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ABSTRA CT

Intermediate view reconstruction is an essetial step in content preparation for multiview 3D displays and free-
viewpoint video. Although many approadesto view reconstruction have beenproposedto date, most of them
sharethe needto model and estimate scenedepth rst, and follow with the estimation of unknown-view texture
using this depth and other views. The approac we presert in this paper follows this path aswell. First, assuming
a reliable disparity (depth) map is known betweentwo views, we presen a spline-basedapproac to unknown-
view texture estimation, and compare its performance with standard disparity-compensatedinterpolation. A
distinguishing feature of the spline-basedreconstructionis that all virtual viewsbetweenthe two known viewscan
be reconstructed from a single disparity eld, unlike in disparity-compensatedinterpolation. In the secondpart
of the paper, we concerirate on the recovery of reliable disparities especially at object boundaries. We outline
an occlusion-avare disparity estimation method that we recertly proposed;it jointly computes disparities in
visible areas, inpaints disparities in occluded areasand implicitly detects occlusion areas. We then showv how
to combine occlusion-avare disparity estimation with spline-basedview reconstruction presered earlier, and we
experimentally demonstrateits bene ts comparedto occlusion-unavare disparity-compensatedinterpolation.

1. INTR ODUCTION

Intermediate view reconstruction, de ned as the generation of virtual views of a scenecaptured by few real
cameras,is an essetial step in content preparation for multiview 3D displays® and free-viewpoint video* °
Although numerousview reconstruction algorithms have beenproposedto date, from simple two-view disparity-
compensated interpolation,’1° to complex image-basedrendering schemes!{!®> most approaces share the
needto model and estimate the scenedepth rst. Oncethe scenedepth is known, either explicitly or implicitly

(through disparity), texture of the unknown view is estimated based on views from the real camerasand the
known camerageometry Therefore, the two main problemsthat needto be solved in view reconstruction are:
depth estimation and texture estimation. Although, they can be performed jointly, we assumein this paper that

they are decoupled. Moreover, we considerview reconstruction for the caseof two closely-spaceccameras. This
scenariois typical for capturing imagesto be displayed on an automultiscopic (no glasses,multiview) screen.
Note that the methodology preseried in this paper can be also applied to video frame-rate corversiont®

The problem of texture estimation given disparities between left and right imagesof a stereo pair can be
approaded in two di erent ways depending on how the disparities are computed. In reconstruction basedon
backwad disparity compensation, disparity vectors are de ned (anchored or pivoted) on a sampling grid of the
view to be reconstructed while pointing, in general,to o -grid locations in the known images. A simple spatial
interpolation of known imagesrecovers the neededtexture attributes (luminance and color). Where algorithms
of this type dier is how attributes from known images(may be more than two) are combined to produce the
unknown attribute of the virtual view; linear Itering & ° and non-linear winner-take-all algorithms!® are some
of the choices. This approad, however, has serious drawbadks, such as excessie smoothing and the needto
compute a disparity eld for ead virtual view; we will discussthis in more detail in the next section.

Alternativ ely, in reconstruction basedon forward disparity compensation, disparity vectors are de ned on a
sampling grid of a known image (or seweral images)while pointing, in general,to o -grid locations in the plane
of the virtual image. Under constart-brightnessassumption'’ theselocations inherit texture attributes of known
imagesbut, unfortunately, are irregularly spaced. The main issue, thus, is how to recover a regularly-spaced
virtual view from these samples. The simplest solution is to apply nearest-neighbor interpolation but it results
in objectionable distortions.® 18



Recerily, a solution to the problem of regularly-spacedimage recovery from irregularly-spaced sampleshas
been proposed basedon spline models!® We proposeto adopt this approac to view reconstruction because
it avoids the oversmaothing and disparity-per-view problems assaiated with badkward disparity compensation
although, admittedly, its computational complexity is higher. The main idea is based on minimization that
balancesa spline-model t to the irregularly-spacedintensity samplesand spline-madel smoothness. We propose
an extensionto this approac by overconstraining the solution using intensity projections from both left and right
images. We evaluate performanceof the proposedreconstruction method against standard disparity-compensated
interpolation (backward disparity compensation).

An added benet of the spline-basedreconstruction is the ability to handle occlusions more e ectiv ely.
Basically, by projecting only the texture that will be visible in the intermediate view, and eliminating occluded
texture, the nal view can be made free of occlusion artifacts. Therefore, in the secondpart of the paper, we
proposeto useocclusion-avare disparity estimation?° in combination with spline-basedreconstruction. We shov
that reliable disparity estimation can be usedtogether with spline-basedreconstruction to produce high-quality
intermediate imagesesypecially in occlusion areas.

