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Abstract

A major limitation of existing projection display sys-
tems is that they rely on a high quality screenfor pro-
jecting images. We believe that relaxing this restriction
will make projectors more useful and widely applicable.
The fundamental problem with using an arbitrary sur-
facefor a screenis that the surfaceis bound to have its
own colors and textures (bricks of a wall, painting on a
wall, tiles of a ceiling, grain of a wooden door, etc.) or
surface markings (paint imperfections, scratches, nails,
etc.). As a result, when an image is projected onto the
surface, the appearanceof the image is modulated by
the spatially varying re ectance properties of the sur-
face. Humans are very sensitive to such modulations.

In this paper, we presert a method that enablesa pro-
jector to display imagesonto an arbitrary surface suc
that the quality of the imagesis presened and the ef-
fects of the surface imperfections are minimized. Our
method is basedon an e cien t o -line radiometric cali-
bration that usesa camerato obtain measuremeis from
the surfacecorresponding to a set of projected images.
The calibration results are then used on-line to com-
pensateead display image prior to projection. Seeral
experimental results are shovn that demonstrate the
advantagesof using our compensation method.

1 Intro duction

In the last decade, projection display technology has
undergonea revolution. Projectors are able to display
imageswith very high spatial resolution and dynamic
range. At the sametime, they have becomehighly ef-
cient in terms of their power consumption as well as
their physical padkaging. In addition, their designshave
gonethrough signi cant innovations that have reduced
their pricesto levelsthat make them a consumerprod-
uct. The end result of all of theseadvancesis that the
projector has becomeubiquitous; it is now an integral
part of our everyday lives.

In recert years, seweral display systemshave been de-
velopedthat useprojectors asthe basicbuilding blocks.
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For instance, a set of projectors have beenusedto de-
velop a large seamlesshigh resolution display [9, 5, 3,
8], to createimmersive ervironments [1, 17], to produce
high quality imagesthat have seweral componert images
[12], and to eliminate shadows cast on the screen[21].
Projectors have alsobeenusedto changethe appearance
of a real object [18]. For instance, a Lambertian white
object can be made to appear like one with texture.
If the obsener's position is known, the appearance of
the object can even include specular and transparency
e ects [4].

The above applications rely on someprior information
about the projectors and the surfacethey project onto.
In most casesthe geometric mapping betweenthe pro-
jector(s) and the screenmust be known [2, 6, 10]. When
displaying multiple overlapping images,the photometric
properties of the projectors must be calibrated and ac-
counted for [11, 19, 20]. A corvenien way to solve these
geometric and photometric calibration problems is by
incorporating one or more camerasinto the system|[16,
22,13].

The above e orts have signi cantly enhancedthe capa-
bilities of projectors. However, there remains an open
problem that sewerely limits the use of projectors. Any
projection systemrequires a high quality screento en-
sure that its output is pleasing to the obsener. We
believe that relaxing this requiremert will make the
projector a more useful and more widely used device.
Clearly, the need for a screenis inherent to the no-
tion of a projection system. Howewer, if a projector
can project its imagesonto virtually any surface(walls,
doors, drapes,ceilings, etc.) without sacri cing the pho-
tometric quality of its output, it immediately becomes
a more versatile and powerful device.

The fundamertal problem with using an arbitrary sur-
facefor a screenis that the surface cannot be assumed
to be a white, matte one. It is bound to have its own
colors and textures (bricks of a wall, painting or poster
on a wall, tiles of a ceiling, grain of a wooden door,
etc.) or at least surface markings (paint imperfections,
scratches,nails, etc.). As aresult, whenanimageis pro-
jected onto an arbitrary surface,the appearanceof the
image is modulated by the spatially varying re ectance



properties of the surface. Humans are very sensitive to
such modulations. One may assumethat the problem
can be more or lessremedied if the projector is pow-
erful (bright) enough. However, the modulation due to
the surfaceis a multiplicativ e e ect and henceincreas-
ing the brightnessdoesnot changethe proportion of the
modulation.

