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Abstract
Theunintentionalscatteringof light betweenneighboringsurfacesin complex projectionenvironmentsincreases
the brightnessand decreasesthe contrast, disrupting the appearanceof the desired imagery. To achieve satis-
factory projection results, the inverse problemof global illumination mustbe solvedto cancelthis secondary
scattering. In this paper, weproposea global illumination cancellationmethodthat minimizestheperceptualdif-
ferencebetweenthedesiredimageryandtheactualtotal illumination in theresultingphysicalenvironment.Using
Gauss-Newtonandactivesetmethods,wedesigna fastsolverfor theboundconstrainednonlinearleastsquares
problemraisedby the perceptualerror metrics.Our solveris further acceleratedwith a CUDA implementation
andmulti-resolutionmethodto achieve1-2 fps forproblemswith approximately3000variables.We demonstrate
the global illumination cancellationalgorithm with our multi-projector system.Resultsshowthat our method
preservesthecolor �delity of thedesiredimagerysigni�cantly betterthanpreviousmethods.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism—Virtual reality, Radiosity

1. Intr oduction

As the brightness,contrast,resolution,andaffordability of
projectorsincreases,large-scaledisplaysandprojectionsys-
temsarebecomingmoreprevalentandcanbeintegratedinto
our physical surroundings.Projection environmentswith
multipleprojectionsurfacesfacingeachothercansuffer dra-
matically from thesecondaryscatteringof light. This unin-
tendedre�ection of light canleadto a scenewith increased
brightness,decreasedcontrast,andlossof color �delity . To
generateprojectionresultsthat most faithfully capturethe
desiredappearance,we must computeappropriateprojec-
tion imagesthat take into accountthis unintentionallight
scattering.Essentiallywe must solve an inverseglobal il-
lumination optimizationproblem– given a physical scene
andadesiredappearance, wecomputetheoptimalprojected
illumination suchthattheactualtotal ill umination,which is
thesumof projectedillumination andsecondaryscattering,
mostcloselymatchesthedesiredappearance.

For theexamplesin this paper, we transformtheappear-
anceof anexisting physicalgeometrywith diffusewhite or

† shengyu@cs.rpi.edu

light grey surfacesinto colorful scenes.By modelingthedif-
fuse illumination transportin the physical model, we are
ableto cancelindirect scatteringof the projectedlight and
moreaccuratelycontrol the total illumination of patchesin
thephysicalmodel.We addressthis problemusinga patch-
basedradiosityframework [GTGB84]. We de�ne Kp to be
the radiosity matrix for the physical model,Bd;i to be the
desiredradiosityof eachpatch,andBp;i to be the radiosity
(re�ection of bothdirectandindirect illumination) of patch
i in the physical environment.Ep;i is the necessaryemitted
light of patchi in thephysicalscene,whichwill beprovided
by direct illumination from the projectors.Using the clas-
sic radiosityequation,reverseradiosity[BGZ� 06,MKO06]
assumesBd;i is alwaysachievable,andletsBp = Bd:

Ep = KpBp = KpBd (1)

Although this methodprovides an exact solution to Equa-
tion (1) with realtimecomputingrates,it may requireneg-
ative emittancesat somephysical patches.To alleviate this
issue,Shenget al. [SYC10] proposeda boundconstrained
optimizationmethodto �nd the optimal Ep that minimizes
the differencebetweenBd andBp = Kp

� 1Ep in the linear
YPbPrcolor space.However, thelinearerrormetricsdo not
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Figure1: Wetransforma simplediffusewhiteroominto a morecolorful roomwith simulatedlight emittedfromthelampshade
and falsewindows.Simplyprojectingthe desired imagery into the sceneresultsin a washedout appearancedueto indirect
scattering. Theexact inversesolutionrequiresnegativelight that is discardedbefore projection.A linear optimizationusing
YPbPrspaceproducesa reasonableresult,but wecanguaranteetheoptimal resultfor humanperceptiononly by solvingthe
problemin a perceptuallyuniformspace, e.g., L*a*b*.

matchhumanperception,andsometimesproducenoticeably
differentresults(Figure1).

