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Abstract

Imaging of objects under variable lighting directions is an
important and frequent practice in computer vision and
image-based rendering. We introduce an approach that sig-
nificantly improves the quality of such images. Traditional
methods for acquiring images under variable illumination
directions use only a single light source per acquired image.
In contrast, our approach is based on a multiplexing prin-
ciple, in which multiple light sources illuminate the object
simultaneously from different directions. Thus, the object
irradiance is much higher. The acquired images are then
computationally demultiplexed. The number of image ac-
quisitions is the same as in the single-source method. The
approach is useful for imaging dim object areas. We give
the optimal code by which the illumination should be mul-
tiplexed to obtain the highest quality output. For n images
corresponding to n light sources, the noise is reduced by
v/1n/2 relative to the signal. This noise reduction transates
to a faster acquisition time or an increase in density of illu-
mination direction samples. It also enables oneto use light-
ing with high directional resolution using practical setups,
as we demonstrate in our experiments.
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time. The approach reduces problems associated with dy-
namic range, e.g., due to shadows and specular highlights,
although the exposure settings are the same in all the ac-
quired images. We formalize these statements in a theory of
multiplexed illumination. We describe the optimal scheme
for multiplexing illumination sources from different direc-
tions during image acquisition, and the computational de-
multiplexing which follows the acquisition. We stress that
the result of the demultiplexing is not an approximatialh;

the features that one obtains with a single source (shadows,
specularities, shading) are fully recovered.

Beside giving a theoretical analysis of the benefits of the
method, we also describe the limitations of the multiplexed
illumination approach. Finally, we present a novel design
for an easily programmable light source. A projector cre-
ates patterns on a white wall. The patterns reflecting off the
wall towards the object serve as light sources. This fast and
flexible lighting apparatus was used to demonstrate the mul-
tiplexing theory in our experiments.

We stress that this work is unrelated to structured light
methods. While structured light deals with spatial patterns
projected directly onto the object, we multiplex fieection
from which the entire object is illuminated.

The proposed approach yields dramatically better results

Imaging objects under different source directions is im- than those of the single-source illumination method ith-
portant in computer vision and computer graphics [1, 2,30€s are taken forimaging the object undeight sources,
3,5, 7, 8, 13, 14, 15, 18, 19, 20, 22, 24, 25, 26]. It is the method we devise improves the SNRy/2. It short-
used for various purposes: object recognition and identifi-€NS the acquisition time by the same factor, relative to meth-
cation [2, 6, 8, 14, 21, 25, 26], image based rendering ofods which enhance the SNR by long exposures. The results
objects and textures [3, 4, 5, 13, 14, 19, 20, 22], and shapé?f this paper have_implications for a broad range of vision
recovery [10, 11, 12, 13]. and graphics algorithms

In the above mentioned research directions and applicas  standard Lighting Methods

tions, images have been acquired under a single light source ) o
at a time. Frequently, however, a single source does not il Almost all current methods used for illumination research

luminate all the object parts with sufficient intensity to pro- @nd gathering databases of objects under variable lighting
duce images with a high signal-to-noise ratio (SNR). While directions are based essentially on single light sources. Such

this problem may be overcome using long exposures, sucld® S€WUP is schematically depicted in Fig. 1. Many imple-
an approach significantly lengthens the acquisition time. mentations have been based on a fixed constellation of light

In contrast to using single sources, we show that illu- SOUrces (strobes)pperated one at a time [1, 5, 8, 14, 26].

minating objects by multiple sources has significant ben-SUch setups suffer from a low efficiency of light power,
efits. Given a set of desired illumination directions, our Since almost all light sources (or illumination directions)

approach _enables cgptur!ng the reqUired informatio.n. With 10ther systems use mechanical scanning of the lighting direction [3, 10,
a much higher quality without adding to the acquisition 13, 15, 18, 19]. Obviously, such scanning methods are very slow.




