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Abstract

Theunintentionalscatteringof light betweemeighboringsurfacesin comple projectionervironmentsncreases
the brightnessand deceasesthe contrast, disrupting the appeaanceof the desred imagery. To achieve satis-
factory projection reaults, the inverse problemof global illumination mustbe solvedto cancelthis secondary
scattering In this paper we proposea global illumination cancellationmethodthat minimizeghe perceptualdif-
ferencebetweerthedesiedimagery andtheactualtotal illuminationin theresultingphysicalervironmentUsing
Gauss-Neton and activesetmethodswe designa fastsolverfor the boundconstainednonlinearleastsquaes
problemraisedby the perceptualerror metrics.Our solveris further acceleatedwith a CUDA implementation
and multi-resolutionmethodto achieve 1-2 fps for problemswith approximately3000variables.We demonstate
the global illumination cancellationalgorithm with our multi-projector sysem. Resultsshowthat our method

preserveshecolor delity of thedesiedimagery signi cantly betterthan previousmethods.

Catagories and SubjectDescriptors(accordingto ACM CCS) 1.3.7 [Computer Graphics]: Three-Dimensional

GraphicsandRealism—\irtual reality, Radiosity

1. Intr oduction

As the brightnesscontrast,resolution,and affordability of
projectordancreasedarge-scalalisplaysandprojectionsys-
temsarebecomingmoreprevalentandcanbeintegratedinto
our physical surroundings.Projection ervironments with
multiple projectionsurfacedacingeachothercansufer dra-
matically from the secondaryscatteringof light. This unin-
tendedre ection of light canleadto a scenewith increased
brightnessdecreasedontrastandlossof color delity . To
generateprojectionresultsthat most faithfully capturethe
desiredappearanceywe must computeappropriateprojec-
tion imagesthat take into accountthis unintentionallight
scattering.Essentiallywe must solve an inverseglobal il-
lumination optimization problem— given a physical scene
andadesiredappearancaeve computethe optimal projected
illumination suchthatthe actualtotal ill umination,which is
the sumof projectedillumination andsecondanscattering,
mostcloselymatcheshedesiredappearance.

For the examplesin this paper we transformthe appear
anceof anexisting physical geometrywith diffusewhite or
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light grey surfacednto colorful scenesBy modelingthedif-

fuse illumination transportin the physical model, we are
ableto cancelindirect scatteringof the projectedlight and
more accuratelycontrol the total illumination of patchesn

the physicalmodel. We addresghis problemusinga patch-
basedradiosityframevork [GTGB84. We de ne K, to be
the radiosity matrix for the physical model, By to be the
desiredradiosity of eachpatch,andBp; to be the radiosity
(re ection of bothdirectandindirectillumination) of patch
i in the physical environment.E; is the necessargmitted
light of patchi in the physicalscenewhichwill be provided
by directillumination from the projectors.Using the clas-
sic radiosityequation reverseradiosity[BGZ 06, MKOO06

assumes8y; is awaysachievable,andletsBp = By:

Ep: Kpo: Kde (1)

Although this methodprovides an exact solutionto Equa-
tion (1) with realtimecomputingrates,it may requireneg-
ative emittancesat somephysical patchesTo alleviate this
issue,Shenget al. [SYC1( proposeda boundconstrained
optimizationmethodto nd the optimal Ep, that minimizes
the differencebetweenBy andBp = Ky “Ep in thelinear
YPbPrcolor spaceHowever, thelinearerrormetricsdo not



Y. ShengB. Cutler, C. Chen& J. Nasman' PerceptualGlobal lllumination Cancellationin Complex ProjectionErvironments

desired appearance

geometry & materials

projection projection

Bimber et al. 2006
Figure 1: We transforma simplediffusewhiteroominto a more colorful roomwith simulaedlight emittedfromthelampshade
and falsewindows.Simplyprojectingthe desiled imagery into the sceneresultsin a washedout appeaencedueto indirect
scattering The exactinverse solutionrequires negative light that is discaded before projection. A linear optimizationusing
YPbPrspaceproducesa reasonablegesult,but we can guaranteethe optimal resultfor humanperceptiononly by solvingthe
problemin a perceptuallyuniformspacee.g., L*a*b*.

uncompensated

matchhumanperceptionandsometimeproducenoticeably
differentresults(Figurel).

