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Abstract. In this paper, we discussthe designand implementationof a Field-
ProgrammableGateArray (FPGA)basedstereodepthmeasurementsystemthat
is capableof handlinga very largedisparityrange.Thesystemperformsrecti�-
cationof theinputvideostreamanda left-right consistency checkto improve the
accuracy of theresultsandgeneratessubpixel disparitiesat 30 frames/secondon
480� 640 images.Thesystemis basedontheLocalWeightedPhase-Correlation
algorithm[9] which estimatesdisparityusinga multi-scaleandmulti-orientation
approach.ThoughFPGAsare ideal devices to exploit the inherentparallelism
in many computervision algorithms,they have a �nite resourcecapacitywhich
posesa challengewhenadaptinga systemto dealwith large imagesizesor dis-
parity ranges.In this work, we take advantageof thetemporalinformationavail-
ablein a videosequenceto designa novel architecturefor thecorrelationunit to
achieve correlationover a largerangewhile keepingtheresourceutilisationvery
low ascomparedto anaive approachof designinga correlationunit in hardware.

1 Intr oduction

Stereodisparityestimationis a prime applicationfor embeddedcomputervision sys-
tems.Sincestereocanprovide depthinformation, it haspotentialusesin navigation
systems,robotics,objectrecognitionandsurveillancesystems,just to namea few. Due
to thecomputationalcomplexity of many stereoalgorithms,anumberof attemptshave
beenmadeto implementsuchsystemsusinghardware[2,10,14,19], includingrecon-
�gurable hardwarein theform of FPGAs[6,11,20,12,18,5]. In relatedwork, [1] im-
plementsLucas& Kanadeoptic �o w usingFPGAs.Solutionsbasedon recon�gurable
hardwarehave thedesirablepropertyof allowing thedesignerto take advantageof the
parallelisminherentin many computervisionproblems,not theleastof which is stereo
disparityestimation.

While designingwith FPGAs is fasterthan designingApplication Speci�c ICs
(ASICs), it suffers from the problemof �x ed resources.In an applicationbasedon a
serialCPUor DSP, onecantypically addmemoryor disk spaceto allow thealgorithm
to handlea largerversionof the sameproblem,for examplelarger imagesizesor in-
creaseddisparityrangesin thecaseof stereo.Systemperformancemaysuffer, but the
new systemstill runs.In thecaseof FPGA-basedsystems,thereis a �nite amountof
logic available,andwhenthis is exhaustedtheonly solutionis to addanotherdeviceor



modify thealgorithm.Not only is thiscostlyfrom thedesignpointof view, but mayalso
involve theadditionaldesignissueof how to partitionthelogic acrossseveraldevices.

In this paperwe presentthedevelopmentof a versatilereal-timestereo-visionplat-
form. The systemis an improvementof an earlierone[5] andaddressesspeci�c lim-
itations of the previous system;capability to handlevery large disparities,improv-
ing theaccuracy of thesystemby pre-processing(input imagerecti�cation) andpost-
processing(consistency check),and �nally the ability to handlelarger images.The
highlightof thework is thedevelopmentof a novel architecturefor thePhaseCorrela-
tion Unit thatcanhandlethecorrespondencetaskfor sceneswith very largedisparities,
but without increasedresourceusageon the FPGA, ascomparedto [5] which is ca-
pableof handlinga disparityof only 20 pixels. The key to achieving large disparity
correspondencematchesis theuseof ashiftablecorrelationwindow thattracksthedis-
parity estimatefor eachpixel over time, aswell asa roving correlationwindow that
exploresthe correlationsurfaceoutsidethe rangeof the trackingwindow in order to
detectnew matcheswhentheshiftablewindow is centredon an incorrectmatch.The
basicassumptionis that,in mostcases,disparityvaluesdonotchangeradicallybetween
frames,thusallowing someof thecomputationto bespreadover time.