We proposea perceptualglobal illuminationcancellation
methodto faithfully preserve thecontrastandcolor �delity
in multi-surfaceprojectionenvironments,suchastheOf�ce
of theFuture[RWC� 98] andarchitecturaldaylightingvisu-
alization[SYYC11]. Ourcontributionsin thispaperinclude:

� A formulationof theobjective function in a perceptually
uniformcolorspace.Wede�ne theerrormetricin theCIE
L� a� b� [McL76] colorspace,whichis commonly usedfor
measuringhumanperceptionof colordifference.

� A fastnonlinearoptimizationalgorithmto solve theper-
ceptualobjectivefunction.Wepresentafastsolver for the
boundconstrainednonlinearleastsquaresproblemwith
theGauss-Newtonandactivesetmethods.

� We leverageGPGPUtechniquesand a multi-resolution
strategy to furtheraccelerateournonlinearsolver. Oural-
gorithmachievesfastcomputingratesandcanbeusedin
iterativedesignapplications.

2. RelatedWork
2.1. Visual Differ enceMetrics

The linear error metric proposed in Sheng et al.'s
work [SYC10] is not a perceptualmeasurementof the dif-
ference.MacAdamellipses[Mac42] demonstratethatequal
distancesin linear color spaces,such as RGB, YPbPr, or
XYZ, do not correspondto equalperceptualdifference.In
contrast,theCIE L� a� b� [McL76] colorspacewasdesigned
to beperceptuallyuniform.An RGBcolortriplet canbecon-
vertedto a triplet (L;a;b) in L� a� b� color space:
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whereT is the 3� 3 transformationmatrix. Xn, Yn, andZn
areCIE XYZ valuesof the referencewhite point. Function
h is apiecewisefunctionde�ned by

h(t) =

(
t

1
3 t > (6=29)3

1
3( 29

6 )2t + 4
29 Otherwise

(3)

The differencebetweenany two colors in L� a� b� is de-
�ned asDE =

p
(L1 � L2)2 + (a1 � a2)2 + (b1 � b2)2. Two

colorsareconsidereddistinguishableif DE is greaterthan
2:3 [McL76]. Metricsbasedon theL� a� b� color spacehave
been designedto evaluate the perceptualdifferencesfor
complex color images[ZW97, CL07]; however, theseerror
metricsaredesignedfor 2D imagesandcannotbe directly
appliedto our3D globalillumination cancellationproblem.

2.2. InverseLighting

Projectors have been widely used to create immersive
or semi-immersive environments for scienti�c visualiza-
tion, education,and entertainment.Photometric calibra-
tion [MS04] and radiometric compensation[NPGB03,
GB08] allow seamlessdisplayvia multipleprojectorsonev-
erydaysurfaces.Whenprojectingimageryinto complex en-
vironments,effectssuchasre�ection andrefractioncanbe
signi�cant andshouldnotbeignored.

Seitzet al. proposetheinter-re�ection cancellationoper-
ator (IRC), which, in theory, canbeusedto cancelindirect
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scatteringfor generalBRDFs[SMK05]. However, acquiring
the full IRC matrix is time consumingandrequiressignif-
icant storage.The light transportmatrix [SCG� 05] models
full light transportbetweena cameraimageandprojection
imageandcapturesavarietyof globalilluminationphenom-
ena.Methodsbasedon the matrix [WB07, BCNR10] 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 thesystem
mustbefully re-calibrated.O'TooleandKutulakos[OK10]
proposea novel methodto performopticalcomputingwith-
out explicitly capturingthe matrix. For diffuse projection
environments,reverseradiosity [BGZ� 06, MKO06] andan
optimizationbasedcancellationmethod[SYC10] havebeen
demonstratedto compensatefor secondaryscattering.

2.3. Nonlinear LeastSquares

Many problemsin computervision andcomputergraphics
can be posedas a NonlinearLeastSquares(NLSQ) opti-
mizationproblemin theform

min
x2Rn

jj f(x) � yjj2 ; (4)

wheref(x) is asmoothRn ! Rm (m� n) nonlinearfunction,
y 2 Rm. For the restof the paper, we only assumem = n.
For NLSQ problems,the second-orderderivative (Hessian)
canbewell approximatedby the�rst-order derivative (Jaco-
bian).Gauss-Newton takesadvantageof this factandtrans-
forms the nonlinearproblemto a linear leastsquaresprob-
lem at eachiteration.The Gauss-Newton method may not
�nd a descentdirectionwhenthe Jacobianmatrix J of the
objectivefunctionis rankde�cient or closeto rankde�cient.
TheLevenberg-Marquardt(LM) method[Lev44] addresses
this problemby addinga damping factorto thediagonalen-
tries of matrix J| J. LM is a hybrid methodof steepestde-
scentandGauss-Newton, and its convergencerate is often
notasfastasGauss-Newton.