We proposea perceptuaflobalillumination cancellation
methodto faithfully presere the contrastandcolor delity
in multi-surfaceprojectionervironments suchasthe Of ce
of the Future[RWC 98] andarchitecturadaylightingvisu-
alization[SYYC11]. Ourcontritutionsin this paperinclude:

A formulationof the objective functionin a perceptually
uniformcolorspaceWe de ne theerrormetricin theCIE
L a b [McL76] colorspacewhichis commonly usedor
measurindhumanperceptiorof color difference.

A fastnonlinearoptimizationalgorithmto solve the per
ceptualobjective function.We presentafastsolverfor the
boundconstrainechonlinearleastsquaregproblemwith
the Gauss-Nevton andactive setmethods.

We leverageGPGPUtechniquesand a multi-resolution
strat@y to furtheraccelerat®ur nonlinearsolver. Our al-
gorithmachiezesfastcomputingratesandcanbe usedin
iterative designapplications.

2. RelatedWork
2.1. Visual DifferenceMetrics

The linear error metric proposed in Sheng et al's
work [SYC1( is not a perceptuaimeasurementf the dif-

ference MacAdamellipses]Mac4 demonstrat¢hatequal
distancesin linear color spacessuc as RGB, YPbPr or

XYZ, do not correspondo equalperceptualifference.In

contrasttheCIEL a b [McL76] colorspacevasdesigned
to beperceptuallyuniform. An RGBcolortriplet canbecon-
vertedto atriplet (L;a;b) inL a b colorspace:

exact radiosity inverse (reverse radiosity)

YPrPb optimization L*a*b* optimization

projection projection

Sheng et al. 2010 our method

2 3
2 . 3 116h(Yin) 16 2 X 3 2R3
4 5 5:5500 h(x) h(§) £;4 Y 5=T4G5; (2)
b 200 h({) h($) z B

whereT is the3 3 transformatiormatrix. Xn, Yn, andZ,
areCIE XYZ valuesof the referencewhite point. Function
h is apiecavisefunctionde ned by

t3 t> (6=29)3

h(t) =
(t) 1(®)2%t+ 5 Otherwise

®3)

The differerlpebetweenary two colorsin L a b is de-
ned asDE= " (L; Lp)2+ (a; ap)2+ (by by)2 Two
colorsare consideredlistinguishablef DE is greaterthan
2:3[McL76]. Metricsbasedbnthel a b colorspacehave
been designedto evaluate the perceptualdifferencesfor
comple colorimages[ZW97, CLO7]; however, theseerror

metricsaredesignedor 2D imagesand cannotbe directly
appliedto our 3D globalillumination cancellatiorproblem.

2.2. InverseLighting

Projectors have been widely used to create immersie
or semi-immersie ervironmentsfor scienti ¢ visualiza-
tion, education,and entertainment.Photometric calibra-
tion [MS04 and radiometric compensation[NPGB03
GBO0§ allow seamlesslisplayvia multiple projectorson ev-
erydaysurfaces Whenprojectingimageryinto comple en-
vironments effectssuchasre ection andrefractioncanbe
signi cant andshouldnotbeignored.

Seitzetal. proposetheinter-re ection cancellationoper
ator (IRC), which, in theory canbe usedto cancelindirect
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scatterindor generaBRDFs[SMKO05]. However, acquiring
the full IRC matrix is time consumingand requiressignif-

icant storage.The light transportmatrix [SCG 05] models
full light transportbetweena cameraimageand projection
imageandcapturesvarietyof globalillumination phenom-
ena.Methodsbasedon the matrix [WBO07, BCNR1Q pro-

duceprojectionimagesby solving a linear equation.How-

ever, calibration of the transportmatrix is both time and
storageconsuming,and furthermore,when the projection
surfacesor projectorcon gurationsaremodi ed the system
mustbe fully re-calibratedO'Toole andKutulakos [OK10]

proposea novel methodto performoptical computingwith-

out explicitly capturingthe matrix. For diffuse projection
ervironments reverse radiosity[BGZ 06, MKOO0§ andan
optimizationbasedcancellatiormethod[SYC1(Q have been
demonstratetb compensatéor secondarscattering.