In Section2, we brie�y outline the technologyusedin this work andtheplatform
usedfor the systemdevelopment.In Section3, we cover the theoreticalbasisof the
phase-basedstereoalgorithmandthendescribethearchitectureandimplementationof
thesystem.Section4 discussestheresultsandtheuseof thecorrelationunit in alternate
situations.

1.1 PreviousWork

A varietyof recon�gurablestereomachineshave beenreported[18,12,20,6,11]. The
PARTS recon�gurablecomputer[18] consistsof a 4 � 4 arrayof mesh-connectedFP-
GAs with a maximumtotal numberof about35,0004-input LUTs. A stereosystem
wasdevelopedon PARTS hardwareusingthecensustransform,whichmainly consists
of bit-wisecomparisonsandadditions[20]. Kanadeetal.[12] describea hybridsystem
usingC40digital signalprocessorstogetherwith programmablelogic devices(PLDs,
similar to FPGAs)mountedonboardsin aVME-busbackplane.Thesystem,whichthe
authorsdo not claim to be recon�gurable,implementsa sum-of-absolute-differences
alongpredeterminedepipolargeometryto generate5-bit disparityestimatesat frame-
rate.In Faugeraset al.[6], a 4 � 4 matrix of smallFPGAsis usedto performthecross-
correlationof two 256� 256 imagesin 140 ms. In Hou et al.[11], a combinationof
FPGA andDigital SignalProcessors(DSPs)is usedto performedge-basedstereovi-
sion.Their approachusesFPGAsto performlow level taskslike edgedetectionand
usesDSPsfor higherlevel integrationtasks.In [5] adevelopmentsystembasedon four
Xilinx XCV2000Edevicesis usedto implementadense,multi-scale,multi-orientation,
phase-correlationbasedstereosystemthat runsat 30 frames/second(fps). It is worth
notingthatnotall previoushardwareapproacheshavebeenbasedonrecon�gurablede-
vices.In [13], aDSP-basedstereosystemperformingrecti�cation andareacorrelation,
calledtheSRI SmallVision Module,is described.ASIC-baseddesignsarereportedin
[16,2] andin [19] commoditygraphicshardwareis used.



2 Recon�gurable Computing Platform

2.1 Field-ProgrammableGateArrays

An FPGAis anarrayof logic gateswhosebehaviour canbeprogrammedby theend-
userto performa wide varietyof logical functions,andwhich canbe recon�guredas
requirementschange.FPGAsgenerallyconsistof four major components:1) Logic
blocks/elements(LB/LE); 2) I/O blocks;3) Logic interconnect;and4) dedicatedhard-
warecircuitry. Thelogic blocksof anFPGAcanbecon�guredto implementbasiccom-
binatoriallogic (AND, OR,NOR,etcgates)or morecomplex sequentiallogic functions
suchasasmicroprocessor. Thelogic interconnectin anFPGAconsistsof wire segments
of varyinglengthswhichcanbeinterconnectedvia electricallyprogrammableswitches.
Thedensityof logic blocksusedin anFPGAdependsonthelengthandnumberof wire
segmentsusedfor routing.

Most modernFPGAsalsohave variousdedicatedcircuitry in additionto the pro-
grammablelogic.Thesecomein theform of high-speedandhigh-bandwidthembedded
memory, dedicatedDSPblocks,Phase-Locked Loops(PLLs) for generatingmultiple
clocks,andevengeneralpurposeprocessors.TheFPGAweareusingin oursystem,the
Altera Stratix S80,comeswith threedifferentmemoryblock sizes;512 bits, 4 Kbits,
and512 Kbits for a maximumof 7 Mbits of embeddedmemoryand22 DSPblocks
consistingof multipliers,adders,subtractors,accumulators,andpipelineregisters.Fig-
ure1 (a) showsanoverview of theAlteraStratixS80chip [3].