The paper is organized as follows. We rst introduce interpolation-based view reconstruction methods.
Then, we describe Vazquezet al.'s spline-basedimage reconstruction from irregular samples® and extend it to
intermediate view recovery. Next, we evaluate pivoting-basedand spline-basedmethods in presenceof disparity
errors and image noise. We then introduce a method for occlusion detection and occlusion-avare disparity
estimation. Finally, we combine all these methods to reconstruct high-quality intermediate views.

2. INTERMEDIA TE VIEW RECONSTR UCTION BASED ON INTERPOLA TION

In this work, we assumethat camerasare closelyspacedand thus a fairly reliable disparity eld canbe computed
betweentwo views. We will discussdisparity estimation separatelyin Section 5.

In the above scenario, the main issuesare the e ectivenessand e ciency of luminance/color recovery on
the sampling grid of the intermediate view. Let I and Ir be two images captured on 2-D sampling grid
by two closely-spacedcameras. We assumethe distance betweenthe two camerasis normalized to 1. Consider
that we would like to create an intermediate view J, alsode ned on but at distanceO< < 1from |, by
computing disparities betweenl | and|r. Clearly, for = 0,wehaved = |, whereasfor = 1,wehavel = Iy
(Fig. 1). It is possibleto compute two vector elds: d g when disparity vectors are pivoted (anchored) on the
sampling grid of I (Fig. 1.a) and dr. when they are pivoted on the sampling grid of I g (Fig. 1.b). Under the
constart-brigh tness assumption!’ the following relationships can be written using thesedisparity elds:

LX) =Ir(X+dr(X); ITrX)=1(X+drL(X)); 8x2 : ()
Since brightness constancy holds along the whole disparity vector, the following relationships result:
J(x+ dr(X)=1(x); IJ(x+ @ dre(x)) = Ir(x); 8x2 : (2)

The reconstruction of J(x + d g (X)) and J(x + (1 )dryL (X)) is trivial; respectively, substitute I, (x) and
Ir(X). Howevwer, the locationsx + d g (x) and x + (1 )dgrL (X) usually do not belongto . In fact, dueto
the space-ariant nature of disparities, the above locations are irr egularly spaced, whereasJ de ned on lattice

is being sougtt. The two approachestypically usedto solve this problem to date are described below.

2.1. Intermediate view reconstruction with disparit y rounding

One option is to avoid reconstruction of intermediate-view intensities o by forcing the disparity-compensated
locationsx+ d g (x)andx+ (1 )dgrL(X) to belongto . For orthonormal lattices typically used,this means
forcing dir (x) and (1  )dgry (X) to be full-pixel vectors.”*® This can be accomplishedeither by rounding
intermediate-view positions to the nearestinteger after disparity estimation (i.e., J(nint (x+ dg )(x)) = I (x))
or by estimating disparities under the constraint d g (x) 2 or (1 )JdrL(X) 2 . In consequencemost
pixels in the intermediate view will have a unique intensity assigned,but somemay have either no intensity or
multiple intensities. Although additional post-processingusing texture synthesis(to Il in the missingintensity)
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Figure 1. View reconstruction when disparity vectors are pivoted in (a) left, (b) right, and (c) intermediate image.

or depth ordering (to choosefrom multiple intensities) can handle suc problematic areas,the resulting images
are usually sewerely distorted. Thesedistortions are due to disparity rounding, that e ectiv ely implements the
nearest-neighbor intensity interpolation known to causenoticeable aliasing.?* In caseof constraining disparities
during estimation, it is the coarsedisparity resolution neededto meet intermediate-view lattice constraints that
is the main culprit.

2.2. Intermediate view reconstruction with disparit y piv oting

In order to alleviate these problems, a common solution is to de ne (pivot) disparity vectorson lattice  of the
view to bereconstructed?® ??> As shown in Fig. 1.c, the disparity eld d; isde ned on in J thusforcing disparity
vectors to passthrough pixel positions of the intermediate view (i.e., vectors are pivoted in the intermediate
view, thus the name of the method). The constart-brightnessassumption now becomes:

lL(x dy(x)) = lr(x+ (1 )dy(x)); 82 : ®3)

Compared to equation (1), ead lattice point of J is guaranteed to have a disparity vector and, therefore, two
intensities assaiated with it. Although disparity vector endswill not necessarilyintersect in I or lg, since
intensities of both imagesare available on , intensitieso  can be easily calculated using spatial interpolation.

