Scene-adapted Structured Light
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Abstract are misread. Also, the projected fringe patterns may appear
h foreshortened to the point where the camera can no longer
correctly pick up their high, spatial frequencies (aligdin

Iso, the scene and system are assumed to be perfectly
gtatic while the series of patterns are projected. Blais et
al. [5] noted that this may be unexpectedly hard to achieve
in practice. Finally, nonlinearities in both cameras anat pr
yjectors are most often completely ignored, again leading to
c1distorted models. Even worse, all but the saturation prob-

em risk to remain undetected. These problems are often
addressed through more conservative system design, at the
cost of rendering the devices slower, more expensive, and

motions during scanning would normally have. Moreover, bulkier. Even then, quite some manual intervention may be

the approach yields a confidence measure at every pixel oirequired, €.g. spraying or powdering the objects.

the range image. Last but not least, the scanner consists of What we envision is a system which rather adapts it-
consumer products only, and therefore is cheap. self to the scene. Ranges are acquired in a two step pro-
' cedure. First the scene is analyzed. This comprises a crude

1. Introduction estimation of scene geometry and measures to take surface
. reflectance into account. Then, the projection patterns are
1.1. Rationale adapted to avoid under- or over-exposure, as well as adjasin
Noncontact optical surface digitization techniques have proplems. This leads to an iterative process, where the de-
evolved substantially during the last decades [1]. Struc-yjation between expected and observed patterns allows the
tured light techniques, based upon the projection of 2D pat-gystem to refine the geometry and provides it with confi-
terns [2], form an interesting subset. One of the more ad- gence measures. The process stops when neither the geom-
vanced instances combines a time series of binary or colore.try nor the confidences are updated. The estimated geom-
coded patterns with a limited number of shifted 2D sine etry also facilitates the detection and compensation of mo-
waves [3]. The former yield robust but low resolution 3D tjon petween consecutive frames. On the photometric side,
information. The latter, through a technique often reféérre non|inearities and crosstalk between the color channels ar
to asprofilometryor phase shiftind4], are used to boost  mgdeled for both the camera and projector. The outcome
the local resolution. We follow a similar strategy, but with gtjj| is a very low cost system, based on one normal camera
patterns that self-adapt to the scene. and one LCD projector, that now can deal with a wider cat-

The cost is low, as consumer hardware is used (a combi-gquires fewer interactive settings.

nation of cameras and projectors), and there are no fragile,

moving parts. This also yields higher speeds. Eye-safety is1.2. Related work

no issue, and the setup is usually easy to reconfigure. ThisThe work of Caspi et al. [6] is one of the first structured light
said, there are also some serious limitations. Specular ob-approaches which explicitly models the camera-projector
jects or scenes with very bright and dark parts may leadpath. The main purpose however is robust color coding.
to dynamic ranges that the camera(s) cannot handle. AsMore recent work on color coded structured light [7] fo-
a consequence, parts of the patterns will go undetected ocuses mainly on limiting the number of projection planes

In order to overcome several limitations of structured tig
3D acquisition methods, the colors, intensities, and shape
of the projected patterns are adapted to the scene. Base
on a crude estimate of the scene geometry and reflectanc
characteristics, the local intensity ranges in the progett

patterns are adapted, in order to avoid over- and under-
exposure in the image. This avoids the infamous specularit
problems and generally increases accuracy. The estimate
geometry also helps to limit the effect of aliasing caused
by the sampling of foreshortened patterns. Furthermore,
the approach also acounts for the adverse effects that smal



for fast 3D. A four shot real-time structured light approach
was suggested in [8], and in [9] single-shot 3D with adapted
patterns is used. In the seminal work of [10] the question of
an optimal set of patterns is formulated for the first time.
Online feedback to the scene however is not yet included, *
and conclusions about good patterns are applied uniformly
to the entire scene, not locally. We propose a more complete
projector-camera model which will allow to adapt patterns
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online and on a per pixel basis. This is a bit similar to the FP