2.3. Nonlinear Least Squares

Marny problemsin computervision and computergraphics
can be posedas a Nonlinear Least SquaresNLSQ) opti-
mizationproblemin theform

minjif(4)  Yiiz; @

wheref(x) isasmoothR"!  R™(m n) nonlinearfunction,
y 2 R™. For the restof the paper we only assumem= n.
For NLSQ problems the second-ordederiative (Hessian)
canbewell approximatedy the rst-order derivative (Jaco-
bian). Gauss-Nwiton takesadwantageof this factandtrans-
formsthe nonlinearproblemto a linear leastsquaregrob-
lem at eachiteration. The Gauss-Neton method may not
nd a descendirectionwhenthe Jacobiarmatrix J of the
objective functionis rankde cient or closeto rankde cient.
The Levenbeg-Marquardt(LM) method[Lev44] addresses
this problemby addinga dampig factorto the diagonalen-
tries of matrix J/ J. LM is a hybrid methodof steepestie-
scentand Gauss-Neiton, andits corvergencerateis often
notasfastasGauss-Neton.

Determiningif a variable satis es a bound constraint
is straightforward; therefore,mostboundconstraned opti-
mizationsolversadoptthe active setstrat@y. Theactive set
methoddivides the variablesinto two sets,active and free
variablesTheactive variableseithersatisfythe KKT condi-
tion or arecloseto boundconstraintsand canbe solved by
steepestiescentFor freevariablesfraditionalmethodsuch
asthe Newton or Quasi-Nevton may be usedto computea
descentirection.Line searchis thenusedto computea step
size,andthe nal resultis projectedo thefeasibleregion.

3. Perceptual Global lllumination Cancellation

To optimizethe nal projection appearancér humanper
ception,we formulateour objective function by measuring
the differencebetweenB, andBg in the CIEL a b color
spaceandenforcngthesmoothnessf By. Visualinspection

¢ 2011TheAuthor(s)
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andquantitatve comparisorshav thatour error metric pre-
senescolor delity signi cantly betterthanprevious meth-
ods.

3.1. Perceptual Err or Metrics

Wede ne LY, a0 bPasthel ,a ,andb componentsf each
patchfor the desiredappearanceandL;, g andb; asthe
resultingphysical scenecolor with projection.v andvg are
3n 1 (nisthenumberof patchesyectorsde ned by:

v= [Lg;sblniag; s an by bl = [Lsasb]
vo= [LY:50%a9; 8l 0909
r=v \vgisthedifferencevector

The objective function consistsof two parts,the absolute
termandthe spatialterm.

Absolute Error Term. The rst term de nes the area
weightedsum of absoluteluminanceand chrominanceer-
rorsof the physicalsceneover all patches:

oo Al L)2+ (& a)?+ (b b
abs~ Aavg
= rlwir; ()

whereA; is the areaof patchi in the physical scene,and
is usedto weighttheimportanceof eachpatchbasedon its
size.We normalizethis termby dividing by theaveragearea
of all the patchesW, in Equation(5) isa3n 3n diagonal
matrix, with A%g aseachdiagonalelement.

Spatial Err or Term. Oursecondermaimsto presere the
gradientsanddiscontinuitieshetweemeighboringpatches:

fsp=d L L) (P LP+ia a) & P
(i;2nbd

+[(bi by () B)P= rlwor;

where(i; j) 2 nbdindicatespatches and j shareacommon
edgein the mesh.W5 is a3n 3n block diagonalmatrix,
whosediagonalelements the Laplacianmatrix of the dual
graphof thegeometry

Complete Objective Function. The completeobjective
function thencanbe computedas a weightedsumof f 55
andfspt = afgpet (1 a)f spt

=l [aWi+ (1 a)Wor = rlwr: (6)

The equationcanbe denotedasa function of Ep by further
transforming = v vq. Foreachtriplet(L;; a;;b;) inv, it can
berewritten asa nonlinearfunctionof atriplet (Byj; B;; By;)
in Bp, by Equation(2) and(3). Thenthe emittanceEp can
becomputedrom By by equation(1).