In order to reconstruct view J at distance , disparity eld pivoted at is needed. This ertails a disparity
estimation for ead view reconstruction, a signi cant computational burden. On the other hand, view recon-
struction becomesa byproduct of disparity estimation; onceleft- and right-image points are selectedto satisfy
equation (3), either left or right luminance/color can be usedfor the intermediate-view texture. An even better
reconstruction, as will be demonstrated later in the paper, is accomplishedwhen weighted averaging (linear
interpolation) of both intensities is applied as follows®:

JX)=@ Hhe(x  dy(x)+ Tr(x+ (1 )ds(x)); 82 : (4)

It is clear from the above equation that all intermediate-view pixels are assignedan intensity and post-
processingis not needed. Howewer, in addition to the needto compute a disparity eld for ead intermediate
view, pivoting-based methods tend to produce somewhatblurred imagesdue to the multiple interpolation steps
involved'® (spatial interpolation in ead view due to sub-pixel disparities plus interpolation betweenviews).

One should note that methods which employ ray-tracing'' 12 essetially usepivoting aswell. Usually, these
methods apply ray-tracing at the required pixel position and nd the corresponding texture in 3D model or
input 2D imagesby using the underlying camera calibration information. Therefore, e ectiv ely, they pivot on
the intermediate view to be reconstructed.

3. INTERMEDIA TE VIEW RECONSTR UCTION BASED ON APPR OXIMA TION
IN THE SPACE OF SPLINES

First, we introduce B-splines, and describe a method for image reconstruction from irregularly-spaced samples
using B-splinesdeveloped by Vazquezet al.'® Then, we discussadaptation of this method to view reconstruction.



3.1. B-splines

The computation of regularly-spaceddata from irregularly-spacedinput can be achieved, among others, via B-
splines?® commonly usedasinterpolation kernels. A 1-D cortin uousfunction can be represerted using B-splines
as follows:

X\l .
fx)= o "(x i) (5)
i=1
where ¢; are spline coe cien ts and "(x) is a B-spline of order n, de ned as n-fold corvolution of zeroth-order
spline functions  °(x):

8
2 M { <L jxj<1=2
n= Ox) O%x) = %x); °(x)= . 1=2, x= 1=2 (6)
" 0; otherwise
A separableextension of 1D splinesto multiple dimensionsis trivial:  (x1;X2;:5Xn) = N, (X). The main

advantage of working with splines is that although the underlying model is a corntinuous represenation, all
computations are conducted on discrete data, speci cally the spline coe cien ts.

3.2. Image reconstruction from irregularly-spaced data using cubic B-splines

Consider a set of irregular image samples,eat at xx = (Xk;Yk), with corrssmnging intensities K wherek =
1;:::;M, and M is the number of samples. A cortinuousfunction f (x;y) = 2} jN:yl ci 3(x) 3(y) is sougtt,
where Ny and Ny are dimensions of the image, sudh that it best matches all samples & by minimizing the
following error:

b
D= jf(xiiy) K% (7)
k=1
Although D = 0 can be adhieved for an interpolating function f , this would not necessarilybe the best solution
becausethe data may cortain erroneousvalues (local outliers). Moreover, an interpolating function could yield
extreme uctuations in areasvoid of input data. Therefore, a regularization term should be addedto prevert
such behavior. Vazquezet al.'® proposedto apply the thin plate model as follows:

%x %y 2 2 2

R= fx + 205 + 15y 8
i=1 j=1

where the subscripts indicate derivatives of the continuous function f with respect to x and y. Combining the

data matching and regularization terms, the cost function to be minimized is dened asE = D + R where

is the regularization factor. Minimizing E with respect to coe cien ts ¢; yields a cortinuous function, that,

sampledon , permits recovery of regularly-spacedintensities. For implementation details pleaseseeour earlier

work.19

3.3. Overconstrained intermediate view reconstruction

The above spline-basedreconstruction could be applied to irregularly-spacedintermediate-view intensities derived
from either I . or Ig (2). Howewer, we proposeto overconstrain the intermediate view by using samplesderived
from both views simultaneously as follows:

Compute disparity elds d g (x) and dg (x) anchoredin I and | g, respectively, that satisfy (1).