work proposed in [11] in which a projector is used to change 255
an object’s appearance. However, only very crude geome- Ve
try is used, and no difference between reflectance and color

crosstalk seems to be made. Figure 1: The projector-camera model. Bottom right: the
Parts of the work here is akin to recent advances in high projection pattern is transformed by the inverse projector

dynamic range imaging. Recently Nayar et al. [12] imple- response curve. Top right: reflection by the scene. Top mid-

mented such process by lookitigrough a modified data  dle: crosstalk between the color channels of the camera and

projector. Albeit for completely different applicatiorthis  the projector Top left: from irradiance to pixel values via
demonstrates the power of a per pixel intensity modulation. the camera response function.

Various techniques for high dynamic range imaging and the

estimation of response curves have been proposed. See e.gake them into account. In the sequel we will denote the

[13, 14] for an implementation working on stills, or [15] for  effective radiant fluxes for the three color bands at pixels

streaming video. andn’ asyP . andyS, _, resp. The nonlinear response
The rest of the paper is organized as follows: section 2 cyrves for both camera and projector map these fluxes to

deploys the camera-projector model and the resulting tech-3 discrete set of pixel values, and this for the three color
nique to overcome camera saturation, while section 3 dis-pands. For an 8 bit image:

cusses the pattern geometry. In section 4 we explain how

patterns are decoded and how motion during the acquisi- Fy:RT — 0,255, be{R,G,B}. (1)
tion is taken into account. Results are shown in section 5.
Section 6 concludes the paper. The first step in our model therefore is the transition of

projector pixel values}, |, to the resulting radiant fluxes
2. Active Dynamic Range Compensa-  y&,. = 7P '(xB,.).
tion Of course, the scene will modulate how much of the ra-

Thi i dels th gi ic chain f it diant flux coming from the projector will actually reach the
is section models the radiometric chain from projector ; ;
proj camera lens. Of this fluy?, . only part will be reflected

values to image intensities. This model will be used to boost ;\yards the camera. We assume a simple, linear reflectance
the precision of profilometry, by avoiding saturation in the ,oqel. At each 3D poinkX, Y, Z] of the scene these re-

camera Image. flected fluxes are obtained as:

2.1. Trichromatic projector-camera model P = R(y? .. X,Y,Z)=

Suppose we illuminate a scene with projection patterns. Iy 1y e 0 - 0 T

Thenth ‘pixel’ of the mth, m = 1... M pattern will be "0 Ty o(x,v.2) 0 yp’ ’G

be denoted as}, , ,, with the superscript referring to the 0 0 R yn,m7

projector andb € {R,G, B} to the color band.x}, ,,, is R nm, B @)
the corresponding R,G,B-triplet. A similar notatiaf, ,,, Although both the spectral channels of projector and

is used for then'th pixel in the camera. In this section, camera have been referredto as‘R’,‘'G’, and ‘B’, their spec-
the relation is derived between the applied projector color tral compositions will by no means be identical. This 'mis-

signalx} ,,, and corresponding camera image color values match’ between generated and recorded light is modeled by
Xy .m- An overview of the different steps is shown infig. 1. g crosstalk functiod:

Cameras typically respond nonlinearly to the incoming Yorm =CTom) + Yo m: (3)
irradiance. Similarly, the radiant flux generated by the pro ’ 7
jector depends nonlinearly on the signal that is applied to For C a quadratic model is chosen in contrast to the usual
its different ‘pixels’. These nonlinearities tend to bopst- first order model. This choice has been experimentally-justi
ceptual quality, but complicate profilometry which needs to fied, as will be shown later. As we don’t want to work under



darkened conditions, also a per pixel ambient light contri- )

butiony?, ,,, will reach the camera, which is also added at | e

this stage of the model. F 74
The last step translates the incoming radiant fgx,,, ~ i) /

at the camera back into the pixel intensitis ,,, for the

three camera color bands, via the camera response function: b

Xp.m = F S (tyn m), With t the exposure time of the cam- ,

era.