We usethe black level and maximumbrightnessof the
projectorasboundconstraintgor our optimizationproblem.
Theobjective functionf canbewrittenin the generafform
of boundconstrainedonlineareastsquares,

injjf ii»: suchthatl : 7
minj (X) Viip; suchthatl  x u; (7)
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L-shaped

columns

Shengetal. 2010 Desired appearance

Our method

interior partitions

Figure 2: Four examplescenesllustrate thedifferencesbetweerour perceptualcompensatiomethodand previouswork. In
ead examplewe aim to transformgeometrywith diffusewhite surfacednto the desied appeaanceshownin thetop row. The
r sttwo examplesddemonstatethat high frequencydetail texturesmaybe combinedwith the per patc radiosityvalues

wheref(x) isaR" ! R" nonlinearfunction,y 2 R". In sec-
tion 4, we proposeanef cient solver for this problem.

3.2. Comparison of Cancellation Algorithms

We compareperceptuakancellationalgorithmto Shenget
al's method[SYC1Q. Figure?2 shows theresultsof several
moderatelycomplex comparisonexperiments.With these
four examples,we obsere that our methodmore faithfully

preseresthesaturatedolorsandcontrasin thedesiredm-

agethanpreviouswork. For eachof the simulationimages,
the color differencebetweerthe desiredappearancandthe
simulatedprojectionresultsof bothalgorithmsis computed
usingthe CIE DE calculation.Table1 lists the perpixel av-

erageandmaximumDE for eachsceneln all of the exam-
ples, the perceptualcancelation algorithm producesmuch
smallernumericaldifferencegshanShengetal's method.

4., Ef cient Nonlinear Solver

Due to the nonlinearityof perceptuakolor spacewe need
to solve anonlinearleastsquaregproblemde ned by equa-
tion (6) with boundconstraintsin this sectionwe prove two

importantpropertiesof the objective function, and propose
a fast nonlinearleast squaressolver basedon the Gauss-
Newton andactive setmethods.

4.1. Propertiesof the Objective Function

Property 1 The Jacobianmatrix J of functionf is always
full rankif a > 0.

Proof If a > 0, W is a symmetricpositive de nite matrix.
R is a3n 3n block diagonalmatrix andis the Choleslky
factorizationof W. L, a, andb aretheL*, a*, andb* values
for eachpatchin the physical scene.u is the X, Y, andZ
valuesfor eachpatchin the physicalscene:

2 3
Tin T2 Ti3
U= [xgonxmynnymzeinzall s T=4To Top Tosd
Tar T3 Tas3

Tisa3n 3nmatrixandTijj (i;j = 1;2;3) is a diagonal
matrix with diagonalentriesequalto Tj; in the transforma-
tion matrix T in Equation2. SinceT is invertible, T is non-
singular The Jacobiarof functionf canbewritten as,

2, 2 )3
_ fiv v H
=R g T Kpigo= 4 3—2 05 (@8
o Ib fb
Ty 1z

Eachblock in ﬂ—‘é isann n diagonalmatrix. For a triplet
(L;a;b), its dervative with regardsto (x;y; 2) is:

Cc 2011TheAuthor(s)
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Methods L-shaped columns | greentrapezoid| interior partitions | C-shaped | bluecurves
Shengetal. 2010 | DE=15.46 | DE=12.09 DE=10.89 DE=6.35 DE=5.45 DE=9.22

(linear) DEn=50.41 | DE©=49.16 DEM=99.31 DEn=79.23 DEn=63.12 | DE=84.98
Ourmethod DE=9.20 | DE=10.78 DE=7.01 DE=4.45 DE=4.18 DE=5.63

(perceptual) DEn=41.72 | DE®=40.32 DEn=81.21 DEn=64.20 DEn=52.59 | DEZ=71.08

Table 1: Per pixel average and maximumDE measuementgquantifyinghumanperception)for the four examplescenesn

Figure 2 andtwo examplescenesn Figure 4.

2
1161.Q Y
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ht) is thederivative of functionh(t) in equation(3), which
is always non-zero.Therefore,matrix % is always non-
singular We candraw the conclusionthat J is always full
rankbecausd, T, andK, arenon-singulamatrices. []

Furthermorea > 0 meanghatthe matchingof absolute
luminanceandchrominancdor eachpatchis necessaryf his
propertyleadsto thefollowing corollary,

Corollary 1 For function f de ned by our problem, the
Gauss-Neiton methodwill eitherhave avalid descentdi-
rectionor reacha critical point.