(a) (b)

Fig.1. (a)Typical featuresof amodernFPGA[3]. (b) Transmogri�er-4 recon�gurablecomputing
board[7]

2.2 Transmogri�er -4Recon�gurable Platform

The Transmogri�erFour [7] (b) is a generalpurposerecon�gurableprototypingsys-
temcontainingfour Altera StratixS80FPGAs.Theboardhasspeci�c featuresto sup-
port imageprocessingandcomputationalvisionalgorithms;theseincludedual-channel
NTSCandFireWire camerainterfaces,videoencoder/decoderchip,and2GB of DDR
RAM connectedto eachFPGA.EachFPGAis alsoconnectedto theotherthreeFPGAs
andaPCIinterfaceis providedto communicatewith theboardoveranetwork.Thiscan



beusedto sendcontrolsignalsor for debugging.Theboardwith its majorcomponents
is shown in Figure1 (b).

3 Lar geDisparity Stereo-SystemDevelopment

The systemimplementedin this work is basedon the “Local WeightedPhaseCorre-
lation” (LWPC) algorithm[9], which estimatesdisparityat a setof pre-shiftsusinga
multi-scale,multi-orientationapproach.A versionof this algorithmwasimplemented
in [5] but the systemis limited to handlinga maximumdisparityof 20 pixels dueto
resourcelimitationson theFPGA.In thecurrentimplementation,we usetwo shiftable
windowsin thecorrelationunit to increasethedisparityrangeof thesystemto 128pix-
els (theoretically, thesystemcanbe implementedto handlea disparityrangeaslarge
astheimagewidth) withoutanincreasein resourceusage.Thereis a trade-off between
themaximumdisparitythesystemcanhandleandthe time to initialise thesystemor
recover from a mismatch,typically in therangeof few tensof milliseconds.

3.1 Temporal Local-WeightedPhaseCorr elation

Basedon theassumptionthatat video-rate(30 fps) thedisparityof a givenpixel will
not changedrasticallyfrom oneframethe next, we usetemporalinformationby per-
forming localisedcorrelationusinga window centredon the disparity a pixel is ex-
pectedto have at thecurrentframe.This is discussedfurtherbelow wherewe describe
thearchitectureof thePhaseCorrelationUnit. Disparitycalculationsareperformedat
threescales(1; 2; 4) and in threeorientations(� 45o, 0o, +45o), the resultsof which
aresummedacrossscaleandorientation.Theexpectedinterval betweenfalsepeaksis
approximatelythewavelengthof the �lters appliedat eachscale.Thusthefalsepeaks
at differentscalesoccurat differentdisparitiesandsummationover thescalesyieldsa
prominentpeakonly at the true disparity[9]. The detailsof theLWPCalgorithmcan
be found in [8]. Step2 of the algorithmre�ecting the incorporationof the temporal
informationis shown below:

2. For eachscaleandorientation,computelocal voting functionsCj;s (x; � ) in a win-
dow centredat � c as

Cj;s (x; � ) =
W (x) 
 [Ol (x)O�

r (x + � )]
p

W (x) 
 jOl (x)j2
p

W (x) 
 jOr (x)j2
; (1)

whereW (x) is a smoothing,localizedwindow and� is the pre-shiftof the right
�lter outputcentredat thedisparityof thepixel from thepreviousframe.

In addition,pre-processing(imagerecti�cation) andpost-processing(left-right / right-
left validationcheck)stagesarealsoimplementedto increasetheaccuracy of thesys-
tem.



3.2 SystemAr chitecture

The high level architectureof the completesystemis shown in Figure2. It consists
of six major units: Video Interfaceunit, ImageRecti�cation unit, Scale-Orientation
Decompositionunit, Phase-Correlationunit, InterpolationandPeakDetectionunit, and
Consistency Checkunit.