Create sets of irregular positions X and corresponding intensities | in the intermediate image resulting
from disparity compensationof I and I as follows:

XL =fx+ dr((X):82 g L =fl.(x):82 g 9)
Xg=fx+ (1 )drL(X):8x2 g; IR = flr(X):8x2 ¢ (20)
X=X [ Xgr; F=1.[Ir (11)



Find optimal function f (x) that minimizes cost function E (Section 3.2) for the setsX and | .

Find valuesof f (x) for all x 2 .

The solution will be overconstrained becausefor an intermediate image of sizeN M, we use approximately
2 N M intensities. There are a number of benets of overconstrained, spline-basedintermediate view
reconstruction. First, it allows to use an arbitrary number of disparity elds that jointly overconstrain the
solution, thus facilitating an extension to multiple views. Secondly due to camera noise, the intensities of
homologouspoints in I and Ig are rarely identical; using intensities from both imagesin the minimization
(via 1) leadsto a compromise solution that, in a sense,implemerts averaging between views (similarly to
reconstruction basedon disparity pivoting). Thirdly, by the very nature of spline-basedreconstruction if similar
intensities from both imagesare almost co-located, the solution will emphasizethis location (sort of a weighting
medanism). Fourthly, improvedimage quality can be expecteddue to the useof original intensitiesin I . and I 5,
unlike in pivoting-based reconstruction that usesspatially-interpolated intensities. Fifthly , having a continuous
function that represens the image can be bene cial for warping or changing scale of the image. Sixthly, the
spatial regularization involved in the spline-basedformulation makesthe algorithm more robust to image noise
than pivoting-based methods. Finally, unlike the pivoting-based method, spline-basedreconstruction does not
require separatedisparity eld for every virtual position.

4. COMP ARISON OF PIV OTING AND SPLINE-BASED VIEW RECONSTR UCTION
4.1. Comparison on ground-truth  texture and ground-truth  disparit y

In order to comparepivoting- and spline-basedview reconstruction in isolation from disparity errors, we prepared
a ground-truth data set (I, Ir, J), with known disparity, and free of noise and occlusion e ects. This ensures
a comparisonof only reconstruction capabilities of both methods. In order to create ground-truth data set with
sub-pixel disparities, we pre- Iter a high-resolution image (2100 1800)to avoid aliasing after downsampling and
then shift it by (7,7) and by (14,14) pixels. We downsamplethe original Iltered imageand the two Itered/shifted
imagesby factors of N = 6; 10and 15to generatethree setsof I, J, and | g images. Parametersusedto generate
ead data set are given in Table 1 and the left image of one set is shonvn in Fig. 2. In the following tests, a
reconstruction J of the midpoint image is computed from the other two imagesusing pivoting- and spline-based
algorithms, and averagereconstruction error J Yis calculated (PSNR).

Data set N Imagesize Disparity from |, to Ig 50 20 9 5 1 0:1
#1 6 350 300 (2.333,2.333) #1 42.04 47.46 50.62 51.11 50.52 50.20
#2 10 210 180 (1.4,1.4) #2 36.91 39.43 40.39 40.43 40.04 39.88
#3 15 140 120 (0.9333,0.9333) #3 31.73 32.12 31.81 31.30 29.64 28.47
Table 1. Parameters used to create three ground-truth Table 2. PSNR of reconstruction error for spline-based
data sets (N is the downsampling factor). method with various regularization factors (times 10 3).

Sincethe spline-basedreconstruction method requiresspeci cation of the regularization factor , we start by
evaluating its impact on PSNR of the reconstruction error. As is clear from Table 2, very small and very large
regularization factors (on the scaleof 10 3) result in higher reconstruction error (lower PSNR). This is because
for low regularization factors the continuous function modeled by splinesis more free to uctuate in areasvoid
of input samples. On the other hand, high regularization factors inhibit uctuations altogether thus creating
oversmaothed (blurry) image.

With  calibrated, let's compare spline- and pivoting-based reconstructions under seweral scenarios. First,
consider a noiselesscasefor both imagesand disparities. It is clear from Table 3 that spline-basedreconstruc-
tion performs signi cantly better than pivoting-basedreconstruction (0.9-3.9dB improvemert), if is carefully
selected. The sametest is conducted using only one set of intensities for both reconstruction algorithms, either
from the left or right image (i.e., either X_ or Xg instead of X), and the results are showvn in Tables4.a and



Figure 2. Left image of data set #1.