) We denote the acquired measurements byhe image ir-
asma o radiance under one of the sources is denoted, @nd an
estimate of is denoted by. Suppose that for each acquired
image, only one source is “on.” The estimated intensity at a
pixel due to any of the sources is trivially given by

(. 10 077 a
gingle | — 1 0 1 0 as | . (1)
single 00 1 as

In this case, on average only a 1/3 of the illumination re-

sources are exploited for any single measurement (pixel). A
more efficient method uses two sources for each acquired
image. Each of the three acquired measurements exploits

S ———— in average 2/3 of the illumination resources. The values ac-
) o S quired by the detector are now
Figure 1. An object is viewed under varying illumination :
. . . . . aq .9 1 1 0 21
directions. When only a single light source used at a time, the ’ .
. . a9 3 = 0 1 1 12 . (2)
captured images may be dark and noisy. ’ .
a3 1 0 1 13

are “off” for any image acquisition. This inefficiency may 1he multiplexing of illumination sources causes more light
translate into long exposure times (making acquisition oft0 be sensed at any acquired measurement. While the inten-
moving objects very difficult), very poor angular sampling Siti€s corresppndlng to the individual light sources are not
of illumination directions, or poor SNR. In the following list ©Obtained as trivially as in the method of Eq. (1), they can be
we describe several cases in which these problems appear€2sily demultiplexed from the measurements:

~decoded
Shadows and dark and bright albedogypically coexist in 1(11 ceoded 1 -1 1 1,2
the same frames. Let the system expose the brightest points | 72 | =3 . azs | - (3)
without saturation. Then, image regions corresponding to L 5% -1 11 ai,3

low radiance will be captured with low SNR. What has been gained from the multiplexing process? Sup-

Specular highlightsare limited to small parts of the image, P0S€ €ach measurement (e_‘gl-v%va_?ﬁ’al,Z;-)méQdUd?s
but may be much brighter than most image parts. Suppos&" mdepen_dent additive noise having vana This
the systems is set to avoid saturation of the highlights, ther'0iS€ |evel is the same for all images obtained by Eqg. (1).
for the rest of the image, the signal readings are low. However, it is easy to show that the noise variance re-

. o . duces ta(3/4)0? in the images extracted from the lighting-
Low power illumination sourcesmay not cast enough light a3/4)a 9 ghting

. . : 4 . multiplexed acquired measurements, using Eq. (3).
to sufficiently illuminate even the bright scene points. Can't Thpus for thg same number of measure?necrlts( (2[hree) the
: " ; , ,
we always use a brighter sourcex In practlcg we cannot Olu?nultiplexing scheme yields a better signal to noise ratio in
to a tradeoff between the directional resolution of the SetUPa final output. The only cost is a negligible demultiplex-
e_md the power of each source. We want to have ahigh dlreci'ng calculation. It can be said that at practically no addi-
tional resolution of the illumination setup, with hundreds, or

even tens of thousands of sources illuminating the ob'ectstional cost, multiplexing leads to better results (up to limi-
It becomes a practical problem to make the sgources éenstations described in Sec. 4). Similar considerations exist in
P P Gomains completely unrelated to illumination: some color

eno_ugh and keep each of th_em at hlgh_pow_er. I.t IS mUChcameras use cyan, magenta, and yellow filters, in order to
easier to create systems having a very high directional reso-

. . extract better red-green-blue color images [23].
lution made up of low power sources, as we show in Sec. 6. ] ] )

Problems of low object radiance may be overcome using-2 General Light Multiplexing
long exposures [4, 15, 17] for each illumination direction. Consider the setup depicted in Fig. 2. The object is illumi-
However, long exposures significantly increase the total acnated by many light sources simultaneously, using a multi-
quisition time. In addition, dark current noise increases with Plexing code. This creates a strong irradiance of the object,

exposure time. leading to bright, clear acquired images. The acquired im-
ages are later decoded (demultiplexed) on a computer.

3 Solution by Multiplexing Let the vector® parameterize the direction from which

3.1 The Case of 3 Sources the source illuminates an object point. The vedds mea-

. . . . sured in the global coordinate system of the illumination
For a moment, let us consider a special case in which the 9 y

. . ; . systen? Let iz denote the value of a specific im-
number of light sources is three, typically the case with pho- Y i5(7,9) P
tometric stereo. We label the light sourcesla® and3. 23 is unrelated to the surface normals of the object.




