Insteadf thesimpletracker
thatwe arecurrentlyusingfor the PTW, a tracker basedon a constant-elocity motion
modelcanbe usedto achieve bettertracking.The velocity estimatecanbe obtainedoy
takingthedifferencebetweerdisparitiesn theprevioustwo framesy; = d: 2 d; 1,
wherev; is thepredicteddisparityvelocity for thecurrentframe.Similarly, thelocation
of the secondaryindow canbe computedusinga probabilisticlik elihoodestimaten-



steadof the pre-determinedoving locations.Otheroptionsinclude the possibility of
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Fig. 8. In sequencIDR-2, we seethat the proposedrange-&pansionalgorithm (c) performs
signi cantly betterthan the original algorithm (b). The disparity map using a larger primary
correlationwindow of 13 pixels(d) is a slightimprovementover (c).

concatenatinghetwo correlationwindows aftertheinitialisationstagesoasto support
greatemovementof objectsfrom oneframeto the next. The decisionof whento con-
catenatethe windows andwhento usethemindividually in parallel canbe madeby
a simple countof the numberof invalid disparity estimatesafter the validationcheck
phaseThis canbe donefor the wholeimage,region by region, or evenfor individual
pixels. Theissueof boundaryoverreachin correlationbasedalgorithms[15] canalso
be solved by simply shifting the correlationwindows by L=2, whereL is the length
of the correlationwindow, sothatthewindow doesnot crossover anobjectboundary
All of thesemodi cations requirethe implementatiorof a post-processingtagethat
generateshe appropriatenput parametergor the correlationunit without having to
make internalchangedo the correlationunit itself.

Theuseof thecorrelationunitis notlimited to a stereo-systenit canalsobeusedn
othersystemssuchasobjectrecognitionusingtemplatematching for e.g., appearance
modelsfor objectrecognition.Thetwo correlationwindows canbe usedindependently
to searchdifferentregionsof animagetherebyspeedingup the searchprocessor they
canbecombinedo supportalargertemplate.

5 Summary

We have presenteén FPGA-basedeal-timestereosystenthatis capableof handling
very large disparitiesusinglimited hardwareresourcesWe achieve this by designinga
novel architecturdor the correlationunit andalsosuggespossibleusesof the correla-
tion unit in variationsof the sterecalgorithmandevenusesn differentalgorithms.
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