. ) . . Figure 2: Camera and projector response curves. Left:
2.2. Calibrating the projector-camera chain camera; close to linear. Right: projector; clearly nonlin-
In what follows we need explicit knowledge of¢ , F? ear behavior.
andC. This calibration step should be done only once, and

can be computed offline’R and the geometry are scene to each other. Eq. (4) gives the results' (camera—

dependent and therefore part of the online process. projector):
Determination of ¢, 7P : In our experiments we will - 152 011 0.08 e
use the technique proposed by Debestal.[13] to deter- { gg ] = { 0.20 124 0.16 } X { e ] +
mine F¢. It requires a set of images of a static scene with a g —0.06 0.9 1.43 Vs
varying but known integration time. 015 ~00L 048 gRZG N
For the determination of?, a similar approach can be 0.03 003 0.37 vays
followed, as a projector is an 'inverse camera’. A compli- —0.24 —0.36 —0.16 y52
cating factor is that the relation between the projected pat [ —0.23 -0.44 -0.45 } x [ G } “
—0.05 —0.42 —-0.32 Y5

terns (i.e. between the radiant fluxes) needs to be analyzed
via the camera. Hence, we have to work our way back from The relative size of the second row of the first order coeffi-
camera observations?, ,, , to y* .. This requires go-  cients indicates that crosstalk from red and blue to green is
ing via Fe~!, 01 and’R’—l_ Fe fs imown already and® considerable. Also the second order coefficients cannot be
we can basically eliminate by projecting uniform patterns Neglected. We have tested for higher order models, but the
onto a white, planar, uniform, and diffuse surface. We have corresponding components were negligible.

used 30 patterns, each uniform but of 10 different inten- ~ Dealingwith R: In order to perform profilometry safely,
sity levelsi?,, and activating only one of the three color ©N€ has to avoid getting into the saturation regions — dark
channels of the projector at a time. Each pattern was only@nd bright — of the camera. Itis therefore important to de-
observed in the corresponding camera color band. By per-tefmine which input levels at the projector side give rise
forming the analysis for each color channel separately, we'0 SUCh_Con.dltlons’ he. we rr)]seaid © kngi\l/ihe ntensities at
have tried to minimize the effect of not takir@ into ac-  €Very pixel in the projectoy,™"" andyx»™"" which wil
count as it is not known yet. For each of the patterns, we generate these saturation levels, for resp. over and under
have avoided to saturate the camera by adjusting the integra®*Posure. As this analysis is dependent on the scene geom-
tion timest,,, accordingly. Undoing the camera nonlinearity ©try and reflectance properties (summarize®gst is part

bY Y1 s = 7:6_1(1’2/,7”,0 and correcting?, , for the dif- of the online, 3D acquisition process.

ferences in integration times, yields an approximation of Hence, before the projection of the patterns used for the
the radiances. From there, discarding the influend ofe 3D acquisition, sevgral patterns are prOJe(_:ted first, ipeci
apply the same procedures for the projector as used for th&@lly with this goal in mind. These are uniform, gray pat-
camera. In the next paragraglwill be determined, and we terns of different intensity. We used three, with an intgnsi
could in fact iterate through repeat@® andC estimations. ~ ©f résp. 10%, 50% and 90% of the projector's maximal out-

As corroborated later, this was not necessary. put. This yields a triple{yy, 1,5 2, Y5 s} that reach the
Fig. 2 shows the result for our Sharp XGC55x data pro- camera. For the sequel, it is important that at least one of
jector, and AVT Marlin FO80C IEEE1394 camera. these three values keeps the camera out of saturation. For

Deter mination of C: In order to estimaté we add tothe ~ CVEr €xposure, these levels can be calculated for the three

earlier set of images a series of shots with illuminationiin a SPectral channels ggw=++ = F~! [ §§§ ] - Note that we
three of the color channels so that a totall6fx 10 x 10 took a small safety margin with respect to the true maxi-
combinations of intensity levels are applied. This yields a mal level of 255. This can be translated into maximal levels
uniform sampling of the color space. The projection pat- yP==t+ in each of the projector’s spectral channels by lifting
terns and the corresponding radiance maps of the imageshe crosstalk:yPsat+ = C~1(y®sat+). Similarly, starting
minus the ambientlighty} .., Y5/ m — Ya .m) @re usedto  from a safe minimal level of 15, the lower threshojeis=:-
estimate a least squares solution which maps both datasetare determined.