= half the sources measurements, i.éWW can be general. Then, each measure-
menta(zx, y) simultaneously acquires energy corresponding
to lighting from multiple directions. Thus, the energy in
a(z,y) can be made larger than in single-source lighting,
potentially increasing the quality of the estimafed, Y).

3.3 The Optimal Multiplexing Code

Suppose that statistically independent additive ngikav-

ing zero mean and variane€ is present in the measure-
ments. The estimation (Eq. 5) propagates this noise to the
final outputi(z, y). The output noise vector & ~17. At
each pixel(z, y), the covariance matri¥X of i is

2 - &{ [ite) - o) [ie0) - Tt}

Figure 2. In Hadamard-multiplexed illumination, about half

of the light sources are on simultaneously, creating brighter, =} (W'W)™! | (6)
clearer captured images. These images are later demulti- _

plexed (decoded) on a computer. The setup can be created where£ denotes expectation aridp’y) = g[i(x’y)]_ The

by projecting light patterns containing bright segments ona  mean squared error ‘5@77 y) at each pixel is then
wall/screen. Each segment behaves as an independent source.

2
. . . - MSE = lTrabce(E) = 2 Trace [(W'W)™'] . (7)
age pixel(z,y) under a single, narrow light source @t n n

We require this value for a range of lighting directions, thus In acquisition under a single sourdd] = I, thus

i(z, y)_ denotgs the yector qf vglues of theimage wra@ance at MSEqingte = 02 . @8)
that single pixel, with varyin@®. The length ofi(x, y) isn, i . i i s
corresponding to the number of distinct lighting directions, Y€ @m to maximize the signal to noise ratio iif, y).

We denote bya(z, y) the vector of measurements acquired Thus, the multiplexing matriW should minimize the MSE. _
under different lighting settings (typically with multiple si- A analogous mathematical problem was encountered in

multaneous illumination sources). The number of acquirediN® 1970's in the fields of spectrometry and X-ray astron-

images (the length of(z, y)) equalss. We note that, while ~ °™Y [9]. Let the elements of the matW bew,, s, wheré

we deal with image intensity measurements, they are equivp < wm,s < 1. The matrixW that has these characteristics

alent to the object radianée. and optimizes the MSE is called &matrix [9, 27]. If

The images acquired with different lighting conditions (n +1)/4is an integer, the rows of th matrix are bqsed
represent light energy distributions. Therefaite;, y) and onHadamard codes of lengthn + 1. Ref. [9] details recipes

a(z, y) are additive quantities, and are related to each othefO" Creatings. Briefly, the characteristics [9] & are:
by a linear superposition: e The value of each of its elements,, ; is either O or 1.
. Thus each light source is either “on” or “off.”
a(z,y) = Wir,y) , (4) J

_ L , ) ) e Each row or column has elements:i(n + 1)/2 have the
whereW is a weighting matrix. Each row: in the matrix — \4,e 1, andn — 1)/2 have the value 0. Thus, the light en-

W denotes which of the light sources are “on” and which gqy corresponding to a little more than half of the sources
are “off’ when the image is acquired. Each columim this 5 captured in each acquired multiplexed measurement.
matrix corresponds to a specific illumination source, equiv-

alentto a specifi@. For this reason, in this paper we use
the notationi,(z, y) interchangeably withg(z,y). We es-
timatei(z, y) by S™t=12/(n+1)](2S" - 1,) . 9)

i(z,y) =W la(z,y) . (5) Thus except for the global factor af (n + 1), each of the
elements o8~ ! is either 1 or -1.
_ When only a single light source is “on” at any time,  The matrixW (or S) describes the binary state of the
i(z,y) is equal to a raw measured value. T = I, jjumination sources (“on” or “off”), and is thus independent

wherel is the identity matrix. However, the intensities per of the pixel coordinategz, y). As an example [9], ar®
illumination direction can be multiplexed in the acquired matrix forn = 7 is

e InvertingS is simple, no matter how large it is. Defining
1,, as am x n matrix, all of whose elements are 1's,

3The transformation between the radiance and the imgge, y) is a 4Incoherent light energy from a source is not subtracted by multiplex-
multiplication by a factor depending on the camera parameters, indepening. It is also not amplified (optical amplification occurs only in specialized
dent of the lighting and the object. media). For this reasof, < wm,,s < 1.