Im
ag

e 
R

ec
tif

ic
at

io
n

G
au

ss
ia

n 
P

yr
am

ic
&

 S
te

ea
ra

bl
e 

F
ilt

er
in

g

G
au

ss
ia

n 
P

yr
am

ic
&

 S
te

ea
ra

bl
e 

F
ilt

er
in

g

M
ul

ti-
S

ca
le

Le
ft-

R
ig

ht
 P

ha
se

C
or

re
la

tio
n

M
ul

ti-
S

ca
le

C
or

re
la

tio
n

R
ig

ht
-L

ef
t P

ha
se

Q
ua

dr
at

ur
e

In
te

rp
ol

at
io

n
Q

ua
dr

at
ur

e
In

te
rp

ol
at

io
n

P
ea

k 
D

et
ec

tio
n

P
ea

k 
D

et
ec

tio
n

S
te

re
o 

-
H

ea
d

le
ft 

im
ag

e
rig

ht
 im

ag
e

rig
ht

 im
ag

e
le

ft 
im

ag
e

disparity estimate, d

V
id

eo
 I 

/ O

V
id

eo
 I 

/ O

or
ig

in
al

re
ct

ifi
ed

C
on

si
st

en
cy

 C
he

ck

Fig.2. High-level architectureof thestereosystem

TheVideo Interface Unit is capableof receiving videosignalsfrom eitherNTSC
or FireWire camerasat 30 fps andanimagesizeof 480� 640. In additionto thepixel
values,theVideoInterfaceUnit output“new line” and“new frame”signals.Thedatais
sentto the Image Recti�cation Unit asit arriveswithout any buffering. This unit runs
on thecamera clock.

The Image Recti�cation Unit (Figure3) treatsthe left input asthe referenceim-
ageandrecti�es the right input usingbilinear interpolation[17]. A stereo-setupwith
a worst-caseverticalmisalignmentof 32 scanlinesbetweenthe left andright imageis
assumed,whichrequiresbufferingof 64scanlinesof boththeleft andright image.This
unit, asthe restof the systemexcept the Video I/O Unit, run on the systemclock. A
synchronisercircuit is designedto handleglitch-freetransferof databetweenthe two
asynchronousclocks.

Thewarpingoperationfor imagerecti�cation is approximatedusingthefollowing
bicubicpolynomial:

x
0

= a0 + a1x + a2y + a3x2 + a4xy + a5y2

+ a6x3 + a7x2y + a8xy2 + a9y3

y
0

= b0 + b1x + b2y + b3x2 + b4xy + b5y2

+ b6x3 + b7x2y + b8xy2 + b9y3 ; (2)

wheretheai andbi coef�cients arecomputedby of�ine calibration.
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Fig.3. Architectureof ImageRecti�cation Unit.
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Fig.4. Modi�ed correlation unit with two
shiftablewindows.

TheScale-OrientationDecompositionUnit �rst buildsathree-levelGaussianPyra-
mid by passingthetheincomingright andleft imagesthroughlow-pass�lters andsub-
sampling.The pyramidsarethendecomposedinto threeorientations(-45o, 0o, +45o)
usingG2/H2steerable�lters. G2/H2�ltering is implementedusingasetof sevenbasis
�lters. By choosinga setof propercoef�cients for the linearcombinationof thebasis
�lters, �lters of any arbitraryorientationcanbe synthesised.SinceG2/H2 �lters are
X-Y separable,they requireconsiderablylesshardwareresourcesthannon-separable
�lters. The �lter outputis reducedto a 16-bit representationwhich is thensentto the
Phase-Correlationunit.

ThePhase-CorrelationUnit computestherealpartof thevotingfunctionCj;s (x; � )
asmentionedin Eq.1 for all 1 � s � S, 1 � j � F , 0 � � � D , whereS is thetotal
numberof scales,F is thetotalnumberof orientations,andD is themaximumallowed
disparity.