Determining if a variable satis�es a bound constraint
is straightforward; therefore,mostboundconstrainedopti-
mizationsolversadopttheactive setstrategy. Theactive set
methoddivides the variablesinto two sets,active and free
variables.TheactivevariableseithersatisfytheKKT condi-
tion or arecloseto boundconstraintsandcanbesolvedby
steepestdescent.For freevariables,traditionalmethodssuch
astheNewton or Quasi-Newton maybeusedto computea
descentdirection.Line searchis thenusedto computeastep
size,andthe�nal resultis projectedto thefeasibleregion.

3. PerceptualGlobal Illumination Cancellation

To optimizethe �nal projection appearancefor humanper-
ception,we formulateour objective function by measuring
the differencebetweenBp andBd in the CIE L� a� b� color
spaceandenforcingthesmoothnessof Bp. Visualinspection

andquantitative comparisonshow thatour errormetricpre-
servescolor �delity signi�cantly betterthanpreviousmeth-
ods.

3.1. PerceptualErr or Metrics

Wede�ne L0
i , a0

i , b0
i astheL� , a� , andb� componentsof each

patchfor the desiredappearance,and Li , ai and bi as the
resultingphysical scenecolor with projection.v andv0 are
3n� 1 (n is thenumberof patches)vectorsde�ned by:

v = [L1; :::;Ln;a1; :::;an;b1; :::;bn]| = [L;a;b]|

v0 = [L0
1; :::;L0

n;a0
1; :::;a0

n;b0
1; :::;b0

n]| ;

r = v � v0 is thedifferencevector.

Theobjective functionconsistsof two parts,theabsolute
termandthespatialterm.

Absolute Err or Term. The �rst term de�nes the area
weightedsum of absoluteluminanceand chrominanceer-
rorsof thephysicalsceneoverall patches:

f abs=
å i Ai [(Li � L0

i)
2 + (ai � a0

i)
2 + (bi � b0

i)
2]

Aavg

= r | W1r ; (5)

whereAi is the areaof patchi in the physical scene,and
is usedto weight the importanceof eachpatchbasedon its
size.Wenormalizethis termby dividing by theaveragearea
of all thepatches.W1 in Equation(5) is a 3n� 3n diagonal
matrix,with Ai

Aavg
aseachdiagonalelement.

Spatial Err or Term. Our secondtermaimsto preserve the
gradientsanddiscontinuitiesbetweenneighboringpatches:

f spt=å
(i; j)2nbd

[(Li � L j ) � (L0
i � L0

j )]
2+ [(ai � a j ) � (a0

i � a0
j )]

2

+ [(bi � b j ) � (b0
i � b0

j )]
2 = r | W2r ;

where(i; j) 2 nbd indicatespatchesi and j shareacommon
edgein the mesh.W2 is a 3n � 3n block diagonalmatrix,
whosediagonalelementis theLaplacianmatrix of thedual
graphof thegeometry.

Complete Objective Function. The completeobjective
function thencanbe computedasa weightedsumof f abs
andf spt: f = a f abs+ (1� a )f spt

= r | [a W1 + (1� a )W2]r = r | Wr : (6)

Theequationcanbedenotedasa functionof Ep by further
transformingr = v� v0. Foreachtriplet (Li ;ai ;bi) in v, it can
berewrittenasanonlinearfunctionof a triplet (Bri ;Bgi;Bbi)
in Bp, by Equation(2) and(3). Thenthe emittanceEp can
becomputedfrom Bp by equation(1).

We usethe black level and maximumbrightnessof the
projectorasboundconstraintsfor ouroptimizationproblem.
Theobjective functionf canbewritten in thegeneralform
of boundconstrainednonlinearleastsquares,

min
x2Rn

jj f(x) � yjj2 ; suchthatl � x � u; (7)
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Figure 2: Four examplescenesillustrate thedifferencesbetweenour perceptualcompensationmethodandpreviouswork. In
each exampleweaim to transformgeometrywith diffusewhitesurfacesinto thedesiredappearanceshownin thetop row. The
�r st twoexamplesdemonstratethathigh frequencydetail texturesmaybecombinedwith theperpatch radiosityvalues.

wheref(x) is aRn ! Rn nonlinearfunction,y 2 Rn. In sec-
tion 4, weproposeanef�cient solver for thisproblem.