1110100 We aim to recover the images undeindividual lighting

% (1] (1) (1) 8 (1) % directions. The total acquisition time and the total baseline
S—=|lo 100111 (10) acquisition time are

10 01 110 T=ntM and Tp=nty , (24)

8 (1) % % (1) (1) (1) respectively. This is true also for illumination multiplexing,

since it uses the same number of frame$q. (14) applies
In this case, the rows &' are cyclic permutations of the also whenN < n, i.e., when on|y part of the sources are

row vecrt]or(1/4)[1 11-11-1-1]. multiplexed. Thus,
For theS matrix, :
MSEHadamard = ~———5 — —— forlargen . (11) o vM o
(n+1) For a single sourceN = 1),
We measure the noise by the root-mean-squared (RMS) er- i 1 T
ror. Following Egs. (8,11), the SNR of the two methods are SNRsingle ~ — Tl (16)
related as o 0 . .
The above derivation assumes that the acquired images
SNR Hadamard - v+ (1/vn) ~ vn ) (12) are not saturated. However, saturation limits the ability to
SNRsingle 2 2 multiplex, since( NV + 1)/2 sources are “on” per frame. if

This increase in accuracy has been termed in the context ds the saturation value of the camera, then we must beund
spectrometry [9] as thewltiplex advantage. For example, ~andX so that

if we haven = 255 light sources (direction samples), then  j(N 4+ 1)t/(2t)) <v = (N + 1)t < 2(v/i)to . (17)
multiplexing will increase the accuracy of the estimated ob-We now look at special cases of interest
ject radiance by a factor of about 8. If we hau@ light ) ) P o

sources (as will be described in Sec. 6), then the multiplexPim objects or sources:The acquired images are far from
advantage will be 50. Please note that this improvemengaturation ifi < ». According to Eq. (15,17), we can
is obtained although theumber or acquired imagesisthe  increase the SNR by extending the exposure timand

same for single-source and multiplexed measurements. henceT'. Alternatively (or in conjunction), the SNR can
be increased by increasiny, i.e., by multiplexing more
4 Pros and Cons of Multiplexing sources. Looking at Egs. (15,16), we see that:

Consider a case in which a single source is sufficient to cresl) For a fixed acquisition timgd" (e.g., T = Typ), the
ate images with high intensity measurement values, for exdecoded images should hawe /N /2 better SNR than
ample, a value 200 in an 8-bit camera. If the object is dif- those acquired under a single source.

fuse, then other sources may yield a similar value. Then;) Rather than increasing the SNR by increadihgve may
obviously, turning on several such sources simultaneoushycquire all the images faster by keepifig= 7; constant
will cause the image to saturate, thereby ruining the datéang increasingv. Acquisition of illumination-multiplexed
at the saturated points. This indicates that multiplexing hasmages is then/V /2 faster than single-source acquisition.
limitations, which we describe in this section. For example, ifN' = 255, we boost the speed by a factor of
For a diffuse object, letbe a typical image readout when ~ g while if N ~ 1000 then the factor is< 16.
the acquisition is done under a single source. This readou
is assumed to occur when the exposure timé,jswhich
we term as thebaseline time. For example, we may set
to = 33ms as in video. In general, the exposure time,is
thus the signal igt/t,. Suppose this value is estimated by
multiplexing N sources of similar irradiance over the object,
whereN < n. Following Egs. (11,12), the SNR ofs

é) Let 7' extend so that under a single-source the SNR
matches the SNR obtained through multiplexed illumina-
tion. Then, in the total amount of time needed to capihre
single-source images, we can captuvé/4 illumination-
multiplexed images. This enables capturing a larger number
of illumination direction @) samples.