In this paper, we preser a projector-camerasystemthat

displays imagesonto an arbitrary surfacesud that the
quality of the imagesis presened and the e ects of the
surface imperfections are minimized (ideally, made in-
visible to the obsener). The developmert of suc a sys-
tem requires us to build a detailed radiometric model
that takesus all the way from a display image to the
image captured by the camera. Basedon this model, we
dewelop a simple and yet e ectiv e calibration method
that obtains the required data without knowing the ra-
diometric parameters of the individual componerts of
the system. The calibration scheme only involves the
projection and capture of a set of images. The cali-
bration results are usedon-line to compensateead dis-
play image prior to projection. The compensation step
is very simple and hence can be done at frame-rate.
The endresult is that the imperfectionsof the arbitrary

projection surface are made to vanish and the surface
behaveslike a high quality screen.We show seeral ex-
perimental results that demonstrate the advantages of
using our radiometric compensation algorithm.

Finally, we describe a compensationalgorithm that does
not usethe o -line radiometric calibration but instead a
cortinuous (on-line) feedbadk approad. This algorithm
is simple but has the disadvantage that, for any given
display image, a few iterations (display and capture) are
neededto achieve compensation. However, the feedbak
algorithm can be very e ectiv e when used with radio-
metric compensation; feedbad is usedto only correct
for errors (residues)in the radiometric compensation.

2 Radiometric Model of a Pro jector-
Camera System

The projector-camerasystemwe have usedin our work
is shawn in Figure 1. The projector is a Sory SVGA
VPL-CS5 model. It hasa native resolution of 800 600
pixels. We have constructed a large variety of textured
screens(one of which is shown in the gure) for testing
our algorithms. Thesescreensare in the form of posters
that canbe easily changedduring experimentation. The
camerawe have usedis a Sory DXC 950 Power HAD
model with a resolution of 640 480 pixels. Our algo-
rithms are run on a Dell Precision 330 computer with a
Pentium P4 (1.8 GHz) processorand 1 Gb of memory.
Imagesare sert out to the projector via a ATI Radeon
VE display card and imagesfrom the cameraare cap-
tured using a Matrox Meteor Il frame-grabber.

Textured Screen

Figure 1: The projector-camera system we have usedin our
experiments. Imagesare displayed using a Sony SVGA VPL-
CS5 projector and captured using a Sory DXC 950 Power
HAD camera. The calibration and compensation algorithms
are run on a Dell Precision 330 computer that usesan ATI
Radeon VE card to output imagesand a Matrox Meteor 11
frame-grabber to capture images.

Figure 2 shaows the complete data o w pipeline for the
projector-camerasystem. An image | chosenby a user
is processedby the display device beforeit is received
by the projector. The projected image is re ected by
the screenand captured by the camera. The output
of the camerais then digitized by the capture device
to obtain the nal measuredimage M. Although our
focusis on the radiometric properties of this system,we
rely on knowing the correspondencebetween points in
the display image | and the measuredimage M. We
briey describe the calibration we useto determine the
geometric mapping between points in the two images
(see[15] for details).

We model the mapping between the two coordinate
frames using piecewisesecond-orderpolynomials. Let
a point x; = [x;;yi]" in the display image map to the
point Xm = [Xm;Ym]" in the measuredimage, as shown
in Figure 2. The polynomial model can be concisely

INote that a projector-camera system can be designed such
that the mapping between the displayed and acquired images is
xed and is una ected by the location or the shape of the screen.
This is achieved by making the optics of the projection and the
imaging systems coaxial. For instance, the same lens can be used
by the projector and the camera by means of a beam-splitter
placed behind the lens. Alternativ ely, two dieren t lenses can
be used for the projector and the camera with a beam-splitter
placed in front of the two lenses. In these cases,there is no need
for geometric calibration. The use of coaxial optics has the added
benet that all points that are visible to the projector are also
visible to the camera; there is no possibility of occlusion.
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Figure 2: The complete geometric and radiometric data o w
pipeline for a projector-camera system.

written as:
Xi = AfRm;
Xm = BZ%i; (1)
where:
Rm = [XmZYmZXmYm Xm Ym 1]T;
% = X% vi?2 xiyi xioy 1" (2

A and B are 2 6 matrices that include the unknown
coe cien ts of the mappings. Given a set of correspond-
ing points in the two images, the coe cien t matrices
A and B are easily computed using the least squares
method. The corresponding points are obtained by pro-
jecting 1024squarepatchesuniformly spacedin the dis-
play domain. The patches are e cien tly scanned by
using binary coding; the correspondencesfor all 1024
patchesare obtained using just 10 projected images[15].