In the previous paragraphs we have modeled the nonlin-yields the unknownsA,., A/, = B,.cos(¢,) and

n

earities in the pro : A
projector-camera radiant flux transfer.sThi A", =B,sin(¢n). The phasep,, = atan ar, ) cor-
knowledge will be exploited now. Given an observed re-
responds to a subpixel location in the pattern, and as such
lation betweeny;, ,, andy?} ,, — obtained directly from

solves the correspondence problem for every pixel up to an
unknown number of sine periods. These offsets can be com-
puted by phase unwrapping for continuous surfaces [4], by
the use of multiple periods [3] or by a binary/Gray coded
sequence preceding the sine waves [2].

the camera readlngs and prOJectlon pattern values through
Fe~land FP~! resp. — we can compute the linearized
relation betweeryy, . = C (v ,,) andy?, . The ra-
tio between these values -being the reflectaReeshould

be constant for a fixed image pixel over all pattenmsand It ins h | hich iod t in th
fluxesy?, ,,, as long as it is correctly exposed. It is now remains however unciear which period 1o use in the

an easy matter to compute the saturation leyéls«+ - design of the sine patterns. Fig. 3 illustrates the problem.
from ¢~ 1(F°~1(240)) andC~(F¢~1(10)). For the sake pattern projected from point B onto the right plane is fore-

of precision, this process is repeated for multiple pagtern Shortened when observed from a viewpoint A. There is a

and a weighted least squares regression yields the final Cmrlsk of observing distorted patterns both due to aliasing be
ical projection levelg/Peet+/ cause of the discrete sampling in the camera (picking up

Knowledge about the nonlinearities and saturation levels V'ONY frequenc!es) and because of integratiqn over finite
will be used in the next section for per pixel optimisation pixels (frequencies being washed out). In the literatuie th

of the mean and amplitude of the sine patterns used in pro fmblim ha? b?ﬁn ﬁeilt V;”th by ?a;? picking a <|:_|onserva-
filometry. Through the use of the multiple projection pat- ive choice for the highest projected frequency. Here, we
terns and our radiometric camera calibration, we also get a' gPropose pattern adaptation. A location specific threshold
high dynamic range texture map at no extra c’ost for distortions to start can be computed given approximate

So far, we have glossed over the correspondence betweehnowmdge of the geometry. To obtain the latter, a Gray
projector pixels: and camera pixels’, in order not to un- coded pattern sequence is used after the three online test

necessarily complicate the discussion. Indeed, this iamot pat'Lerns(,j gf_tr;]et prew?ghs sectlonl.d As a r:wlatger oftfa;:té the
issue as long as the projection patterns are uniform, as wa arkand bright one ot these would normally be part of Lray

the case in this section coding and don't have to be repeated. The Gray sequence is

. limited to low frequencies as only approximate geometry is
3. Geometry Driven Patterns needed in this bootstrapping stage.