3.2. Comparisonof CancellationAlgorithms

We compareperceptualcancellationalgorithmto Shenget
al.'s method[SYC10]. Figure2 shows theresultsof several
moderatelycomplex comparisonexperiments.With these
four examples,we observe that our methodmorefaithfully
preservesthesaturatedcolorsandcontrastin thedesiredim-
agethanpreviouswork. For eachof thesimulationimages,
thecolor differencebetweenthedesiredappearanceandthe
simulatedprojectionresultsof bothalgorithmsis computed
usingtheCIE DE calculation.Table1 lists theper-pixel av-
erageandmaximumDE for eachscene.In all of theexam-
ples, the perceptualcancellation algorithm producesmuch
smallernumericaldifferencesthanShengetal.'s method.

4. Ef�cient Nonlinear Solver

Due to the nonlinearityof perceptualcolor space,we need
to solve anonlinearleastsquaresproblemde�ned by equa-
tion (6) with boundconstraints.In thissection,weprovetwo
importantpropertiesof the objective function,andpropose
a fast nonlinearleast squaressolver basedon the Gauss-
Newtonandactivesetmethods.

4.1. Propertiesof the ObjectiveFunction

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

Proof If a > 0, W is a symmetricpositive de�nite matrix.
R is a 3n � 3n block diagonalmatrix and is the Cholesky
factorizationof W. L, a, andb aretheL*, a*, andb* values
for eachpatchin the physical scene.u is the X, Y, and Z
valuesfor eachpatchin thephysicalscene:

u = [x1; :::;xn;y1; :::;yn;z1; :::;zn]| ; T =

2

4
T11 T12 T13
T21 T22 T23
T31 T32 T33

3

5

T is a 3n � 3n matrix and T i j (i; j = 1;2;3) is a diagonal
matrix with diagonalentriesequalto Ti j in the transforma-
tion matrix T in Equation2. SinceT is invertible,T is non-
singular. TheJacobianof functionf canbewrittenas,

J = R �
¶v
¶u

� T � Kp;
¶v
¶u

=

2

6
4

0 ¶L
¶y 0

¶a
¶x

¶a
¶y 0

0 ¶b
¶y

¶b
¶z

3

7
5 (8)

Eachblock in ¶v
¶u is an n� n diagonalmatrix. For a triplet

(L;a;b), its derivativewith regardsto (x;y;z) is:
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Methods L-shaped columns greentrapezoid interiorpartitions C-shaped bluecurves

Shengetal. 2010 DE=15.46 DE=12.09 DE=10.89 DE=6.35 DE=5.45 DE=9.22

(linear) DEm=50.41 DEm=49.16 DEm=99.31 DEm=79.23 DEm=63.12 DEm=84.98

Ourmethod DE=9.20 DE=10.78 DE=7.01 DE=4.45 DE=4.18 DE=5.63

(perceptual) DEm=41.72 DEm=40.32 DEm=81.21 DEm=64.20 DEm=52.59 DEm=71.08

Table 1: Per pixel average and maximumDE measurements(quantifyinghumanperception)for the four examplescenesin
Figure2 andtwoexamplescenesin Figure4.
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h0(t) is thederivativeof functionh(t) in equation(3), which
is always non-zero.Therefore,matrix ¶v

¶u is always non-
singular. We candraw the conclusionthat J is always full
rankbecauseR, T, andKp arenon-singularmatrices.

Furthermore,a > 0 meansthat thematchingof absolute
luminanceandchrominancefor eachpatchisnecessary. This
propertyleadsto thefollowing corollary,

Corollary 1 For function f de�ned by our problem, the
Gauss-Newton methodwill eitherhave avalid descentdi-
rectionor reachacritical point.

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

Proof Weonly discussproblemsde�ned for realnumbers.