The PhaseCorrelation Unit is implementedusing two shiftablecorrelationwin-
dows (seeFigure4) insteadof a �x edwindow asis thetraditionalapproach.Onewin-
dow, thePrimary Tracking Window(PTW) usestemporalinformationto performcor-
relationin a localisedregion for eachpixel. Thetrackingalgorithmis currentlya very
simpleone;thewindow is centredat thedisparityestimatefrom thepreviousframefor
a givenpixel. More complex algorithmscanbe usedasdiscussedin Section4. When
propagatingdisparityestimatesbetweenframes,it is necessaryto considerthat such
algorithmssuffer from therisk of gettingstuckin a local minima(wrongmatches)[4],
especiallyduringtheinitial frames.We have employedaninitialisationstageto obtain
anaccuratedisparitymap.A secondwindow, theSecondaryRovingWindow(SRW) (see
Figure5) doesanincrementalsearchup to auser-speci�ablemaximumdisparityvalue.
The incrementsaresetequalto lengthof thecorrelationwindow, L , but thesecanbe
modi�ed by a userat run-time. TheSRW alsoaidesin recovery from a mismatchafter
theinitialisationstage.In situationswhereanew objectentersthesceneor a regionbe-
comesdis-occluded,theSRWwill pick up thisnew informationandprovideadisparity
estimatewith a highercon�dencevaluethanthePTW, which canthenlatchon to this
new estimate.Thereis atradeoff betweenthetimeto recoveryfrom amismatchandthe
maximumdisparitythatthesystemcanhandle.For amaximumdisparityof 128pixels
with incrementsof 10 pixelsperframefor theSRW, theworst-casetime to recovery is
233milliseconds.
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The Inter polation/Peak-DetectionUnit interpolatesthe voting function results,
Cj; 2(x; � ) andCj; 4(x; � ), from the two coarserscales,in bothx and� domainssuch
thatthey canbecombinedwith theresultsfrom the�nest scale,Cj; 1(x; � ). Quadrature
interpolationis performedin the� domainandconstantinterpolationin thex domain.
Theinterpolatedvoting functionsarethencombinedacrossthescalesandorientations
to produceoverall voting function C(x; � ). The peakin the voting function is then
detectedfor eachpixel asthemaximumvalueof C(x; � ).

The ConsistencyCheck Unit receives the estimateddisparity resultsfrom both
left-right andright-left correlationsandperformsa validity checkon the results.The
disparityvalueis acceptedasvalid if the resultsfrom thetwo correlationwindows do
not differ by morethanonepixel. The checkeddisparityvaluesarethensentbackto
the video interfaceunit to be displayedon a monitor. The invalid valuesareassigned
special�ag for displaypurposes.

4 Performanceand Suggestions

Thestereosystempresentedin thispaperperformsmulti-scale,multi-orientationdepth
extractionfor disparitiesup to 128pixelsusingroughly thesameamountof hardware
resourceastheprevioussystemthatis capableof handlingdisparitiesof only 20pixels
[5]. A densedisparitymapis producedat the rateof 30 frames/ secondfor an image
sizeof 480x 640pixels.In termsof thePointsx Disparitypersecondmetricmeasure,
thesystemis theoreticallycapableof achieving aperformanceof over330million PDS,
which is considerablygreaterthantheany of theotherslisted[18,5].

Tobetterunderstandtheworkingsof themodi�ed correlationunit,welookatresults
from two realimagesequences.The�rst, MDR-1, is ascenewith astaticcameraanda
moving person,andhasa maximumdisparityof around16 pixels.Thesecond,MDR-
2, is a more complex scenewith a moving personand a moving camera,and hasa
maximumdisparityof approximately30pixels.

Frame2 of theMDR-1 sequenceis shown in Figure6 (a). Thedisparitymapdur-
ing the initialisation stageis shown in (Figure6 (c)) and the disparitymaponcethe
systemhassettledinto theglobalminimumis shown in Figure6 (d). For this particu-
lar sequencethealgorithmsettlesinto the globalminimum by the secondframe.The
disparitymap from the �x ed correlationwindow of [5] is shown in Figure6 (b) for
comparison.



(a) (b) (c) (d)

Fig.6. In sequenceMDR-1, we seethattheproposedrange-expansionalgorithm(d) matchesthe
original algorithm(b) by frame2. The�rst framefrom therange-expansionalgorithmis shown
in (c).