In the previous section, we have derived what the acceptable With approximate geometry at our disposal, we can warp
range of pattern values is at the projector in order to avoid the camera image to the one which would have been ‘seen’
saturation in the image. This knowledge will be exploited at the projector. But first the geometry is filtered to remove
for profilometry here. This section also deals with a simi- noise through a combination of median, bilateral, and mor-
lar, geometrical issue: how to choose acceptable projectorphological filters, and to fill holes, though thin-plate sgli
pattern frequencies to avoid aliasing in the camera image.interpolation. Finally, the geometry is triangulated, Isuc
This will be a fully online process, as again scene geome-that warping can be carried out extremely efficient with the
try will play a pivotal role in this pattern deformation from GPU. The camera to projector warping function will be de-
projector to camera. These considerations lead to a rdversanoted as/V. At this point, it is useful to note that we also
of what is usual: starting from what would be ideal patterns take the radial distortions of camera and projector into ac-
for the camera to accurately pick up — uniform sine waves count.
centered around 128 with maximal amplitude and with a pe-
riod between 10 to 20 pixels — the projector patterns are to
be designed so as to yield these very image patterns.
Camera-projector pattern transfer: In optical pro-
filometry a series of L phase shifted 2D sine patterns is pro-
jected. Then'th pattern is imaged by the camera as:

In/ m= =A, + Bn/COS((;Sn/ + m5) (5)

with A,,, the albedo,B,,; the sine amplitude of pixet’,
=1...L,ands = 2~ the phase shift.

A
R ]

aliasing
1 2

[compression,
expansion

1 2

B
B

o o Figure 3:Left: top view of a projector and a camera looking

Minimization for every pixeln’ of: at a perpendicular jig. Right: aliasing of a sine pattern due
L , to the foreshortening by the scene.

n’.m —Ar/—A,// 5 “'A,N/ ] 5 5 6 . . . .

(@ m = An weos(md) + Ay sin(md))”, (6) Pattern generation: Given the warping functio®V, a

m=0



pattern with desired geometry at the side of the camera carsearch this specific translation which minimizes simultane
be generated and projected. As we want to apply profilome-ously the difference between decoded and expected phase
try, ideally the camera irradiances resulting from the came  A¢,,, (we assume the measurement to be close to correct)

should be sine waves arousfd ~* (128), swinging between
the saturation levelgP==t- andyP==t+. In particular, the
pattern values at the projector will take the form :

Psat—

fp (ylr:sat+ —y ygsat+ +ygsat—

2
)
but before applying it, this pattern is warped . As a
result, at the side of the projector a pattern wsfatially
dependent frequency and intensafypears.

508 (6n + md) +

and the difference between the phase of a pixel and its
neighbors (continuity). Referring to fig. 4, column 3 row

1 & 2: every 'band of equal phase’ will become vertical but
we stay as close as possible to the original solution. A graph
cut algorithm [16] is used to solve this minimization prob-
lem. This results in an update of the geometry both for the
parts with a good initial estimation as for the other parts. |

is optional to use this updated geometry to generate a new
warp functionWV, regenerate the patterns and re-iterate the
range acquisition. This iteration can be continued until ge

Referring again to fig. 3, the setup clearly is symmetri- ometry and error measurement remain unchanged. Alterna-
cal. As much as we did improve the pattern for the camera,tively one can threshold based &w,,, and only retain the
aliasing problems may now appear at the projector’s side.trustworthy parts of the reconstruction. Again referring t
Frequencies may get to high there to be generated. Therefig. 4 two steps of such an iteration are depicted. Geometry
fore, the system works with a dual process. Apart from the update and error reduction are clearly visible.
deformed patterns, uniform sines are also projected, itiut st The decoding described above, asks for perfect immo-
with the necessary intensity modulation of eq. 7. Aliasing pjlization of the object in between the consecutive frames.
for camera and projector will occur at different locations |f this is not the case a sine wave modulation (see fig. 10)
in the scene, thereby providing complementary information wil| appear on the resulting geometry. (A similar distor-
with the camera-based and projector-based sine projection tion occurs in case of over exposure, see fig. 5.) If we
Also, as we can push more closely towards the resolutionapproximate the geometry locally as a planar surface, we
limits of both devices, the Spatial resolution of our 3D re- know that the phase shifted patterns should be symmetri_
construction will increase. cally interleaved. E.g. in case of 4 patterns every period