Property 2 TheJacobiaimmatix J (Eq (8)) satis estheLip-
schitzcondition.

Proof We only discussproblemsde ned for realnumbers.

A function f : RN RM satis esthe Lipschitz conditionif
thereexists arealconstant. 0, suchthatfor ary x; and
xo denedin RV, jif(x)) f(o)ii Ljixa xjj. f is also
called Lipschitz continuous Due to norm equivalence,we
will focusonthe proofof 2-norm.

It is easyto shav thatary linear mappingfrom RN | RN
is boundedby the inducednorm of the transformatiorma-
trix [Mrc95]. Anotherpropertyof Lipschitzcontinuity is that
if both f andg areLipschitz continuousthe productfg is
alsoLipschitzcontinuousin Equation(8), R; T, andK are
all linear mappingsthuswe only needto shav thatthe op-
erator% is LipschitzcontinuousFor ug 2 R, I¥(ug) can

' u
be decomposeihto:
2 116 3 02 1 0 03 1
v o Thag X
o (ug)=4 5% s g —r% 0 & 0 bufk
flu 0 200 200 fit 0 o L
Yn Zn Zn
(10)

the matrix is written in block format, eachentryin the ma-
trix representa n n diagonalmatrix. Sincethe two ma-
tricesin Equation(10) are both linear mappings,we only
needto prove that JacobiarH®= %—rt‘ satis esthe Lipschitz

¢ 2011TheAuthor(s)
¢ 2011TheEurographicsAssociationandBlackwell PublishinglLtd.

condition.We rst provethatfunctionhqt) is Lipschitzcon-
tinuous. ( L2 5
st 3 t> (6=29
= 3 29\2 ( )
3(%)

. (11)
Otherwise

Forarytj < t) 2 R,

L lfti<ty ()3 thenjht) hYt)j = 0, whichis al-
waysbounded.

2. If (2—69)3 < t1 < tp, dueto the meanvaluetheoren, there
existst 2 [t1; to], suchthat,

. oo .2 29 % N
i) M=t L § 5 it
3
3.1fty £ <ty itiseasytoshaw that
. 2205 6 % 2 205
Jho(tl) ho(tz)l 9 6 59 to) 9 6 Jta

Thereforeht) is LipschitzcontinuousFor any two vec-
torsxy;x; 2 R,

HYx) HY%) ,

2 20°
9 6 X1 Xollp

Therefore,HO is Lipschitz continuous,and we can safely
draw theconclsionthatJ satis esLipschitzcondition. []

The second property leads to the following Corol-
lary [LHW10].

Corollary 2 The Gauss-Naton methodis locally corver
gentfor our objectie function.

4.2. Active setGauss-Newtonalgorithm

Corollariesl and2 supportthe useof the Gauss-Naiton al-
gorithmto achieve afastcorvergencerate. Using the core
idea of the active setNewton method[FJ99g, we designa
modi ed Gauss-Neton methodto solve our problem.To
extendthe Gauss-Ne&ton methodfor boundconstraintsyve
imposethe constrainton eachsub-problemwhichis alin-
earleastsquaregproblem.In eachiteration,we rst identify
the active set, the variablesthat “touch” the boundaryand
satisfythe KKT conditions.In otherwords,we nd all vari-

ablesx; thatsatisfythe condition
x = lj andNf(x) > 0; orx = uy; andNf(x) < 0:  (12)

Thesevariablescanbe safely discardedduring the solving
processa signi cant performanceéoost.Thenwe compute

toj
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Algorithm 1 Active setGauss-Neiton algorithm

Algorithm 2 Modi ed projectedNewton algorithm

Input: handleto objectivefunction f, initial pointxg, lower
boundl, andupperboundu
Output: Local minimum fval, x
1: X = X, projectx to[l; u]
2: while notdonedo
3 [fvalgrad;J] = f(x),H=JJ
4:  Findall active variableshatsatisfyequation(12)
5:  Call Algorithm 2 to computedg for freevariables
6: Findstepsizea with Armijo rule [Ber83.
7. x=x+ad; fvalhey= f(X)
8: endwhile

thedescentirectiondg for thefreevariablesxg with acon-
vex problem:

min d (A )e+ Nfp()de; stle xe de UE  Xg:

For eachcorvex sub-problemwe usea modi ed pro-
jected Newton method[Ber87 to achieve a fast corver
gencerate.Insteadof diagonalizingthe sub-marix of active
variablesin the Hessan in the traditional projeded Newton
methodwe directly remove the rows andcolumnsfrom the
Hessianfor an improved running time. The detailedalgo-
rithm of our active set Gauss-Neton methodis listed in
algorithm 1. The modi ed projectedNewton algorithm is
listedin algorithm2.