A function f : RN ! RM satis�estheLipschitzconditionif
thereexists a real constantL � 0, suchthat for any x1 and
x2 de�ned in RN, jj f (x1) � f (x2)jj � L jjx1 � x2jj . f is also
called Lipschitz continuous.Due to norm equivalence,we
will focuson theproofof 2-norm.

It is easyto show that any linear mappingfrom RN ! RN

is boundedby the inducednorm of the transformationma-
trix [Mrc95]. Anotherpropertyof Lipschitzcontinuity is that
if both f andg areLipschitz continuous,the product f g is
alsoLipschitzcontinuous.In Equation(8), R; T, andKp are
all linearmappings,thuswe only needto show that theop-
erator¶v

¶u is Lipschitzcontinuous.For u0 2 R3n, ¶v
¶u (u0) can

bedecomposedinto:

¶v
¶u
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with h = [h(t);h(t); : : : ;h(t)]| . Note that in Equation(10),
thematrix is written in block format,eachentry in thema-
trix representsa n � n diagonalmatrix. Sincethe two ma-
trices in Equation(10) are both linear mappings,we only
needto prove that JacobianH0= ¶h

¶t satis�es the Lipschitz

condition.We�rst provethatfunctionh0(t) is Lipschitzcon-
tinuous.

h0(t) =

(
1
3t � 2

3 t > (6=29)3

1
3( 29

6 )2 Otherwise
(11)

For any t1 < t2 2 R,

1. If t1 < t2 � ( 6
29)3, thenjh0(t1) � h0(t2)j = 0, which is al-

waysbounded.
2. If ( 6

29)3 < t1 < t2, dueto themeanvaluetheorem, there
existst 2 [t1; t2], suchthat,

jh0(t1) � h0(t2)j = jh00(t)j � j t1 � t2j �
2
9

�
29
6

� 5

jt1 � t2j:

3. If t1 �
�

6
29

� 3
< t2, it is easyto show that

jh0(t1) � h0(t2)j �
2
9

�
29
6

� 5

j
�

6
29

� 3

� t2j �
2
9

�
29
6

� 5

jt1 � t2j

Therefore,h0(t) is Lipschitzcontinuous.For any two vec-
torsx1;x2 2 R3n,

�
�
�
�H0(x1) � H0(x2)

�
�
�
�
2 �

2
9

�
29
6

� 5

jj x1 � x2jj2

Therefore,H0 is Lipschitz continuous,and we can safely
draw theconclusionthatJ satis�esLipschitzcondition.

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

Corollary 2 The Gauss-Newton methodis locally conver-
gentfor ourobjective function.

4.2. ActivesetGauss-Newtonalgorithm

Corollaries1 and2 supporttheuseof theGauss-Newton al-
gorithm to achieve afastconvergencerate.Using the core
ideaof the active setNewton method[FJ98], we designa
modi�ed Gauss-Newton methodto solve our problem.To
extendtheGauss-Newton methodfor boundconstraints,we
imposetheconstraintson eachsub-problem,which is a lin-
earleastsquaresproblem.In eachiteration,we �rst identify
the active set, the variablesthat “touch” the boundaryand
satisfytheKKT conditions.In otherwords,we �nd all vari-
ablesxi thatsatisfythecondition

xi = l i andÑf i(x) > 0; or xi = ui andÑf i(x) < 0: (12)

Thesevariablescanbe safelydiscardedduring the solving
process,a signi�cant performanceboost.Thenwe compute
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Algorithm 1 ActivesetGauss-Newtonalgorithm
Input: handleto objectivefunction f , initial pointx0, lower

boundl, andupperboundu
Output: Localminimum f val, x

1: x = x0, projectx to [l; u]
2: while notdonedo
3: [ f val;grad;J] = f (x), H = J| J
4: Find all activevariablesthatsatisfyequation(12)
5: Call Algorithm 2 to computedF for freevariables
6: Find stepsizea with Armijo rule [Ber82].
7: x = x+ a d; f valnew = f (x)
8: endwhile

thedescentdirectiondF for thefreevariablesxF with acon-
vex problem:

min d|
F (J| J)F + Ñf F (x)dF ; s.t. lF � xF � dF � uF � xF :

For eachconvex sub-problem,we use a modi� ed pro-
jected Newton method [Ber82] to achieve a fast conver-
gencerate.Insteadof diagonalizingthesub-matrix of active
variablesin theHessian in thetraditionalprojectedNewton
method,we directly remove therows andcolumnsfrom the
Hessianfor an improved running time. The detailedalgo-
rithm of our active set Gauss-Newton methodis listed in
algorithm 1. The modi�ed projectedNewton algorithm is
listedin algorithm2.