The result of both series of sine waves are combined in agf the 3 th pattern should start exactly in the middle of a
principled way.)V andW~! allow to predict the closeness period of the first pattern. In reality this will never be the
to the Nyquist frequency at every location for each of the case, because the assumption of planar underlying geome-
two schemes. This yields weights used in a linear combina-try is invalid. The deviation should in general cases how-
tion of both reconstructions. ever be random and non-systematic. This assumption can

; ; be used for detection and correction of motion in between
4 I_DeCOdI ng and Motion Compensa the shots. For those parts of the phase map withAaby,
tion

the reflected sine patterns will be very close to verticak Th
After removing the influence of the response curve of the

phase map in these areas is used to initialize vertical lines
cameraF©, equation 6 is used to compute the phaseat which correspond to the start of a period in each reflected
every cam,era pixel. These phase values will be used to up-Sine image, a_md for every period. Those lines are trimmed
date the initial geometry which was used to bootstrap theto their subpixel location based on a matched filter. If the
process. As we designed the projection pattern the way ittrimmed lines in the different sine images all show a similar
should be reflected to the camera, the corresponding ,de_translation, the object did move. A warp of the input images
sired’ phases”, expected at each pi,xel is known. The sum which applies the inverse translation and a re-estimatfon o
of absolute gifferences between reflected’ and 'desired’ all phase values greatly reduces the effect of the motion.
phase evaluated over7ax 7 window: It is self-explanatory that the camera-based patternssiwhi

’ will show as vertical sines greatly facilitate this opeoati
when compared to normal skewed patterns.

5. Results

gives a measurement of the error on the initial geometry.

See fig. 4, bottom row. Fig. 4 shows results and intermediate steps for two consec-
The translation for every pixel which transforms the de- utive iterations of our algorithm. Note that during the first
coded phase map into the expected phase map, is sufficienteration the geometry between the label on the book and the

to update the geometry. This can be used to refine the correst of the scene is completely interpolated. This interpol
respondences between camera and projector as the gradtion is rather accurate in the region under the label, which
ent from geometry to phase is known analytically. We will is not the case in the region next to it. During the second it-

A = |ow — df| W0 ®)
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Figure 4:Overview of the algorithm, during two consecutive iteraioTop row, from left to right: visualization of the initial
warp from camera to projector, reflected camera-based sattem, decoded camera-based phase and the projectodbase
phasewithout use of the photometric model. Second row: same results agadter the second iteration. Third row: left:
interpolated geometry used as input, right refined resgljgometry. Bottom row: uncertainty on the geometry afteffitist

and second iteration, textured geometry, input image.

eration real measurements replace the interpolated dsga (s
e.g. the density of the warp in the first shot of the second
row). The per pixel uncertainty, and the 'straightness’&f d
coded phase and patterns computed in the camera after both
steps confirm this conclusion. The regions with high uncer-
tainty after the second iteration are mainly caused by cast
shadows. This can be verified in the image as seen from the
camera in the bottom right. This last shot also illustrates t
intensity range reflected.

Fig. 5 illustrates the effect of over exposure in the cam- ) .
era. The geometry presented to the scanner was a slightlyigure S: Left: incomplete reconstruction due to camera
specular planar surface. The circular artefact and holes inOVer exposure. Right: the corrected planar geometry using
the top-left reconstruction are caused by the mirror reflec- OUr téchnique. Bottom: crossection for the line indicated
tion of the projector. All of the reconstruction suffersifio  (Scale in this plot top to bottom: 1,5 mm).
a strong sine wave modulation caused by clipping of the re-
flected pattern. The top right reconstruction shows what ourclose fit between model and data. This test confirms that a
algorithm is capable of. linear model indeed would be insufficient (see also the dis-
The model for the crosstalk functighwas validated by ~ cussion of eq. 4), and that the suggested iteration over the
a comparison between predicted and measured camera irrsstimation ofC and#? is not necessary.
diances for a high numbet & 255) of projected intensities In fig. 7 the results of a test with a Macbeth colorchecker
and colors. The result is shown in fig. 6 and demonstrates aare shown. Our model was used to compute the projection




Figure 6:Crosstalk measured vs. modeled. Top left: camera
response for uniform illumination. Rest: camera response
for resp. red, green and blue illumination by the projector.
The thick black line shows the model fitted.

pattern needed to get a uniform gray (20%) camera image.