Instead of using a single polynomial model for the en-
tire projection area, we have divided the camera do-
main into 4 4 = 16 blocks and computed a separate
model for eat block. This piecewiseapproach produces
very accurateresults asit canaccommalate for geomet-
ric distortions that may be causedby the optics of the
projector and the camera as well as the surface being
smoothly curved rather than planar. The nal geomet-
ric mappings (both ways) betweenthe projector and the
cameraare stored as look-up tables; each point in one
domain is usedas an index to obtain the corresponding
point in the other. Our piecewisepolynomial model re-
sults in very high mapping accuracy The maximum and
RMS errors producedby the mapping werelessthat 0.6
display pixels and 0.19 display pixels, respectively [15].

With the geometric mapping in place, we can now fo-
cusour attention on the radiometric model. Onceagain,
considerFigure 2. Wewill developthe model for a single
point on the screen,noting that the samemodel can be
used (with possibly di erent parameters) for any other

point on the screen. Note that ead of the devicesin
our system will have its own unknown, non-linear ra-
diometric response. Since the processof radiometric
compensation requires us to invert these responses,we
will assumethat the individual responsesare monotonic.
This is a reasonableassumption as all the devicesare
expectedto increasein output with input.

The projector and cameramay have multiple spectral
(color) channels. For now, let us assumethat the pro-
jector hasonly a singlechanneldenotedby K. The pixel
value I in the display imageis transformed to D by
the radiometric responsedyx of the display device:

Dk = dk (Ik): ®3)

The output of the display device is mapped by the ra-
diometric responseof the electronicsof the projector to
a projector brightnessvalue as

Pk = pk (Dk): 4)

This projector brightnessis modulated by the spectral
responsewg () of the projector channelto producethe
screenirradiance

Ex()=Pxwk(): )

Let the spectral re ectance of the irradiated screenpoint
be s( ) in the viewing direction of the camera. Then,
the radiance of the screenpoint in the direction of the
cameracan be written as

L ()=Pxwe()s(): (6)

Now, let us assumethat radiance of the screenpoint
is being measuredby a camera with a single spectral
channel L with quantum eciency q_( ). Then, the
irradiance detected by the cameradetector is:

z

CL=Pc we()s()a()d (7)
This irradiance is processedby the electronics of the
camerato producethe nal cameraoutput

BL =0 (C); (8)

where by is the radiometric responseof the camera. Fi-
nally, the camera output is mapped to the nal mea-
sured brightnessby the capture device (frame-grabber):

9)

The above expressions,together, give us the relation
between brightnessesin the display image and the -

nal captured image. With this model in place, we can
explore what happensin the caseof multiple color chan-
nels. It isimportant to note that the spectral responses

ML =my(Bp):



of the projector and camera channels can be arbitrary

and are unknown to us. Let us assumethat the pro-
jector and the camera eat have three color channels
(R;G;B)2. Then, we can extend the above radiometric
model and write it compactly using vectorsand matrices
as

C =VP; (10)
where:
2 3 2 3 2 3
Cr VeRr Vrc Vgrs Pr
C=4Cso;V=4 Ver Vo Vo 2;P =4 Pg 9;
Cs Ver Vec VeB Ps

Z
Vkr = wk()s()a()d;

Pk = px (dk (1x));
CL=hb '(me ¥(Mp)):

The matrix V is referredto asthe color mixing matrix.
A few obsenations about the above model are worth
making. Note that the spectral responsesof the color
channels of the projector and the camera can overlap
with ead other in an arbitrary way. The couplings be-
tweenthe projector and camerachannelsand their inter-
actions with the spectral re ectance of the screenpoint
are all captured by the matrix V. Most importantly,
V does not include the non-linear response functions
of the individual componerts of the projector-camera
system. Hence, the model nicely decouplesbrightness
non-linearities of the system from the spectral charac-
teristics of the systen®. This fact will comein handy
when we dewvelop our compensation algorithms.