Pivoting Spline

Bilinear Bicubic 1 2

#1 38.49 41.37 37.89 42.99
#2 32.45 34.40 33.71 35.79

#3 29.23 30.78 30.82 31.83

@

Pivoting Spline

Bilinear Bicubic 1 2

#1 40.00 47.28* 42.04 50.62
#2 33.37 36.50 36.91 40.39

#3 29.31 3091 31.73 31.81

Table 3. PSNR of the reconstruction error in absence
of noise in images and error in disparities ( 1 = 50
10 3% ,=9 10 9.

Pivoting Spline

Bilinear Bicubic 1 2

#1 39.12 42.18 38.38 43.88
#2 33.89 36.99 3524 37.96

#3 29.37 31.00 30.99 32.19
(b)

Table 4. PSNR of the reconstruction error in absenceof noisein imagesand error in disparities when reconstructing only
from: (a) left image, and (b) right image( 1= 50 10 3; ,= 9 10 3), i.e., no overconstraining of intermediate view.

4.b. It is clearthat although spline-basedreconstruction consisterily outperforms pivoting-basedreconstruction,
reconstruction from either left-image intensities or right-image intensities is numerically inferior to using both
images;overconstraining the solution leadsto higher image quality for reasonsdetailed in Section 3.3.

In the next test, we evaluate the impact of disparity errors (e.g., resulting from disparity estimation) on re-
construction quality; uniformly-distributed white noisewith rangevarying from [-0.1,0.1]to [-4,4] pixels is added
to the ground-truth disparity eld. Results showvn in Table 5.a, indicate that pivoting-based reconstruction is
more robust to disparity estimation errors until the error becomesnegligible, when spline-basedreconstruction
performs better. This behavior is not unexpected, becausein pivoting-based reconstruction, eac pixel is inde-
pendenly reconstructed using its disparity vector and therefore the errors related to disparity estimation are
isolated. On the other hand, sincespline-basedreconstruction works on all irregular points jointly, oneincorrect
disparity vector a ects all points in its neighborhood.

In the nal test, we addedwhite Gaussiannoisewith di erent variancesto the original left and right imagesto

Pivoting Spline Pivoting Spline

Bilinear  Bicubic 90 50 25 9

4, 4] 25.09 24.88 2446 2264 102 25091 2444 26.46 25.65 24.76 23.76
2;2] 30.19 30.59 29.50 27.34 10 %5 30.53 29.34 30.96 30.44 29.66 28.72
35.20 37.88 3549 3434 103 3459 34.21 3469 34.86 34.46 33.70
11 38.60 43.60 39.44 40.39 10 35 37.45 38.76 37.14 38.42 38.90 38.57
?—1 39.70 46.10 4121 4536 10° 39.07 4278 38.30 40.60 42.50 43.16

%] 39.96 47.10 4191 49.27 10 ¥° 39.69 4537 38.71 41.53 44.70 46.76
(@) (b)

Table 5. PSNR of the reconstruction error in presenceof: (a) uniformly-distributed white noise added to disparities

(1=50 103 ,=9 10 3); (b) Gaussianwhite noise addedto the original images (intensity assumedbetween0 and
1, and regularization factor times 10 3). Both tests conducted on data set#1 only.

Range Bilinear Bicubic 1 2 2
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Figure 3. View reconstruction for parallel camera setup: (a) original midpoint image; (b) disparity pivoted in I ; and
locations of reconstruction error (white) greater than zeroin (c) spline-based(d) pivoting-based reconstruction.

better understandthe impact of imagenoiseon the reconstruction. It canbe seenfrom Table 5.b that spline-based
reconstruction outperforms pivoting-based reconstruction, especially when regularization parameter is adjusted
to the noiselevel. This can be explained again by the nature of reconstruction algorithms. Since spline-based
reconstruction incorporates prior thin-plate model that can be thought of as a smoothing operator or low-pass
Iter, the algorithm is able to combat the noisebetter than pivoting-basedreconstruction.

Our overall conclusionfrom thesetests is that overconstrained spline-basedreconstruction signi cantly out-
performs pivoting-based reconstruction. Also, while spline-basedreconstruction is more robust to image noise
than pivoting-basedreconstruction, the latter is more robust to disparity errors.