To guaranteghe corvergenceof our algorithm, we per
form a line searchin eachiteration. The proof of con-
vergencecan be madesimilarly to the active set Newton
method[FJ94, by substitutingBk with (3! J)K. In practice,
the stepsizecomputedrom theline searchprocedures al-
ways1. Thisis not unexpectedbecauseur objective func-
tion is Lipschitz continuousand the unconstrainedsauss-
Newton methodwithout line searchis locally corvergent.
Thereforeour modi edalgorithmcanwell preerve the fast
cornvergencerates of the classicalGauss-Neton method
(withoutline search).

4.3. Comparisonwith Other Solvers

We compareour algorithmwith two generalnonlinearleast
squaresolvers,a LM mehodbasedsolver implementedn
C [Lou04 anda MATLAB solver basedon thetrust-region
re ective method[CGT89 (“Isgnonlin” function in MAT-
LAB). For afair comparisonye implementeduralgorithm
bothwith MATLAB andC++. We useBLAS andLAPACK
librariesfrom Intel MKL for both our C++ implementation
andthe LM solver. We ran all threealgorithmsfor all the
examplesin this paperandfoundthatour algorithmis 10to
30 timesfasterthanthe “Isgnonlin” function, and 20 to 25
timesfasterthantheLM solver. Figure3 is aplot of conver-
gencespeedor eachalgorithm.Fromthecurves,we seethat
our active setGauss-Nevton methodhasthe fastestorver-
gencespeed.The Levenbeg-Marquardtmethodcorverges

Input: matrix H, vectorf, initial point xg, lower boundl,
andupperboundu

Output: vectorx of alocal minimum

1. X = X, projectinitial x to [I; u]

2: while notdonedo

3: grad=2 H f, nd all active variables

4:  SolwelinearsystemHgdg = gradg

5. Computestepsizea = %ﬁ;—i%%

6: x=x+a d,projectxto]l; u]

7:  Setdone#rueif stoppingcriteriais satis ed.

8: endwhile

similarly fastfor the rst severaliterationsbut thenreverts
to a slower steepestlescenmethod.

5. SpeedupStrategies

CUDA Implementation CUDA provides an interfaceto
the parallel computingcapability of modernGPUs.It also
provideslibrariesfor high performancenumericalcomput-
ing. Our implementatiormakesuseof the CUBLAS, CUS-
PARSEandThrustlibraries.We alsouseCULA, aGPULA-

PACK library, to solve linearequation®n the GPU.We use
single precision oating point computationwith our GPU
implementationWe nd thattheaccurayg with singlepreci-
sionis sufcient for our application.For all the examplesin

this paper the differencesbetweenthe optimal resultusing
single precison and double precisionare lessthan 0:05%
anddo not causeary visualdifference.

The CUDA implementationof our solver greatly im-
provesthe computingspeed On a desktopmachinewith an
NVIDIA GeForceGTX 480graphicscardandintel Core2
QuadQ9450CPU, it takes 32-50seconddor our C++im-
plementatiorto corverge for systemswith ~3000variables.
The CUDA implementatiorrequiresl.8-2.4seconds.

6.6 T T

T
64l » Our method
’ \‘/ ‘‘‘‘‘ Trust-Region

6.2 Levenberg-Marquardf-

6 . 4

€ 58r N 7

D .

