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We consider the problem of automatically generating se- code matrix
guences of structured-light patterns for active stereartri Ly
gulation of a static scene. Unlike existing approaches that
use predetermined patterns and reconstruction algorithms |
tied to them, we generate patterns on the y in response
to generic speci cations: number of patterns, projector-
camera arrangement, workspace constraints, spatial fre-
guency contengtc Our pattern sequences are speci cally
optimized to minimize the expected rate of correspondence
errors under those speci cations for an unknown scene, and
are coupled to a sequence-independent algorithm for per-
pixel disparity estimation. To achieve this, we derive an
objective function that is easy to optimize and follows from
rst principles within a maximume-likelihood framework. By
minimizing it, we demonstrate automatic discovery of pat-
tern sequences, in under three minutes on a laptop, that can
outperform state-of-the-art triangulation techniques.
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Figure 1: Overview. Top: A projection pattern is a 1D im-
1. Introduction age projected along a projector's rows. A sequence of them de
nes a code matrix, whose columns encode pixel position. We
present a framework for computing stereo correspondenses u
ing optimal code matriceswhich we generate on the y. These
'matrices minimize the expected number of stereo errorsatrat

A key tenet in structured-light triangulation is that the
choice of projection patterns matters a lot. Over the years
the eld has seen signi cant boosts in performance—in ro- cur when the individual matrix columns are not very distivet

bustness, 3!3 accuracy, speed and Ve,rs_at'“ty_d,ue to n?V\fred: similar; blue= dissimilar).Middle: A whole space of optimal
types of projection patterns, and new vision algorlthrr_'ns fal matrices exists, for different numbers of projection paseimage
lored to them [1, 2]. These advances continue to this day,sjgnal-to-noise ratio, spatial frequency content (sangaitterns

for improved robustness to indirect light [3-10]; compu- ghown above)etc Bottom: We use two automatically-generated
tational ef ciency [4, 11, 12]; high-speed imaging [13], foyr-pattern sequences to compute the depth map of thetobjec
OUtdQO_r 3D scanning [14, 15]; and for 3D imaging W'th shown on left. Both are optimized for a one-pixel toleranoe f
specialized computational cameras [16], consumer-@ent  stereo errors, without (middle) and with (right) a boundbk
devices [17, 18] and time-of- ight cameras [19-22]. constraint. Both depth maps are unprocessed (please zdom in

Underlying all this work is a fundamental question: what . .
are the optimal patterns to use and what algorithm shouldi€cting & sequence of patterns one by one onto a static scene
and using a camera to estimate per-pixel depth by triangu-

process the images they create? This question was origi< . : S .
nally posed by Horn and Kiryati twenty years ago [23] but Iat|_0n._Start|ng_ from rst principles, we formally derivena

the answer was deemed intractable and not pursued. Sinc@bje(:t.'\’e function over the space of.pattern sequences that
then, pattern design has largely been driven by practicalquantl es the expected r)qmber_of Incorrect stereo corre-

considerations [24—28] and by intuitive concepts borrowed SPendences, and then minimize it using standard tools [31].
from many elds €.g, communications [29], coding the-

ory [2], number theory [25], numerical analysis [361¢) Our optimization takes as input the projector's resolution

and the desired number of projection patterns. In addition
In this paper we present the rst computational approach to to these parameters, however, it can generate patterns that
optimal design of patterns for structured light. We focus on are precisely optimized for 3D accuracy on the system at
the oldest, most accuracy-oriented version of this task: pr hand (Figure 1): for the speci ¢ arrangement of projector



and camera; the shape and dimensions of the 3D scanning
volume; the noise properties and peak signal-to-noise ra-

tio of the overall imaging system; the defocus properties of

the projector lens; a desired upper bound on the patterns'code vector

epipolar plane observation

vector

spatial frequency; and any unknown scene geometry. Thus, °r _ 0q

in contrast to prior work, we do not provide a closed-form ¢ i ‘
expression or “codebook” for a one-size- ts-all pattera se @

quence; we give a way to generate scene-independent patE “ : e

tern sequences on the y at near-interactive rates—Iless tha * : L\_

three minutes on a standard laptop—so that the patterns and L ( \

the associated reconstruction algorithm can be easily and projector Nl pixels perrow) ~ cameralt pixels per row)
automatically adapted for best performance. We call this Figure 2: Viewing geometry. We assume the projector-camera
paradigmstructured lighta la carte system has been recti edg., epipolar lines are along rows.