The histogram for every color channel shows a satisfying

result, given the intense and saturated colors in the scene

Fig. 8 shows a similar experiment: the over- and under sat-

Figure 7: Top: input image, 'compensated image’ and
‘compensation projection pattern’. Bottom: histogram for
the red, green and blue channel.

Figure 8: Top: projection intensities causing over and un-
der exposure predicted by the model. Bottom: ground truth.

Figure 9:Reconstruction of a calibration jig with and with-
out taking aliasing into account.

alignedand not integrated in a high quality model yet. Both
models are generated using a single iteration for each scan.
This also demonstrates that both the iterated and singte pas
application of the technique proposed is useful. In fig. 12
it is illustrated what happens if we try to scan the wheel
without taking surface reflectance into account. The strong
curvature makes that there will always be a mirror reflection
which is cast directly into the camera.

The number of patterns which are added when compared
to similar techniques remains very limited. The three test
patterns needed for takirg into account only introduced
one additional pattern, as the two others could be reused
during the Gray coded sequence. The projection patterns
added to minimize aliasing in the camera effectively dou-
bled the length of the sequence needed for profilometry,
which typically uses 4 shots. This brings the overall length
of a complete sequence on 16 frames, which allow for ac-

uration threshold levels are computed, and compared to theyyisition at approx. 2 fps. The compactness of the sequence
values measured when projecting all possible intensity lev pecomes evident when e.g. compared to the ca. 100 frames

els. In fig. 9 a situation similar to the one of the illustratio

in fig. 3 shows how taking aliasing into account leads to a
more complete reconstruction. Fig. 10 shows a preliminary
result of our motion compensation strategy. The artefact on
the reconstruction of the water can is greatly reduced. The
technique proposed so far is used to make a complete re
construction of several objects. Fig. 11 shows a set of 12
aligned shots of a 10 cm long goose statue. The two pho-
tographs on the right of fig. 11 allow to get an idea of the
surface texture and the degree of specularity. For thiscobje
mainly better accuracy and a higher degree of fine detail
(see e.g. the wings) resulted.

reported in [3], which are needed to take device resolution
and scene reflectance into account by exhaustively testing
all possibilities. In case no additional patterns can be tol

Fig. 13 shows a series of scans of a wheel made out of a_ ) ) ) _
specular alloy. Note that in both models the scans are onlyFigure 10:Right vs. left: with vs. without motion compen-

sation. The bottom left part of each figure shows a zoom-in.



Figure 12:Left: reconstruction with and without taking sur-
face reflectance into account. Right: uniform sine pattern
and plane white illumination as seen from the camera.

erated it can be still useful to work with the camera based

patterns when compared to the more classical projector ori-
ented approach, because the resolution of the projector is[ 4]

typically higher than the one of the video camera. This re-
sults in better handling of the aliasing problem.

6. Conclusions and Future Work

We demonstrated that fast and high quality modeling with a

low cost setup is possible. By use of an extended camera-

projector model nonlinearities in both devices, crosshaié

possible over- and under exposure in the camera are catered

for. This is done online with only limited computational

overhead, and without an excessive increase of the num-

motion in between the phase shifted shots can be detected
and partially corrected. The approach can be used both in
an iterated and non-iterated way. This turns an inexpensive
setup into a performant tool for range acquisition, and al-
lows to reconstruct even fairly specular objects.

In this work surface reflectance properties are taken into ac
count to minimize the influence on the acquisition of the ge-
ometry, and the texture are acquired in high dynamic range
with a corrected color balance for all intensities. Ongoing
research covers the explicit acquisition of the surface re-
flectance properties themselves together with the geometry
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