_ These benefits apply to image regions which are dim due to
SNR ~ K2 VN + (1/VN) VM . (13) _the_ situations_ listed in Sec. 2: signifigar_n spatial variation
oty 2 in image radiance due to albedo variations, shadows and
Here M is the number of frames taken with the same expo-highlights, or sources which are individually dim.
sure settings for each illumination pattern. Noise reductionBright objects and sources:When the acquired images sat-
by simple averaging of redundant frames is accounted for byurate, Eq. (17) takes effect. At the limit,
v/M. Note that Eq. (13) assumes a diffuse object with a con- ‘
stant shadowing state, i.e., each illumination source yields a t/t0 = 2v/[i(N +1)] . (18)
similar signal in the image. Using this limit in Egs. (14,15),



Q 5 Robustness to Specular Highlights

D Studies of appearance with specularities [6, 13, 15, 16] can
benefit from our multiplexing scheme. Each measurement
is described by a row: in Eq. (4). The acquired value is

am(z,y) = Zwm,sis(%y) ) (21)
s=1

We represent the intensity(z, y) as a sum of a diffuse com-
ponent and a specular component:

' specular highlight

n
am(x7 y) = Z Win, s [Z-SifquC(a:7 y) + Z-ipccular(x7 y)} (22)

s=1

The acquired image is composed of such components too:

__ diffuse specular
Figure 3. [Top] Multiplexing does not apply to bright diffuse (2, y) = a2 (2, y) + agy (z,9) (23)
objects, which may saturate. [Bottom] A highlight forces low ~ where
exposure settings to avoid its saturation. Multiplexing bright- diff - diff
ens most of the image, but does not saturate the highlights, U (2, y) = Zwm,slsl (2, y) - (24)
thanks to their locality. s=1

A highlight due to specular reflection at a pixel, y)
Viv [T 1+ (1/N) does not occur for most source directidBs Rather, it oc-
SNR. ~ T\/;OT forlarge N. = (19) ¢ irs if the illumination comes from a very narrow solid an-
gle around a single direction. For a highly specular surface
we thus say that, only one sourger, y) produces a spec-
ular highlight at(x, y) which can be seen from the position
of the camera. Therefore,

At the saturation limit, we would like tavoid multiplexing,
since the SNR somewhat decreases wieincreases. The
reason for this behavior is that at the limit, we can only
increaseN at the expense of the single frame exposure time
t (Eq. 18). This undermines our goal of capturing as much iipecular(% y) = iipecular(% y)d[s, 5(z,y)] . (25)
light as possible per frame.
. N . . It follows that

To conclude, illumination multiplexing should be done,
as long as it does not hit the saturation bound (See the top of a
Fig. 3). The number of light sources to multiplex

.specular

x,y) = wm,§(m,y)7/§(w7y) (l‘,y) . (26)

specular(
m

Suppose that in a single-source image, the light source
N = min {n,int [2vty/(it) — 1]} (20) is “on” in a direction corresponding to the highlight, i.e.,
Wm,s = 0(s,[§(z,y)]. The acquired image is then

may depend on the image valie For dimmer object, we
-diffuse (.’)37 y)_’_iZPeCul'dr (.Z‘, y) > Z'(S}iffuse

can multiplex more sources for benefit. single _
: : Akl . a (x,y) =13 (337'!/)
If the image contains a large variability of brightness val- 27)

ues, then for some image parts we would want to extract thgy, g,ch cases, we get the familiar situation in which the spec-
information without multiplexing at all (smgle—sgurce im- lar highlight at(z, ) is much brighter than most of the im-
ages). For others we would want to extract the mformatlonage pixels, which measure only the diffuse component (See

from the full multiplexing of the sources\( = n). For 4 ottom of Fig. 3). This creates a problem of dynamic
some image parts, we may wish to multiplex only several range (see Sec. 2).

sourcesV < n) per frame. This suggests thathighdynamic ., onwast in our multiplexed method, when the light

range data of all scene points can be obtained by taking sevs, e corresponding to the highlight is “on,” half of the rest
eral illumination sequences, each with a different level of

: . . . , of the sources, which do not create a highlightiny) are
multiplexing. This combined method might resemble otheruon,, as well. Then,

methods which use multiple exposures with varying expo-

sure times [15, 17]. Nevertheless, the multiplexing method, a™"*Plexed (5 o))~ [n/2)idiffuse () 4 (PN (1 )

with a constant exposure time= t,, takes a much shorter (28)

acquisition time than methods which use long exposures. The diffuse component in the acquired imagg"!tiplexed
Finally, recall that this limitation analysis was made on is significantly brighter than i, while the specular

the assumption of a diffuse object. When differences incomponent is (almost) not amplified. This is illustrated in

brightness are due to specular highlights, illumination mul- the bottom of Fig. 3. This greatly reduces the dynamic range

tiplexing is much more efficient, as we show next. problem.