At the heart of our approach lies an extremely simple onto the scene and (2) how to compute projector-camera
maximum-likelihood decoding algorithm for computing stereo correspondences from the images captured. Spec-
stereo correspondences independently of projectionrpatte  ifying a “good” set of projection patterns can be thought
This algorithm is not only competitive with state-of-the-a  of as solving a one-dimensionadsition encodingroblem
pattern-speci ¢ decoders (MPS [3], EPS [4], XOR [3]), but for pixels on an epipolar line. Conversely, computing the
also makes the pattern optimization problemitself traletab  stereo correspondence of a camera pixel can be thought of

by giving us a way to quantify the expected errors a patternas aposition decodingroblem. We begin by formulating
sequence will cause, it leads to an objective function over hoth problems in a probabilistic framework.

sequences that can be optimized numerically. ) o S
The code matrix A set ofK projection patterns implic-

From a COﬂCEth&' point of view our work makes four im- |t|y assigns &K -dimensionatode VECtOCp to each pixep
portant contributions over the state of the art. Firstame-fo  on the epipolar line (Figure 2). The elementscgfare the
most, our optimization-based approach turns structured-pixel's intensity in the individual patterns, they can beno
lightimaging from a problem adlgorithm desigrffor creat-  binary, and must be chosen so that each code vector is as
ing patterns [1], unwrapping phases [4, 32—-34], computing distinctive as possible. This becomes harder to d¢ ate-
correspondences [24], handling projector defocus [7, 35]) creasesife., vectors with fewer dimensions are less distinc-
into one ofproblem speci catior(how many patterns, what  tive) and as the number of pixels increases. (there are
working volume, what imaging systengtc). The rest  more vectors to be distinguished). We represent the code

is handled automatically by pattern sequence optimizationyectors of an epipolar line with @ode matrixC. This ma-
and maximum-likelihood decoding. Second, we demon- trix has siz&k N for an epipolar line witiN pixels.

strate discovery of pattern sequences that can outperform_ ) i ) _
state-of-the-art encoding schemes on hard cases: low numP’osition decoding Consider a camera pixgl TheK in-
bers of patterns, geometrically-complex scenes, low signa nsities observed at that pixel de nekardimensional ob-
to-noise ratios. These are especially important in setting servation vectopy. Given this vector and the code matrix

h 4 and | ) . f th C, the goal of position decoding is to infer its correspond-
where speed and low-power imaging are of the essenceiny hroector pixelp . This is a dif cult problem because

Third, the emergence of imaging systems that confer ro- gpservations are corrupted by measurement noise and be-
bustness to indirect light without restrictions on freqeien  cause the relation between observation vectors and code
content [16, 36] is giving us newfound degrees of freedom vectors can be highly non-trivial for general scenes. Fol-
for pattern optimization; this larger design space can be ex lowing the communications literature [29], we formulate it
plored automatically with our approach. Fourth, our formu- as a maximum-likelihood (ML) problem:

lation gives rise to new families of pattern sequences with )

unigue properties, including (1) sequences designed to re- p = Decoddog;C) @
cover approximate, rather than exact, correspondences and Decoddoy; C) £ argmax Pr(oqjcp) ; 2)

(2) sequences designed with information about free space 1pN

T e I T S1900ES SECherePr(o | ) s th lkeiood that th code vectr o
added reliability—via the patterns themselves—rathen tha pixel s true stereo correspondence is columof C. This

forcina therm b : ing | liable 3D dat formulation is close in spirit to recent work on Bayesian
entorcing them by post-processing less reliable ald- time-of- ight depth estimation [22] but our image forma-

tion model and decoding procedure are very different. Note

2. Optimal Structured Light that the inferred correspondengemay or may not agree
with the true correspondenpdgFigure 2).

Fundamentally, structured-light triangulation requises Position encoding The code matrixC should be chosen to
dressing two basic questions: (1) what patterns to projectminimize decoding error. For a given projector-camera sys-



observation matrix O code matrix C transport matri

X T ambient vectora noise matrix E

[%]