4.2. Comparison on ground-truth  texture

In this part, we comparethe two approaceson ground-truth texture data but with unknown disparities; any er-

rors from disparity estimation a ect view reconstruction performance. For ground-truth texture, we constructed
seweral data sets using a graphics program TrueSpce" , which allows to create realistic 2D renderings of 3D

scenes. As the 3D objects in the scene,we used VRML les courtesy of I3S Laboratory from the University

of Nice at Sophia-Antip olis, France. Each data set consists of left, midpoint and right images. Again, we
reconstructed the midpoint image using left and right imagesand we calculated the reconstruction error. An

optical o w algorithm with isotropic di usion 1”24 wasusedto estimate the disparities. Although for spline-based
reconstruction we could have used a more advanced optical ow algorithm basedon image-driven anisotropic
di usion, 2° it would have beenunfair to the pivoting-based method.

Figure 3.a shows the midpoint image to be reconstructed. Since the data are smooth, the reconstruction
quality was very good with a slight edgeto the spline-basedmethod (48.85dB) over the pivoting-based one
(48.33dB). Instead of showing reconstructed images (di cult to seedierences at this quality level), we are
showing a zoom-in on locations where errors are non-zero (white pixels in Figs. 3.c-d). It can be noticed that
the number of white pixels is smaller in spline-basedreconstruction. The disparity of the object (no information
for badkground) is shown in Fig. 3.b.

We also tested both algorithms on the Flowergarden sequencepopular for its 3-D qualities. Although this
is a monocular sequence,since the cameramoves at a constart speed, while the sceneis static, this setup is
equivalert to multiview capture. Considering three consecutive frames (3¢, 4" and 5") of the sequencewe
reconstructed the mid-point frame using the other two and comparedthe result to the original mid-point frame.
The PSNR valueswere 29.84dB and 29.47dB for pivoting and spline-basedreconstructions, respectively. Again,
sincethe reconstruction quality was high (di cult distinguish in print), we are giving PSNR valuesonly.

The reconstructions presenied so far have been of high quality since occluded areaswere rather small. In
caseof signi cant occlusions,di culties arise since neither pivoting-basednor spline-basedmethod is equipped
to handle them; as texture disappearsbetweenleft and right images, no match can be found during disparity
estimation. Consequetly, incorrect disparity valuesare assignedto occlusion areasthat, in turn, leadsto poor
view reconstructions. Fig. 4 shaws Exit stereosequencegproperty of Mitsubishi Electric Researt Laboratories)
that exhibits signi cant occlusions,especially near image boundaries. When occlusionsare not handled properly,
artifacts appear in the reconstructed views of both pivoting-based(Fig. 4.c) and spline-based(Fig. 4.9) methods.
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Figure 4. View reconstruction for stereo sequenceExit: (a) original left image; (b) isotropically-estimated disparity
pivoted in J; (c) pivoting-based reconstruction; (d) pixels to be occluded in the midpoint image J but successfully
recovered from Ir in occlusion-aware spline-based reconstruction; (e) original right image; (f) anisotropically-estimated
disparity?® pivoted in I ; (g) occlusion-ignorant and (h) occlusion-aware spline-basedreconstructions; closeup of (i) left
image (j) pivoting-based and (k) occlusion-aware spline-basedreconstruction. Closeupsare gamma-corrected for clarity.

For example,in closeupsof the original left image (Fig. 4.i) and pivoting-basedreconstruction (Fig. 4.j) the man's
body cortracts in intermediate view while shifting to the left. There are additional artifacts in pivoting-based
approadc at the bottom of the window, due to poor disparity estimates.

Although in absenceof image and disparity errors spline-basedreconstruction signi cantly outperforms
pivoting-basedreconstruction, in practice, when disparity estimation intro duceserrors and imagescontain noise,
the two methods have comparable performance. As for computational complexity, if a single view is to be
reconstructed, pivoting-based reconstruction is less costly (single disparity eld, simple averaging), but when
seweral views need reconstruction the complexity betweenthe two methods is more comparable (spline-based
reconstruction needsalways two disparity estimations plus minimization). However, a signi cant di erence exists
betweenthe two algorithms in terms of their ability to adapt to occlusions. The pivoting-based reconstruction
computesdisparities anchored on the sampling grid of the intermediate imagethat is unknown. Although dispar-
ity regularization basedon robust metrics could be used®® to achieve edge-preservingdisparity elds, results are
not as e ectiv e as anisotropic di usion guided by image gradient (unknown in intermediate view). The spline-
basedreconstruction, however, usesdisparity elds anchored in the known left and right imagesthus permitting
anisotropic regularization adapted to the underlying image gradiert.
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Figure 5. lllustration of occlusion e ects on a horizontal cross-section(single row) of I, J, Ir: (a) areaA from J is visible
only in I, while areaB is visible only in Ir; (b) typical (incorrect) disparity elds dig and dg. computed under spatial
regularization in presenceof occlusions; (c) selective forward disparity compensation for spline-basedreconstruction.