3 Comp ensation Algorithms

With the radiometric model in place, we are in a po-
sition to dewelop techniques for screen compensation.
We will begin with the simple casewhere the projec-
tor and the camerahave a single gray channel. Then,
we will discusshow color can be handled. As with the
radiometric model, we will describe our compensation
algorithms for a single pixel, bearing in mind that all
pixels are treated the sameway.

20ur model is in no way restricted to three channels. For
instance, the projector may have 3 channels while the camera has
5 channels (multi-sp ectral). The expressions given here directly
generalize to such cases.

3In our experiments, we have used a DLP projector. It is
known that a DLP projector adds a \white" component that is
a function (possibly non-linear) of the R; G; B color values (see
[20] for details). For this case,the color mixing is more complex.
However, our experimental results indicate that the above model
works as a reasonable approximation.

3.1 Gray World

Consider the special casewhere the projector only out-
puts gray-scaleimages(equal valuesin the R, G, and B
channels), the camerais a black and white one with a
broad spectral response,and the screenis gray with pos-
sibly varying albedo. We will refer to this asthe \gray
world." In this case,the projector image can be repre-
serted by a single brightness Pg\ and the projector's
spectral responseis given by
Wew () =wr( )+we( )+wg(): (11)
Since the screenis gray, its spectral responseis given
by s( ) = , where is the albedo of the screenpoint.
The black and white camerahas a quantum e ciency
osw ( ) and producesa single brightness value Cgy .
Therefore, the model in equation 10 can be written as
Csw = Vsw Pew ; (12)
where:
X X
VBw = Vki:
K=RGB L=RGB

In this special case,we seethat the radiometric model
for the complete system can be represerted using a sin-
gle non-linear monotonic responsefunction:

Mew = hsw(lsw); (13)
where hgy includesthe non-linear e ects of all the in-

dividual componerts of the system;h = mgw bsw
Vew Psw dsw,where denotescomposition.

Note that if we can determine the responsehg\ we can
compute the display image brightness Ig\w neededto
produce any desired measuredimage brightnessMpg .
We use a simple and fast calibration procedureto ob-
tain the responsehgy . A setof 255 display images(in
the caseof an 8-bit per channel projector) are displayed
in quick successiorand their corresponding cameraim-
agesare recorded'. For ead pixel (in the camera or
the projector domain) we have a densely sampled re-
sponsefunction. This discrete function is then inverted
to obtain discrete (possibly non-uniform) samplesof the
inverseresponsehgw 1. We preprocessthe inversere-
sponsesamplesto ensurethe function is monotonic; for
ead sample that makes it non-monotonic, the closest
monotonic value is used. Then, we interpolate the new
samplesto obtain a continuous inverse response func-
tion. This function is uniformly sampledand stored as
a 1D lookup table.

4Note that we are being conservativ e here. A smaller number of
images can be projected asthe responsefunction is always smooth
and can be interp olated from more widely spaced measurements
without sacri cing accuracy.
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Flgure 3: Gray world experimental results for a screenwith
dark squares. (a) An image of the textured screentaken
under ambient illumination. (b) Uncompensated outputs
measured by the camerafor at-gra y input display images.
(c) The compensation images computed by the gray world
algorithm. (d) The compensated output images measured
by the camera. (e) Comparison between results obtained
without and with compensation.

Now, considera novel (original) display imagel®. If this
image is passedon to the projector, the system would
measure the \uncomp ensated output® M. To apply
compensation, we assumethat the image we would like
the systemto measureexactly equalsthe original dis-
play imagel. The calibrated inverseresponsehgy * is
usedto compute the \comp ensationimage" T. When we
apply the compensation image, we get the nal \com-
pensatedoutput” M.