In Figure7 we show the differencein recovery time for the caseswhenthe sec-
ondarycorrelationwindow is shiftedup to a disparityof: i) 70 pixelsandii) 30 pixels.
Figure7 (a)showsframe11for case(i); theresultsstartto deterioratebutarecompletely
recoveredby frame15, Figure7 (b). For case(ii), the resultsdeteriorateat frame12,
Figure7 (c), andarealreadyrecoveredby frame13, Figure7 (d). In the MDR-1 se-
quence,we know that the maximumdisparity is around16 pixels and in suchcases
wherewe haveprior knowledgeof thescene,theability to selectthemaximumdispar-
ity parametercanyield betterresults.The disparitymapsfrom the MDR-2 sequence

Frame11 Frame15 Frame12 Frame13
(a) (b) (c) (d)

Fig.7. Therecovery time for thesystemwith a maximumsecondaryshift of 70 pixels is shown
in (a) and(b). This canbereducedby usinga smallermaximumshift, e.g. 30 pixelsasshown in
(c) and(d). In thelattercase,recovery occursin oneframeasopposedto four.

for frame4 (Figure8 (a)) areshown in Figure8 (b) for the implementationin [5] and
Figure8 (c) for our implementation.In [5], wherethe maximumdisparity is limited
to 20 pixels,thesystemcannothandlethis sequencewhereasour systemshows good
results.

A numberof variationsof thedesigncanbeimplementedto achieve betterresults
withouthaving to makeany changesto thecorrelationunit. Insteadof thesimpletracker
thatwe arecurrentlyusingfor thePTW, a tracker basedon a constant-velocitymotion
modelcanbeusedto achievebettertracking.Thevelocityestimatecanbeobtainedby
takingthedifferencebetweendisparitiesin theprevioustwo frames,vt = dt � 2 � dt � 1,
wherevt is thepredicteddisparityvelocityfor thecurrentframe.Similarly, thelocation
of thesecondarywindow canbecomputedusinga probabilisticlikelihoodestimatein-



steadof the pre-determinedroving locations.Otheroptionsincludethe possibility of

(a) (b) (c) (d)

Fig.8. In sequenceMDR-2, we seethat the proposedrange-expansionalgorithm(c) performs
signi�cantly better than the original algorithm (b). The disparity map using a larger primary
correlationwindow of 13pixels(d) is a slight improvementover (c).

concatenatingthetwo correlationwindowsaftertheinitialisationstagesoasto support
greatermovementof objectsfrom oneframeto thenext. Thedecisionof whento con-
catenatethe windows andwhento usethemindividually in parallelcanbe madeby
a simplecountof the numberof invalid disparityestimatesafter the validationcheck
phase.This canbedonefor thewhole image,region by region, or evenfor individual
pixels.The issueof boundaryoverreachin correlationbasedalgorithms[15] canalso
besolvedby simply shifting thecorrelationwindows by � L=2, whereL is the length
of thecorrelationwindow, sothatthewindow doesnot crossover anobjectboundary.
All of thesemodi�cations requirethe implementationof a post-processingstagethat
generatesthe appropriateinput parametersfor the correlationunit without having to
make internalchangesto thecorrelationunit itself.

Theuseof thecorrelationunit is notlimited to astereo-system.It canalsobeusedin
othersystemssuchasobjectrecognitionusingtemplatematching,for e.g., appearance
modelsfor objectrecognition.Thetwo correlationwindowscanbeusedindependently
to searchdifferentregionsof animagetherebyspeedingup thesearchprocessor they
canbecombinedto supporta largertemplate.

5 Summary

We have presentedanFPGA-basedreal-timestereosystemthat is capableof handling
very largedisparitiesusinglimited hardwareresources.We achievethis by designinga
novel architecturefor thecorrelationunit andalsosuggestpossibleusesof thecorrela-
tion unit in variationsof thestereoalgorithmandevenusesin differentalgorithms.
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