2 56 SN, q
5.4f =. 1
521 N k!

st o S Laa - ,

0 é £O 1‘5 26 ) 2‘5_ 3‘0 3‘5 4‘0 4‘5 50
iteration

Figure 3: Comparisorof the corvergencespeeddor differ-
entalgorithmsfor a testcasewith 2880variables.Our al-
gorithmconvergesin 7 iterations,while othermethodsieed
more iterations. The log scale of this plot emphasizeshe
dramaticslowingof corvergencewith theLM methodIn this
example LM needsmore than 150 iterationsto corvermge,
andwedonotplot all theiterations.
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Figure 4: Two examplescenedllustrate thedifferencesbetweemur methodand Shenget al's method We presentboth the
renderingf theexpecteccomputersimulationsand photayraphicresultsfromour physicalprojectionexperiments\e did not
calibrate thecamen; thus,comparisorof viewpointand color of the simulationsto the photayraphsis an approximatematd.

Multi-r esolution A multi-resolution method has been
adoptedin our currentimplementationWe build a coarse
mesh with roughly one eighth as mary patchesas the
ne one.A simple correspondences establishedetween
patchesdn differentresolutionsallowing the desiredappear
anceinformationto be pushedfrom high resolutionto low
resolutionandthento pull the solutionprojectiondatafrom
low resoution to initialize the optimization at high resolu-
tion. Implementationdetailscanbe found in Section5.5.2
of [Shell. In practice,with the multi-resolutionstrateyy,
the optimizationalgorithmis 2 to 4 timesfaster corverging
in 0.5-1.0secondswhich is acceptabldor iterative design
applications.Our implementationof the linear compensa-
tion method[SYC1Q runsat 6 fps, 3 time fasterthanthe
perceptuatompensatiomethod.

6. Physical SystemDemonstration

We constructech multi-projectorervironmentfor architec-
tural daylightingvisualization[SYYC11] to furtherdemon-
strateour perceptuaplobal illumination cancellationalgo-

¢ 2011TheAuthor(s)
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rithm. The projectionsurfacesin this spacehave re ectance
r = 0:9 andsix calibratedprojectorsdisplay the solution
imagesonto thesesurfaces.Our perceptuakancellational-
gorithm preseres color delity and overall appearancef
the desiredscenesigni cantly better than Shenget al's
method[SYC1(Q. Figure 4 shawvs the resultsof two com-
parisonexperimentsboth in simulationandalsowith pho-
tographof our physicaltestervironment.For the rst exam-
ple (“C-shaped”)the apparentolor of theleft at wall pro-
ducedwith the linear compensatiomlgorithmis red, which
doesnot matchthe desiredappearancdn contrastour per
ceptualmethodaccuratelyportraysthe desiredyellow ap-
pearanceof this surface. The companionvideo shows that
the temporalappearancef theleft at wall is inconsistent
when applying the linear compensationrmethod,while our
new perceptuamethodis consistentln the secondexample
in Figure4 (“blue curves”), with our method the sharpcon-
trastbetweerthe blue walls andthe white wall on the right
is muchmoreaccuratelycapturedThe DE metricsfor these
two examplesareshavn in Tablel.
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7. Conclusionsand Futur e Work

We presenta perceptualglobal illumination cancellation
frameawork for comple« multi-sufacediffuseprojedion en-
vironmentsthatis practicalfor interactve applicatons. We
formulatetheproblemasaboundconstrainedhonlineatdeast
square®ptimizationproblemanddesigna fastsolver based
on active set Gauss-Neiton methods We demonstrateur
algorithm within a physical multi-projector environment.
Resultsshav that our cancellatiormethodcanpresere the
appearancef the desiredmagerymorefaithfully thanpre-
viousmethods.

We seeseveralinterestingavenuedor futurework in this
area.Our analysisof the resultimagesis limited to a per
pixel DE comparisonFuturework on image-basegercep-
tual difference{MMSO04] that alsotake into accountcolor
differenceswill allow a more completeanalysisof our re-
sults. Due to the limited memoryon the GPU, our algo-
rithms currentlylimited to 2500surfacepatcheg7500vari-
ables).Thereforejmproving the scalabilityof thealgorithm
is aninterestingtopic. We alsowantto prove thatour active
setGauss-Nwiton algorithmalsohasthelocal corvergence
propertywithout usingline searchThe Lipschitz continuity
of the Jacobian] and consistentperformanceof the tech-
niguein practicesuggesthatcorvergenceis guarateed Fi-
nally, it may also be usefulto extend the methodto allow
non-difuselight transportwithin the system.
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