Figure 3 shows results obtained using the above algo-
rithm for a screenwith dark gray squares. Figure 3(b)
shows the uncompensated output images measuredfor
three at-gra y original display images. As expected, the
squareson the screenare clearly visible. Figure 3(c)
shows the compensation patterns computed by the al-
gorithm and Figure 3(d) shows the corresponding com-
pensatedoutputs. Note how the squareson the screen
have more or lessvanishedin theseoutput images. The
compensation accuracy is summarized in the table in

5Even though these are gray-scale images, we use vectors and
treat them lik e color images to stay consistent with the notation
used in the subsequert sections.

(b) Uncompensated output (M)

(d) Compensated output (f\-/l)

(c) Compensation image (T )

Figure 4: Results for a face image displayed on the screen
with squaresshown in Figure 3(a). There is no perceptible
di erence betweenthe original image and the compensated
output.

Figure 3(e), where maximum and RMS errors (in gray
levels) are given for the uncompensated and the com-
pensated outputs for four dierent at-gray input im-
ages. The RMS errors are lessthan 3 gray levelsin the
compensated case, while they are above 60 gray levels
in someof the uncompensatedcases.The errors for the
input imagewith brightness200 are lower than in some
of the other casesbhecausethe uncompensatedimagein
this caseis saturated (clipped) in many regions.

Even though the errors in the compensatedimagesare
very small, onecan seefaint squaresin the compensated
imagesin Figure 3(d). This is becausethe human ob-
sener is very sensitive to sharp discortin uities in the im-
ages[7]. For this reason,in all our experiments, we have
avoided using surface marking with very sharp edges.
Sudch edgescannot be compensated for in our current
system becausethe camerausedis of lower resolution
than the projector.

It is worth noting that the use of at-gra y test images
is the most stringent test of the system. This is because
the test image itself doesnot include any features that

divert the obsener's attention from imperfectionsin the

compensated image. In short, for an arbitrary image
the results always look better than in the at-gra y case.
Figure 4 shows results for a faceimage projected on the

screenin Figure 3. Note that the compensatedoutput

looks indistinguishable from the original one.

3.2 Handling Color

We now addressthe generaland more complex caseof
color. From equation 10 we seethat if we had corre-
sponding pairs of projector colors P and cameracolors



C, we cancompute the matrix V usingthe leastsquares
method. However, such pairs of valuesare impossibleto

obtain without prior calibration of the cameraand the
projector. It is exactly this type of full calibration that

we needto avoid to ensurethat our calibration method

remains simple and e cien t. It turns out that we can
compute the matrix V without any prior knowledgere-
garding the projector, if the response function of the
imaging system (cameraplus capture device) is known.

This responseneedsto be determined only onceand can
be donein many ways; a calibration chart may be used
or multiple exposuresof an unknown scene(perhaps,
the screen)may be used[14]. Oncethis is done, we can
map any measuredcolor M to the corresponding color
C detected by the camera.

Our calibration for the color casehastwo stages. First,
we compute the matrix V for eadh pixel. Then, we com-
pute the non-linear response of the projector for eat
pixel. Thesetwo calibrations are all we needto com-
pensatefor the screen. To compute matrix V we will
constrain its diagonal elemers to be equalto unity, i.e.
Vk k = 1. This doesnot restrict usin any way as x-

ing the diagonal elemens can be viewed as intro ducing
unknown scalefactors assaiated with ead of the three
rows of the matrix. These scalescan be absorbed by
the unknown radiometric responseson the projection
side of the system. Now considerapplying two di erent
display colorsat a pixel wherethe two colorsonly di er

in one of the three channels, say the red channel:

2 1@ 3 2 e 3
=4 1,05;@=4|,05: (14
|B(1) |B(1)
From equation 10, we have:
2w 2pw32c0@3 2p03
4 co® 5=yv4p,®54c.@d5=y4p®5:
Cs @ Ps @ Cs @ Pg @
(15)

Since we have changedonly the red channel of the in-
put, the corresponding changesin the three channelsare
simply:

Ck = Vrr Pr;
Csc = Vrg Pr; (16)
CB = VRB PR .
SinceVrr = 1, wehave Pr = Cgr. Hence,
Co Cs
Vre = and Vgg = : 17
RG Ca RB Ca (17)