Acquired multiplexed images Decoded (de—multiplexed) images Single-source images

¢ L

Figure 4. Results of an experiment. All images are contrast stretched for display purposes. [Left] The images are acquired with
multiplexed illumination. [Middle] Two images decoded by our method, each showing the objects as if illuminated by a single light
source at a different direction. [Right] Corresponding images acquired by single-source illumination. The single-source images have
a significantly lower SNR than their corresponding decoded images, and low gray level information.

J

6 Experiments

6.1 The Implementation Setup

The setup includes three elements: a PC-controlled pro-
jector, a white diffuse wall, and a camera. The projector
projects patterns of bright and dark segments on the wall.
The illuminated segments on the wall diffusely reflect light
into the room, acting as separate light sources, as depicted in
Figs. 1,2. This novel design allows a convenient and accu-
rate computer control of the high resolution light “sources.”
The light from the wall illuminates the object. We imaged
the object with a Sony NTSC monochrome camera having a
linear radiometric response.

The wall is divided into: = 255 segments, each of which
turns “on” and “off” according to the encoded patterns, as in
Fig. 2. This setup can easily be scaled to produce tens of
thousands of dense samples of the illumination directions,
since the projector display has millions of pixels. For each
of the demonstrations, we acquire images using our mul- . _ . .
tiplexed illumination method. In addition, we also acquire each image is |I|gm|nated by a single, s_mall source. Two
255 images under the corresponding individual sources (se of the decoded images are displayed in the middle part

ments), using the same setup parameters (projector brigh of Fig. 4. The corresponding two images taken under a

ness, exposure time, lens aperture and camera gain). s!ngle-source are displayed on the right part_of Fig. 4. The
Ac i : ! : . single-source images are very dark, and are linearly contrast
s in any implementation, imperfections occur. In par- stretched in post-brocessing for display bUIDOSes
ticular, the dark sources (wall segments) are not completely The fact tlr)]at a[r)1 decodgd ima 2 r()el prodpuces ;[he sinale
dark due to stray light and inter-reflections in the illumina- Source image is ea)s/il seen in the%ast s[,)hadows vet thegde—
tion system. As we prove in the Appendix, acquisition undercoded ima ges have aymuch better quality than thé ime’1 esac-
multiplexed lighting is more robust to this problem than ac- g quaiity 9

; . : ir nder a sing| rce. For ntitative analysis, w
quisition under a single source. Following the results in the 34 ed under a single source. For a quantitative analysis, we

Appendix, we image the objects when a “dark pattern” is examine three patches over the flat shape faces. The noise

projected. This “darkness image” is subtracted from all then each patch_ is estimated as the standard deviation of its
images acquired under active lighting. values at any image. In tqtal, there & x 3 = 765 mea-
surements taken under single-source conditions, and corre-
6.2 Superior Signal to Noise Ratio sponding measurements of the decoded images. Fig. 5 plots
The viewed scene in this demonstration is composed of sevsamples of these corresponding noise measurements. It is
eral simple shapes. Two of the images acquired under muleasily seen that the noise in the decoded images is much
tiplexed illumination are displayed on the left part of Fig. 4. smaller than in the single-source images. On average, the
The captured images are bright, making the noise insignif-ratio between corresponding noise levels is 7.97, consistent
icant. Based on all of the acquired multiplexed frames,with the theoretical multiplex advantage ¢f256/2 = 8,
we derive the images with demultiplexed illumination, as if predicted by Eq. (12).

Noise standard deviation [graylevel units]
© © o o o o o
R & g

o
[

Measurement samples (source direction, or, pixel position)

Figure 5. The noise in the decoded images [Solid], which is
~ 0.08 graylevels, is significantly smaller than the noise in
the single-source images [Dotted], whichnig).6 graylevels.