S Oq— Cp— S ot &q——

g = pretd +0

S - a

= hi ¥ . q h 5

« k-th image j k-th pattern T [p' q] k-th image noise D
M camera pixels N projector pixel O M camera pixels M camera pixels

M camera pixels

Figure 3:Generative model of image formation for a single epipo

lae lacrosK images. Each column of matr@ is an observation

vector (red) and each row collects the observations fronmglesimage across all pixels on the epipolar line (yellow)l y&llow rows
are associated with the same input image and all red colurersssociated with the same camera pixeThe gray column and row are

associated with the same projector pigel

tem and a speci ¢ scene, we quantify this error by counting
the incorrect correspondences produced by the ML decoder

def

Error(C; ) = Decod€oq; C) Match(q) > 3)

a=1

whereMatch(q) is the true stereo correspondence of image
pixel g; is a tolerance threshold that permits small cor-
respondence errors;() is the indicator function; and the

summation is over all pixels on the epipolar line. Note that

imaging system requires optimizatidre., solving the ML
decoding problem in Eq. (2).

We now formulate optimal position encoding as the prob-
lem of nding a code matrixC that minimizes the ex-
pected number of incorrect correspondences:

C = argmin E Error(C; ) (4)

[}
whereE  denotes expectation over a user-speci ed domain
of plausible scenes and imaging conditions. We Caltthe
optimal code matrixor tolerance .

Key objective We seek a solution to the nested optimiza-
tion problem in Eq. (4) that is ef cient to compute and
can exploit imaging-system-speci ¢ information and user
constraints. To do this, we cast the problem as an optimiza-
tion in the space oplausible epipolar transport matrices
(Section 3). This leads to a correlation-based ML decoder
for structured-light reconstruction that is nearly optima
in low-noise settings (Section 4). Using this decoder,
we derive a softmax-based approximation to the objective
function of Eq. (4) and minimize it to get patterns that mini-
mize the expected number of stereo mismatches (Section 5)

3. Epipolar-Only Image Formation

To simplify our formal analysis we assume that all light
transport isepipolar. Speci cally, we assume that observa-

to all images captured by an epipolar-only imaging system
regardless of scene content—even in the presence of severe
global light transport [36].

When epipolar-only imaging holds and the system has been
calibrated radiometrically, the relation between code-vec
tors and observation vectors is given by (Figure 3):
01 Om_. = C1 cn.T+1 &g +E
| —{z—}
code matrixC

i am (5)

observation matrix0

ambient vectoa

illumination to these pixelst is a column vector of all ones;
matrix E is the observation noise; afd is theN M
epipolar transport matrix. Elemeiit[p; g of this matrix
describes the total ux transported from projector pigeb
camera pixet| by direct surface re ection, global transport,
and projector or camera defocus.

3.1. Plausible Epipolar Transport Matrices

The epipolar-only model of Eqg. (5) encodes the geometry
and re ectance of the scene as well as the scene's imaging
conditions. It follows that the expectation in the position
encoding objective function of Eq. (4) is expressed most ap-
propriately as an expectation over plausible epipolarstran
port matricesl , ambient vectora, and noise matrices.

Letus rst consider the space of plausible matri¢esEven
though the space dl M matrices is extremely large,
the matrices relevant to structured-lightimaging belang t
much smaller space. This is because the elemenitsas-
sociated with indirect light generally have far smaller mag
nitude than direct elements—and can thus be ignored [36].
This in turn makes likelihoods and expectations very ef -
cient to compute. In particular, we consider ML-decoding
and optimal encoding for the following three families:

(A) Direct-only T, unconstrained: The non-zero ele-
ments of T represent direct surface re ections and each

tion vectors depend only on code vectors on the correspondcamera pixel receives light from at most one projector pixel

ing epipolar line. This condition applies to conventiogall
acquired images when global light transport, projector de-
focus and camera defocus are negligiblét also applies