5. OCCLUSION-A WARE VIEW RECONSTR UCTION

Considering the experimerts from the last section, it is clear that occlusion areasmust be properly handled to
reconstruct high-quality intermediate views. Occlusionsin stereoimagesare due to scenestructure and di erent
viewpoints of cameras. Consider Fig. 5 where horizontal cross-sectionsof two sourceimagesand intermediate
image to be reconstructed are shovn. An object (blue rectangle) is displacedover a static badground between
I. and Ig due to disparity betweenimages. Consequetly, as shown in Fig. 5.a, the areasA°[ D in I_ and
B°[ C in Ir are occludedin the other sourceimage and this posesseweral challenges.

First, disparity cannot be correctly computed in these areas becausesuc areas disappear and cannot be
matched betweenthe images. Therefore, disparities in occlusionareasshould not be computed at all in order not
to yield incorrect estimatesthat could a ect neighboring disparities (through regularization). Howewer, in order
to reconstruct an intermediate view, disparities in occlusion areas,sud as A, are needed. Note, that in Fig. 5.a
area A of J can be reconstructed only if the disparity of (static) area A%in |, is known. In practice, disparity
estimation algorithms do not have any prior knowledge of occlusions,therefore they compute incorrect disparity
vectors in occlusion areasby meansof regularization (Fig. 5.b). Theseincorrect vectors a ect the accuracy of
neighboring disparities and, thus, the quality of reconstructed image. This is often visible in pivoting-based
reconstruction; occlusion areasexhibit \rubb er" e ect (stretching and shrinking of texture as changes).

Secondly reconstructing texture in occlusion areasof an intermediate view (A and B in J) is not possible
without knowing wheretheseareasare. One nal challengeis that sincetexture in the occlusion areasis visible
only in one of the images(A in I, B in Ir), the algorithm should explicity nd the correct sourceimage. In
other words, the algorithm should explicitly determine the visibilit y of a sourcepixel in intermediate views.

Considering the above challenges, one possible sequenceof steps neededto achieve intermediate view re-
construction in presenceof occlusionsis: 1. compute disparity elds, 2. compute occlusion areas, 3. extrapolate
disparity in occlusion areas, 4. estimate visibility of points in intermediate view, 5. reconstruct intermediate view.

We have obsened that the above sequenceof steps usually leads to sub-par reconstructions. One reason
is that ead step introduces errors which are propagated or even magni ed in subsequeh steps. Also, the
unknown disparity and partitioning into occluded/newly-exposed/visible areasare closelyrelated. For example,
disparities can be usedto infer occlusioninformation, while occlusioninformation is required to estimate reliable
disparities. Therefore, interaction betweentheseunknowns should be permitted during their estimation. In view
of this, to accomplishthe rst three stepsabove we usea recertly-prop osedocclusion-avare disparity estimation
algorithm?° that solves disparity and occlusion estimation and disparity extrapolation jointly. This algorithm,
similarly to other well-known methods,'” 24 computesoptical ow betweentwo sourceimagesbut produceshigh-
accuracy disparities at object boundaries (occlusion areas). It is basedon a variational formulation whosecost
function isolates occlusion and visible areasand prevents disparity vector interaction betweenthem. Moreover,
the algorithm assignsplausible disparities in occlusionareas(i.e., inpaints the disparity eld) by using anisotropic
di usion.

Although the occlusion-avare disparity estimation recovers disparities and occlusion areas, they are both
de ned on lattice  of either I or | g, whereasin order to reconstruct intermediate view, visibilit y and occlusion
labels are neededon lattice  in J. We compute pixel visibilit y in J (remaining pixels are consideredoccluded),



using a recert method for the detection of newly-exposedareas?® This method relies on a simple fact: pixels in
the target frame that did not exist in the referenceframe (i.e., newly-exposedpixels) have no relationship with
the referenceframe and, as such, cannot be pointed to by forward disparity vectors. Thus, when pixels of refer-
enceframe are forward disparity-compensatedonto target frame, these areasare void of disparity-compensated
projections. Sud areascan be relatively easily detected and are equivalent to occlusion areaswhen target and
referenceframes are interchanged. One of the most important properties of this algorithm is that it allows to
estimate the areasthat will be occluded/exposedat 's other than 0 and 1 (two sourceimages). Therefore,
it permits identi cation of pixels that will be occludedin the intermediate view. For example, in Fig. 5, the
algorithm can detect areasB and fB°[ Cg by using vector elds d.r and and d, g respectively. We would
like to detect and eliminate the occluded area C. This can be achieved through the following relationship:
8x 2 fBO[ Cg, if (x+ (1  )dgL) 2 B, then x 2 B? otherwise x 2 C. This relationship tests whether a
forward-compensated pixel from Ig belongsto visible or occluded area. A similar relationship can be written
for A%and D on |, . Note, that for the special caseof static background (i.e., dg,. = 0in B9, B is equalto B®.