Single source image: Decoded image

Figure 6. Experimental results of imaging shiny objects.

specular reflection
of the scene

The scene (window)

Figure 8. [Top] Monochrome images taken under illumina-
tion by cyan, magenta and yellow patterns, which multiplex
the illumination color as well as direction. [Bottom] Decoded
color images of a face mannequin corresponding to different
illumination directions.

Figure 7. Rendering the object based on the decoded images,
as if illuminated by a wide angle scene. Specular reflections ter decoding the illumination direction and color, we obtain
are densely rendered thanks to the large number of sources.  true-color images as if illuminated by a single white source.
For an object, this demonstration uses a face mannequin.
6.3 Specular Highlights and Rendering Decoded images corresponding to different illumination di-

Fig. 6 shows results of an experiment done with specular obfections are shown in Fig. 8.

jgcts. .For display purposes, we §aturated_ the specular high7  Discussion

lights in order to uncover the object details. Yet we stress . . . I . . .

that none of the raw captured images has saturated pixelé.maglng objects under variable lighting condltlo_n_s IS an im-

As in Sec. 6.2, the decoded image fits the single-source imPortant aspect of a broad range of computer vision and im-

age, butits noise is significantly reduced age based rendering techniques. Multiplexed illumination
T'hanks to the ability of our method t;) handle low sig- can be highly beneficial to these techniques. It enables more

nals, the available projector light power is divided into many &cctu_rate |magt|kr:g of dim Objt(_aCts' It |ds.ftafste_r|.tthfm metho_ds
small sources. This high density of illumination samples en- atincrease the exposure imeé, and 1 taclitates easy im-
ables a more realistic image-based rendering of specular réglementatmn of high resolution lighting systems. We expect

flections. The cup shown in Fig. 6 is assumed to have a gra)}hi?rﬁppma(:h t(_)"find a yvide rangef of ?ppf:ications. h
reflectance. In Fig. 7 itis rendered as if it is illuminated by a 1 e'e are still questions open for further research, espe-

window, out of which is a natural outdoor scene. The scene—Cia‘IIy about the tradeoffs of the approach. It may be possible

window is specularly reflected from various places on the 0 Increase the upper bound limit on the number of multi-

cup. The resolution of the reflected image is crude, having_rl)_lr?xeOI sour(;esf,hl_)e?/]ond tr?os_e _rour?hlyhesgmart]ed N Sefc. 4.
255 “pixels” to represent it, corresponding to the illuminat- e reason for this hypothesis is that the brightness of even

ing segments in the image acquisition. Yet, this resolution is2 diffuse scene point can vary dramatically with illumina-

sufficient for the example in Fig. 7, since the reflection oc- tion direction; it may be in a shadow for some of the light

cupies a couple of hundred pixels on the acquired image. jgources. We also explore the application of the multiplexing

is easy to scale the method to thousands of illumination Segprinciple in other domains of imaging and vision.
ments and more, by using the appropriate Hadamard codesA  Appendix: Non-Zero “Darkness”

6.4 Color Multiplexing Frequently, light comes from illumination sources which are
Projecting color patterns enables us to capture the objecsupposed to be completely dark. This is caused by stray light
colors with the monochrome camera used in the previoudn the illumination system or ambient light from possible
demonstrations. However, projecting red/green/blue colorsauxiliary sources. We now show that our multiplexed illu-
means that each measurement capterels/3 of the spec-  mination scheme is much more robust to such disturbances
trum. It is more efficient to multiplex the color channels, in than single-source illumination.

analogy to some camera mosaics [23], and then decode the Typically, such disturbances increase the radiance of all
primary colors from them. Hence, in conjunction to mul- the illumination sources, no matter if they are “on” or “off”
tiplexing the illuminationdirection, we also multiplex the for a specific measurement. Thus, the values,, ; are
illumination color. We project cyan, magenta, and yellow perturbed bydw,. This perturbation propagates to the ac-
patterns, each capturirg 2/3 of the color bandwidth. Af-  quired measurements, which are perturbed by
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