Similarly, the unknown elemens of V corresponding to
the greenand blue channels are obtained by using two

Figure 5: A screenwith strong colors. The color calibration
algorithm was usedin this case. The V matrices for seweral
of the screenregions are shown. For all regions Vre is high,
indicating that color mixing must be taken into accourt to
achieve good compensation.

display imagesfor eat of those channels. A few points
are worth making about the above procedure. (a) The
V matrices for all pixels are computed by simply pro-
jecting 6 images(two per channel)®. (b) The exact val-
uesused in these display imagesare not important as
they are never usedin the computation of V. (c) If the
matrix needsto be computed with very high accuracy
more that 6 display imagescan be usedand the expres-
sionsin equation 17 can be usedto estimate the matrix
elemerts using the least squaresmethod.

Oncethe matrix V hasbeencomputed, we cantake any
measuredcolor M , map it to the cameracolor C (using
the cameracalibration results), and then multiply the
result with V ! to obtain the projector color P. The
projector color is related to the display image color as:

Pr = or(lRr);
Pe = gs(lc); (18)
P = os(ls);

where gk = px dx are the composite non-linear ra-
diometric responsesof the channels of the projection
system. Note that these responsesand their inverses
can now be independertly computed using exactly the
samecalibration procedureusedin the gray world case
in section 3.1.

Figure 5 shows a screenwith highly saturated colors.
One can appreciate that this is a much more di cult
screento deal with than the previous gray-scale one.
We applied the above calibration algorithm and the V
matrices computed for se\eral of the colorson the screen
are shawvn in the gure. Note that the matrices for
squareswith the same color tend to be very similar.
More importantly, Vgrg is high for all the squares,in-
dicating that the red channel of the projector overlaps
signi cantly with the greenchannel of the camera.

6Actually , 4 images suce as the initial image for all three
channels can be the same.



Figure 6: Experimental results for a screenwith strong col-
ors. The compensation algorithm does well in producing
near-gray imagesexceptin the 200 gray-level casewhere the
projector output saturates in some regions of the image as
the projector does not have enough power to fully compen-
sate for some of the colors.

Figure 6 shows results for at-gra y display imagespro-
jected onto the samescreen. The compensatedoutputs
are quite consistert with the desired output exceptin
the 200 gray-level casewhere the projector output sat-
urates in many regions as it simply does not have the
power to generatethe required colors. In Figure 7 we see
results of projecting a faceimage onto the samescreen.
Overall, the quality of the compensatedoutput is very
good exceptfor the top left cornerof the imagefor which
the projector output saturates.

More experimental results are shown in Figures8 and 9.
In thesecase,the screennot only has strong colors but
also stronger edges. As we discussedearlier, humans
are very sensitive to compensation errors around strong
edges. This e ect can be obsened in the compensated
output imagesin both Figure 8 aswell as Figure 9.

3.3 Renemen t by Contin uous Feedback

We conclude by describing a simple closed-loop com-
pensationalgorithm wherethe appearanceof the screen
is continually measuredby the cameraand these mea-
suremens are used on-line to compensate the display
images. Let I(t) be the original display image to be
shown at time t and let M (t) be the corresponding mea-

Figure 7: Results for a faceimage projected onto the screen
in Figure 6.

sured image. The compensateddisplay image for time
t + 1 can be computed as:

Tt+ 1) =1+ ()

where T(0) = 1(0).
between0 and 1.

Seweral experimental results for the feedbad algorithm
are presened in [15]. This algorithm is very simple and
works well but has the disadvantage that it takessev-
eral iterations (frames) to converge. During this con-
vergenceprocess,the input display image may change.
This could result in large compensation errors. How-
ever, the feedbad algorithm can be very e ective when
used with radiometric compensation; feedbak is used
to only correct for errors (residues)in the radiometric
compensation. Since these errors are expected to be
small, the corvergencetime required by the feedbak
algorithm becomesdlesscritical.

M (1)) ;

is the feedbadk gain and it lies

(19)
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