1See Figure 8 and [37] for experiments with scenes with sigamit
indirect light, where this condition does not strictly hold

It follows that each column of contains at most one non-

zero element. Moreover, the location of that element is a

true stereo correspondence. The observation vector is-ther

fore a noisy scaled-and-shifted code vector:
0g = T[p;d ¢ + aq + €q

(6)



¥ geometry matrix G geometry matrix G

modate any model of sensor noise as long as its parame-
0 0 ters are known. We assume that the elements of the am-
bient vectora follow a uniform distribution ovef0; amax 1,

1 whereanmax is the maximum contribution of ambient light
expressed as a fraction of the maximum pixel intensity.

projector camera
_ (@ (b) (c)
Figure 4: Geometric constraints. (a) Top view of the epipolar
plane. (b)T is always lower triangular because the 3D rays of all
other elements intersect behind the cameraT (s)non-zero ele- ~ NOw suppose we are given a code matixand an obser-
ments are restricted even further by knowledge of the warkol- vation vectoroq that conforms to the epipolar-only image
ume e.g, black square in (a)): its depth range (red) and its angular formation model. Our task is to identify the stereo corre-
extent from the projector (green) and the camera (blue) eea spondence of pixel. We seek a generic solution to this
gions inT whose intersection contains all valid correspondences. problem that does not impose constraints on the contents of
the code matrix: it can contain code vectors de reedri-

where vectoe, denotes noise. We assume that the location ori—such as MPS [3] or XOR [5] codes—or be a general
of the non-zero element in each columrilofs drawn ran- ~ matrix computed automatically through optimization.

4. Optimal Position Decoding

. . . . Fortunately there is an extremely simple and near-optimal
uniform i.i.d random variable ovg; 1]. This amounts to  4gorithm to do this: just compute the zero-mean normal-
being completely agnostic about the location and magnitudejzed cross-correlation (ZNCC) [40] between and the

of T's non-zero elements. code vectors, and choose the one that maximizes it. This
algorithm becomes optimal as noise goes to zero and as the

(B) Direct-only T with geometry constraints We now re- variance of individual code vectors become the sdme:

strict the above family to exclude geometrically-implduisi
stereo correspondences. These are elemeifitsdfose as-  Proposition 1 (ZNCC Decoding) If observation vectors and
sociated 3D rays either intersect behind the image plane orcode vectors are related according to Eqg. (6) then
outside a user-speci ed working volume (Figure 4a). We
specify these invalid elements with a binary indicator ma- \!i.mo argmax Pr(oqjcp) = argmax ZNCC(oq;Cp) (8)
trix G (Figure 4b, 4c). Given this matrix, we assumethat "1 o0 P N tpN
the location of the non-zero elementin each columm a§

. ) . where
drawn uniformly from the column's valid elements.
(C) Direct-only T with projector defocus The above ZNCC(0q;Cp) = kgq Eggggq;k kzp Egggﬁp;k,
two families do not model projector defocus. This not d d P P
only prevents correct modeling of the defocused projectionyv is the variance of the variances of tNecode vectors:
patterns that may illuminate some points [7], but also ig-
nores the rich shape information available in the defocus v = var(f var(ci);:::;var(cen)g) ; (10)
cue [38]. Accounting for projector defocus in our frame- ,
work is straightforward. Since a camera pixel may receive Mean) andvar() are over the elements of a code vectors the
light from multiple projector pixels, the observation vect ~ noise standard deviation, afti(oq j Cp) is de ned by marginal-
is a noisy scaled-and-shifted mixture of code vectors: izing over a;‘;'e“t contributions and valuesTofp; J:

o= Tod e ¢ e s e () PRI T Prlou e TIpid= x; aq=y) Proo Progdy -

= De nition 1 (ZNCC Decoder)

whereT is a direct-only transport matrix from families (A)
or (B). The coef cientstf in Eq. (7) account for the de-
focus kernel. This kernel is depth dependent and thus each
matrix elementr [p' q] is associated with a different set of Corollary 1 (DefOCUSEd ZNCC DeCOding). If observation vec-
coef cients. The coef cients themselves can be computed s and code vectors are related according to Eq. (7) then
by calibrating the projector [39]. Equation (7) can be made
to conform to the epipolar image formation model of Eq. (5) lim ~argmax Pr(oq j ¢;) = Decoddog;CT")  (12)
by setting the scene's transport matrix to be a new matfix to tp N

whosei-throwisT qi; ] = T[p; gfif. See [37]for details.  where theN N matrix T ¢ holds the defocus kemel at camera
pixel g for all possible corresponding pixgisi.e., T [i; p] = b.