To guaranteethe convergenceof our algorithm, we per-
form a line searchin each iteration. The proof of con-
vergencecan be madesimilarly to the active set Newton
method[FJ98], by substitutingBk

F with (J| J)k
F . In practice,

thestepsizecomputedfrom theline searchprocedureis al-
ways1. This is not unexpectedbecauseour objective func-
tion is Lipschitz continuousand the unconstrainedGauss-
Newton methodwithout line searchis locally convergent.
Thereforeour modi� edalgorithmcanwell preserve thefast
convergenceratesof the classicalGauss-Newton method
(without line search).

4.3. Comparisonwith Other Solvers

We compareour algorithmwith two generalnonlinearleast
squaressolvers,a LM methodbasedsolver implementedin
C [Lou04] anda MATLAB solver basedon thetrust-region
re�ective method[CGT88] (“lsqnonlin” function in MAT-
LAB). For afair comparison,weimplementedouralgorithm
bothwith MATLAB andC++.We useBLAS andLAPACK
librariesfrom Intel MKL for bothour C++ implementation
and the LM solver. We ran all threealgorithmsfor all the
examplesin this paperandfoundthatour algorithmis 10 to
30 timesfasterthanthe “lsqnonlin” function,and20 to 25
timesfasterthantheLM solver. Figure3 is aplot of conver-
gencespeedfor eachalgorithm.Fromthecurves,weseethat
our active setGauss-Newton methodhasthefastestconver-
gencespeed.The Levenberg-Marquardtmethodconverges

Algorithm 2 Modi�ed projectedNewtonalgorithm
Input: matrix H, vector f, initial point x0, lower boundl,

andupperboundu
Output: vectorx of a localminimum

1: x = x0, projectinitial x to [l; u]
2: while notdonedo
3: grad = 2� H � f, �nd all activevariables
4: Solve linearsystemHFdF = gradF

5: Computestepsizea = � dF gradF
2dF HF dF

6: x = x+ a � d, projectx to [l; u]
7: Setdone=true if stoppingcriteriais satis�ed.
8: endwhile

similarly fastfor the �rst several iterationsbut thenreverts
to aslowersteepestdescentmethod.

5. SpeedupStrategies

CUDA Implementation CUDA providesan interfaceto
the parallel computingcapabilityof modernGPUs.It also
provideslibrariesfor high performancenumericalcomput-
ing. Our implementationmakesuseof theCUBLAS, CUS-
PARSEandThrustlibraries.WealsouseCULA, aGPULA-
PACK library, to solve linearequationson theGPU.We use
single precision�oating point computationwith our GPU
implementation.We�nd thattheaccuracy with singlepreci-
sionis suf�cient for our application.For all theexamplesin
this paper, the differencesbetweenthe optimal resultusing
single precision and doubleprecisionare lessthan 0:05%
anddonot causeany visualdifference.

The CUDA implementationof our solver greatly im-
provesthecomputingspeed.On a desktopmachinewith an
NVIDIA GeForceGTX 480graphicscardandIntel Core2
QuadQ9450CPU, it takes32-50secondsfor our C++ im-
plementationto convergefor systemswith ~3000variables.
TheCUDA implementationrequires1.8-2.4seconds.
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Figure 3: Comparisonof theconvergencespeedsfor differ-
ent algorithmsfor a testcasewith 2880variables.Our al-
gorithmconvergesin 7 iterations,while othermethodsneed
more iterations. The log scaleof this plot emphasizesthe
dramaticslowingof convergencewith theLM method.In this
example, LM needsmore than 150 iterations to converge,
andwedonotplot all theiterations.

c
 2011TheAuthor(s)
c
 2011TheEurographicsAssociationandBlackwellPublishingLtd.