9)

Decod€oq; C) = argmax ZNCC(og;Cp) : (12)
1 p N

Observation noise and ambient vectorThe optimality of
our ML position decoder (SeCtlon 4) relies on noise be- 2See [37] for the proof. This result is a direct generalizataf the

|ng signal independent and normally distributed. The po- widely known correlation-based ML decoder for communimathannels
sition encoder of Section 5, on the other hand, can accom-corrupted by additive white Gaussian noise [29].
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Figure 5: ZNCC versus native decoding.Left: We projectK
MPS patterns [3] of maximum frequen€y onto a known planar
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target and compute correspondence errors using our ZNCC de-

coder (red) and the one by the MPS authors (blaRight: A sim-

ilar comparison for 10 Gray codes (purple) and 10 XOR-04 sode
(green), projected along with their binary complement. \&ecu
the binarization technique in [24] for “native” decoding.in&

these codes have no frequency bound we plot them againséimag

PSNR. In all cases, ZNCC decoding yields comparable results

The near-optimality of the ZNCC decoder has two impor-
tant implications. First, it suggests that there is potiyti

ratio; as the scalar goes to in nity, the ratio tends ta if
pixel p's ZNCC score is the largest and tend®totherwise:

jDecoddoq;C) pj=0 = (14)
= Pr(ogjcp) = max Pr(ogjcr) (15)
o ZNCC(ogicp) = max ZNCC(oq;cr)  (16)
10 '
exp ZNCC(0g; Cp)
T Py _ n
r=1 8Xp ZNCC(0g;Cr)
't (Ciogip) (18)

To count all correct matches on an epipolar line, we evaluate

the softmax ratio at the true stereo match of every pixel
and then compute their sum. Using the notation in Eq. (18):

Correc(T ;E;a;C) = f (C;o0q;Match(q)) :
gq=1

(19)

Finally, incorporating the tolerance parameteio permit

no accuracy advantage to be gained by designing decodingmall errors in stereo correspondences we get:

algorithms tailor-made for speci ¢ codeg¢Figure 5). Sec-
ond, it allows us to transform the nested position-encodin
optimization of Eq. (4) into a conventional non-linear op-

timization. This opens the door to automatic generation of

optimized code matrices, discussed next.

5. Optimal Position Encoding

We begin by developing a continuous approximation to the
functionError() in Eq. (3). This function counts the decod-
ing errors that occur when a given code ma@ixs applied
to a speci c scene and imaging conditiore., a specic
transport matrixT , observation nois&, and ambient vec-
tor a. To evaluate the position-encoding objective function
on matrixC, we drawsS fair samples over , E anda:

E Error(C; )

=(1=9) Error(T ;E;a;C; ) :

T:E;a

13)

Softmax approximation of decoding errors Consider a
binary variable that tells us whether or not the optimal de-
coder matched camera pixglto a projector pixep. We
approximate this variable by a continuous function in three

steps using Eqgs. (15)-(17): Equation (15) states that in or-

der for projector pixep to be matched tg, the likelihood

X
8orrect(T;E;a;C; )=

f (C;o0q;Match(q) + r) (20)
q=1 r=

Error(T;E;a;C; ) = M Correct(T ;E;a;C; ) : (21)

Sampling scenes and imaging conditions Constructing

fair samples of the observation noiEeand ambient vec-

tor a is straightforward and omitted. To construct a direct-

only matrix whose geometric constraints are a magrjxve

proceed as follows. We rst randomly assign a valid stereo

correspondence to each camera pixel accordir{g.td his

speci es the location of the single non-zero element in each

column of T (Figure 3). We then assign a random value to

each of those elements independently. The result is a valid

direct-only transport matrix,e., a sample from family (B)

in Section 4. To construct a family-(C) samglé that ac-

counts for projector defocus and geometric constraints, we

construct a direct-only matrik according tdc and thenin-

corporate the depth-dependent defocus kernels (Section 4)

Optimization We use the Adam optimizer [31] to per-
form stochastic gradient descent on the objective function
in Eg. (13) with a xed learning rate 00:01. The user-
speci ed parameters are (1) the number of projector pixels

of p's code vector must be greater than all others. Equa-N : (2) the number of camera pixelé : (3) the number of

tion (16) then follows from Proposition 1, allowing us to
replace likelihoods with ZNCC scores. Last but not least,
Eq. (17) approximates the indicator variable with a softmax

3strictly speaking this applies to decoders that estimapghdat each
pixel independently, and to code vectors that have appmateiy the same
variance. Note that ZNCC decoding does incur a computdtjmerzalty: it
requiresO (N ) operations versu® (K ) of most specialized decoders.

projection pattern ; (4) the desired tolerance parameter
; and (5) the geometric constraint mat@x The result of
the optimization is a code matr@ .

We initialize the optimization with a randok N code
matrix C and draw a total o5 = 500 sampleqT;E;a)
at iteration 1 to de ne the objective function of Eq. (13).



# patterns

VLI

T
My

[T

M ww\}up

I
1l

T
Iy

T

IV

g 7
Al

AN
?‘\\_:15:
EEEN S

max frequency

39:25dB

Qﬁ.re):,},;g NUAVAVA

| B 57,
Decode(q) q 243 Decode(q) q 365

%\ [ \J/' "\ /A\ufﬁ\_s‘ RN U‘R \J V jun\jhd‘lm\‘:.\f\\\w YA " )

E A \:\\

E N ) A\

‘ ANANNNNTA AVA
E::g “ ‘ ’@\{; ‘ V4 \
NN AN

Figure 6:A walk in the space of optimal codes. To better visualize code structure, the pairwise scgi¢€C(c;; c; ) of code vectors
are shown as a jet-color-mapped matrix (deepréddeep blue= 1). These can be treated as a confusion matiaw 1: We set the
maximum spatial frequency of the patterndte=4 and the image PSNR to be maximal for our imaging conditioren{é rateS0Hz,
camera gain%, known read noise, pixel intensity that spans the full waef0; 1]). We then compute the optimal code matrix for our
608-pixel projector for different numbers of patterns and nleeotconstraintsRow 2: We then choos& =4 (outlined in red in Row 1)
and compute optimal matrices for different bounds on theimarn spatial frequency, with everything else xed as abdvew 3:We now

set the frequency to 8 (outlined in red in Row 2) and computeragd matrices for different values of pixel PSNRe(, the maximum image
intensity gets increasingly smaller), again with evenythélse xed as aboveRows 4 and 5We follow the exact same process for different
lower bounds on disparity.€., the maximum scene depth is increasingly being restiicéedl different tolerances in correspondence error.

These samples act as a “validation set” and remain xed Advanced sensor noise modeling Although the ZNCC
until convergence. For gradient calculations we use a mini- decoder is optimal only for additive Gaussian noise, the ob-
batch containing two new randomly-drawn samples per iter- jective function in Eq.(13) can incorporate any sensoreois
ation. Optimization converges in around 250 iteration2(15 model: we simply draw samples & from the camera's
seconds on an 8-core 2.3GHz MacBook Pro laptop for anoise distribution. We found that this improves signi cnt
six-pattern matrix). We found that increasing the number of the real-world performance of the optimized codes.
samples had no appreciable effect on the quali§ ofi.e.,

the number of decoding errors on other randomly-generated .

scenes and imaging conditions). What does make a bigd- EXperimental Results

difference, however, is the value of the softmax multiplier

: there is signi cant degradation in quality for< 300, The space of optimal code matrices Figure 6 shows
but increasing it beyond that value has little effect. We use several code matrices generated by our optimizer. It is
= 300 for all results shown. See [37] for more details. clear by inspection that the codes exhibit a very diverse