Y. Sheng, B. Cutler, C. Chen& J. Nasman/ PerceptualGlobal IlluminationCancellationin Complex ProjectionEnvironments

ge
om

et
ry

/m
at

er
ia

ls

S
he

ng
et

al
.2

01
0

(photo) (photo) (photo)

de
si

re
d

ap
pe

ar
an

ce

ou
r

m
et

ho
d

(photo) (photo)

ge
om

et
ry

/m
at

er
ia

ls

S
he

ng
et

al
.2

01
0

(photo) (photo) (photo)

de
si

re
d

ap
pe

ar
an

ce

ou
r

m
et

ho
d

(photo) (photo)

Figure 4: Two examplescenesillustrate thedifferencesbetweenour methodand Shenget al.'s method.We presentboth the
renderingsof theexpectedcomputersimulationsandphotographicresultsfromour physicalprojectionexperiments.Wedid not
calibrate thecamera; thus,comparisonof viewpointandcolor of thesimulationsto thephotographsis anapproximatematch.

Multi-r esolution A multi-resolution method has been
adoptedin our current implementation.We build a coarse
mesh with roughly one eighth as many patchesas the
�ne one.A simple correspondenceis establishedbetween
patchesin differentresolutionsallowing thedesiredappear-
anceinformationto be pushedfrom high resolutionto low
resolutionandthento pull thesolutionprojectiondatafrom
low resolution to initialize the optimizationat high resolu-
tion. Implementationdetailscanbe found in Section5.5.2
of [She11]. In practice,with the multi-resolutionstrategy,
theoptimizationalgorithm is 2 to 4 timesfaster, converging
in 0.5-1.0seconds,which is acceptablefor iterative design
applications.Our implementationof the linear compensa-
tion method[SYC10] runs at 6 fps, 3 time fasterthan the
perceptualcompensationmethod.

6. Physical SystemDemonstration

We constructeda multi-projectorenvironmentfor architec-
tural daylightingvisualization[SYYC11] to furtherdemon-
strateour perceptualglobal illumination cancellationalgo-

rithm. Theprojectionsurfacesin this spacehave re�ectance
r = 0:9 and six calibratedprojectorsdisplay the solution
imagesonto thesesurfaces.Our perceptualcancellational-
gorithm preserves color �delity and overall appearanceof
the desiredscenesigni�cantly better than Shenget al.'s
method[SYC10]. Figure 4 shows the resultsof two com-
parisonexperimentsboth in simulationandalsowith pho-
tographsof ourphysicaltestenvironment.For the�rst exam-
ple (“C-shaped”)theapparentcolor of theleft �at wall pro-
ducedwith the linearcompensationalgorithmis red,which
doesnot matchthedesiredappearance.In contrast,our per-
ceptualmethodaccuratelyportraysthe desiredyellow ap-
pearanceof this surface.The companionvideo shows that
the temporalappearanceof the left �at wall is inconsistent
whenapplying the linear compensationmethod,while our
new perceptualmethodis consistent.In thesecondexample
in Figure4 (“blue curves”),with ourmethod,thesharpcon-
trastbetweenthebluewalls andthewhite wall on theright
is muchmoreaccuratelycaptured.TheDE metricsfor these
two examplesareshown in Table1.
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7. Conclusionsand Futur eWork

We presenta perceptualglobal illumination cancellation
framework for complex multi-surfacediffuseprojection en-
vironmentsthat is practicalfor interactive applications.We
formulatetheproblemasaboundconstrainednonlinearleast
squaresoptimizationproblemanddesigna fastsolverbased
on active setGauss-Newton methods.We demonstrateour
algorithm within a physical multi-projector environment.
Resultsshow thatour cancellationmethodcanpreserve the
appearanceof thedesiredimagerymorefaithfully thanpre-
viousmethods.

We seeseveral interestingavenuesfor futurework in this
area.Our analysisof the result imagesis limited to a per-
pixel DE comparison.Futurework on image-basedpercep-
tual differences[MMS04] that alsotake into accountcolor
differenceswill allow a morecompleteanalysisof our re-
sults. Due to the limited memory on the GPU, our algo-
rithm is currentlylimited to 2500surfacepatches(7500vari-
ables).Therefore,improving thescalabilityof thealgorithm
is aninterestingtopic.We alsowantto prove thatour active
setGauss-Newton algorithmalsohasthe local convergence
propertywithout usingline search.TheLipschitzcontinuity
of the JacobianJ and consistentperformanceof the tech-
niquein practicesuggestthatconvergenceis guaranteed.Fi-
nally, it may alsobe useful to extend the methodto allow
non-diffuselight transportwithin thesystem.
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