. o structure that adapts signicantly in response to user
Frequency-_constramgd projection patterns _'V'a?“y speci cations. Increasing the frequency content (Row 2)
férrﬁgu\jvri(ter?_shggtti;Iefcrgglggrfsyar?g?;ggrliﬁgnogzrsoﬁcst;:?:cr: | produces confusion matrices with much less structure—as
thresholdF [3. 4, 41]. This can be viewed as an additional one would intuitively expect from vectors that are more
design constraint on the optimal code matrix. To explicitly rithm [42]; in practice, two iterations will yield a close jpdto the feasible
enforce it, we project the code matrix computed at each it- space. Speci cally, for each row &, we (1) clip its elements t0; 1],

eration onto the space of matrices Satisfying the Con$ﬂ'ain (2) compute the Discrete Fourier Transform, (3) set to z8MOFT coef -
cients abové-, (4) compute the inverse DFT of the result, and (5) clip it to

4This can be achieved using a projection-onto-convex-92C®) algo- [0; 1] again. This yields a code matrX°that is fed to the next iteration.




distinctive. Interestingly, codes adapted to lower peak Several observations can be made from these results. First,
signal-to-noise ratio (PSNR) conditions have confusion our code matrices outperform MPS and EPS—which
matrices with coarser structure. We did not, however, represent the current state of the art—in all cases shown.
observe an appreciable difference in the real-world perfor This performance gap, however, shrinks for larger numbers
mance of those matrices. Row 3 of Figure 6 illustrates the of patterns. Second, our codes perform signi cantly better
codes' adaptation to geometric constraints. Speci cally, than EPS and MPS at higher spatial frequencies. This is
only points on the plane at in nity can hagecodéq)= q despite the fact that those coding schemes were speci cally
and for 3D points that are closer, a camera pixel can only designed to produce high-frequency patterns. It is also
be matched to a projector pixel on its right (Figure 4b). worth noting that the performance degradation of MPS and
Comparing the code matrix for an unrestrictedred box EPS at high frequencies cannot be explained by camera
on Row 3) to that of a lower-trianguldr ( rst column in defocus because the camera's aperture was small in these
Row 4) one sees signi cant re-organization in the confusion experimentsi(e., large depth of eld). Third, geometric
matrix; the optimization effectively “focuses” the codes' constraints confer a major performance advantage to all
discriminability to only those code vectors that yield dali  codes at low pattern counts. The gain, however, is higher
3D points. On the other hand, code matrices that computefor our codes since they are optimized precisely for them.
approximate, rather than exact correspondences, exhibiFourth, code matrices that are geometry-constrained and
coarser structure in their confusion matrix (Row 4). optimized for a small error tolerance tend to produce low
Experimental system We acquired all images &0Hz root-mean-squared errors (RMSE) for most frequencies.
and8 bits with a1280 1024monochrome camera supplied
by IDS (model IDS UI-3240CP-M), tted with a Lensation
F/1.6 lens (model CVYM0411). For pattern projection we
used a 100-lumen DLP projector by Keynote Photonics
(model LC3000) with a native resolution 608 684and
only the red LED turned on. We disabled gamma correc-
tion, veri ed the system'’s linear radiometric responseg an

Qualitative results Reconstructions of several objects are
shown in Figure 1 (using four patterns) and Figure 8 (using
ve and six patterns). The comparison in Figure 1 indicates
that computing geometry-constrained codes has a clear ef-
fect on the quality of the results—a trend observed in our
guantitative comparisons as well. In Figure 8 we speci -
cally chose to reconstruct a dark scene as well as a scene
byith signi cant indirect light to compare performance un-
Xer low-PSNR conditions and general light transport. We
observe that our depth maps have signi cantly fewer out-
liers than EPS and MPS and are less in uenced by depth
discontinuities. Moreover, despite not being speci calfy
timized for indirect light, we obtain better depth maps ¢her
as well.

for each pixel on the target. We experimented with three
different models of pixel noise for our position-encoding
optimization: (1) additive Gaussian, (2) Poisson shoteois
with additive read noise, and (3) exponential noise [43]
with additive read noise.

Ground truth  We printed a random noise pattern of
bounded frequency onto a white sheet of paper and placed
it on a planar targeBOcm away from the stereo pair (Fig- .
ure 7, bottom row, third column). We used two different 7. Concluding Remarks
pattern sequences to obtain “ground-truth” disparity maps

160 conventional phase-shifted patterns aB XOR e pelieve this is just a small rst step in designing op-
patterns (including the complement codes). We adjustediimized codes for structured light. The speci ¢ imaging
the aperture so that the maximum image intensity was 200egime we chose to study—small numbers of patterns, low-
for a white projection patterni.¢., a high-PSNR regime  pgNR conditions—leaves a lot of room for further explo-
at the brightest pixels) and focused the lens on the target,4tion. On the high-accuracy end of the spectrum, the abil-
For 97% of pixels the disparities were identical in the two ity to quickly optimize patterns after an initial 3D scan

maps; the rest differed by 1 disparity. Thus, correctness ¢oyid lead the way to new adaptive 3D scanning tech-
above 97% against these maps is not signicant. We niques [5, 44].

optimize all of our code matrices for these high-PSNR

conditions with the exponenUa_I-pIus-read-nmse model Although derived from rst principles, our position-
(see [37] for performance evaluation of other two models). gncoding objective function can be viewed as an extremely
Quantitative evaluation We focus here on the most simple one-layer neural network. Understanding how to
challenging cases: very small number of patterns and lowbest exploit the power of deeper architectures for active tr
PSNR. To evaluate low-PSNR performance, we reducedangulation is an exciting direction for future work.

the aperture so that the brightest pixel intensity under a

white projection pattern i80, and counted the pixels whose Acknowledgements The support of the Natural Sciences
correspondences are withirof the ground truth. Figure 7 and Engineering Council of Canada under the RGPIN and
compares our optimized code matrices against those ofSGP programs, and of DARPA under the REVEAL pro-
MPS and EPS, using the same ZNCC decoder for all codesgram, are gratefully acknowledged.
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Figure 7: Quantitative evaluation. Top row and rst two columns of bottom rovEach data point represents three independent acqui-
sitions with the same pattern sequence. Error bars indibatemallest and largest fraction of correct corresporekeicthose runs. We
used =0 for optimization in the top row and=1 in the bottom. Solid lines show results when no geometry ttaimgs are imposed on
code optimization and on decoding. Dashed lines show whaidres when we use a depth-constrained geometry n@atiiiigure 4c).
For EPS and MPS, the constraint is used only for decodiagwe search among the valid correspondences for the onmthdizes the
ZNCC score. Our codes, on the other hand, are optimized &ictnstraint and decoded with it as w@bttom row, right: RMSE plots.
photo (mean intensity 17 , max= 231) ours K =5;F =32; =1) EPSK =5 ;f‘=17) MPS K =5;F =16)

=N

.

photo (mean intensity 28 , max= 255) oursK =6;F =16; =1) EPSK =6;F =17) MPS K =6;F =16)
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Figure 8:Qualitative comparisons. We acquired depth maps for the scenes on the left using theteonts, with the same ZNCC decoder
and the same triangular geometry matéx(Figure 4b). For each method, we reconstructed the scenasveral maximum frequencies
in the rangg4; 32] and show depth maps for each method's best-performing érexyu Top row: Reconstructing a dark, varnished and
sculpted wooden trunk with ve patterndliiddle row: Reconstructing a scene with signi cant indirect transgarbowl, candle, and
convex wedge) using conventional imaging and six pattépgom row:Depth map acquired with many more patterns, along with eross
sections of the above depth maps (blue points) and a histogfalisparity errors (please zoom in to the electronic copyr reference,
we include the cross-sections of depth maps acquired upipglar-only imaging [36] with the exact same patterns €grpoints), as well

as of “ground truth” depth maps acquired with 160 shiftedre@patterns of frequencies 16 to 31 using epipolar-onlygimz (red points).
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