Sincethe occlusion-avare optical o w algorithm?° relieson estimation of disparity elds d g anddg, pivoted
in 1. and I r, respectively, and usesgradient of theseimagesfor disparity inpainting in occlusionareas,it cannot
be extended to disparity estimation with pivoting at 0 < < 1; no image is available at these 's. On the
other hand, as we already mentioned, pivoting-basedreconstruction is hampered by occlusionsas illustrated in
Fig. 5.b. A typical eld estimated using pivoting in J and spatial regularization, while disregarding occlusions,
results in the mertioned \rubb er" e ect, due to disappearing texture betweenframes.

An alternativ e to pivoting-basedreconstruction in the last step is forward disparity compensation and, con-
sequetly, spline-basedreconstruction. However, since occlusion areasin | and Igr have beenrecovered by the
earlier occlusion-avare optical ow algorithm, we can chooseareasof || and Ir to forward-compensateonto J
asillustrated in Fig. 5.c. Therefore, we proposeto seletively forward-compensateonly what will be visible in
the intermediate view (i.e., A%in 1, and B%in Ir), and eliminate occlusionareas(i.e., Cinlr andD in1.). To
recover J from the resulting irregular intensities, the formulation (9-10) can be usedexcept the domains should
be de ned to excludethe occlusionareas:8x 2 f nDgin (9) and8x 2 f nCgin (10) whereC and D are occlu-
sion areasof ead image. Unlessocclusion areasare eliminated, intermediate views will exhibit \double-texture"
e ects, becauseoccluded and visible areaswill overlap in the intermediate view.

In order to shav bene ts of the proposedapproac, we constructed a synthetic image set with signi cant
occlusions, shavn in Figs. 6.a-c. The computed disparity elds using occlusion-avare optical ow algorithm 2°
are shown in Figs. 6.d-e. Note sharp discortin uities in the disparity eld and accurately inpainted disparity in
occlusion areas. Figs. 6.f-g shawv the areasthat will be occludedin the intermediate view computed using the
newly-exposed area detection algorithm?® (areas corresponding to D and C in Fig. 5.c). Although there are
false positives, sudh errors will have minimal impact on reconstruction quality due to overconstraining the solu-
tion (texture in intermediate view will be forward-projected from at least one sourceimage). Sinceimage-driven
anisotropic di usion 27 is not possiblein pivoting-basedmethod, the resulting disparity eld (Fig. 6.h) can neither
capture the shape of the object nor give any occlusion information. The nal spline-basedand pivoting-based
reconstructions are shawn in Figs. 6.i-j (to be comparedwith Fig. 6.b). Numerically, spline-basedreconstruction
outperforms the pivoting-based approac by more than 1dB. Although visible points have comparable recon-
struction quality in both approades,occlusionareasshaw signi cant improvemert in spline-basedreconstruction
asis clear from prediction error imagesin Figs. 6.k-I. The texture in the badkground (for example windows) is
properly reconstructedin spline-basedmethod but distorted in pivoting-basedreconstruction. The only problem
that can be noticed in the spline-basedresult is on object boundary, where larger errors are prese. The reason
is that occlusion and disparity estimation results, although very good, are not perfect.

Reconstruction results with explicit occlusion handling for stereosequenceExit (Fig. 4) showv improvemens
aswell. Sincea more accuratedisparity map (Fig. 4.f) is estimated and occlusions(Fig. 4.d) are largely accourted
for, the resulting spline-basedreconstruction (Fig. 4.h) shaws lessartifacts than pivoting-based reconstruction.
Improvemerts can be noticed in closeupsof pivoting-based and spline-basedreconstructions (Fig. 4.j and Kk,
respectively). The body of the personis better reconstructedin spline-basedresult (i.e., no cortraction). More-
over, since more accurate disparity is estimated by the occlusion-avare algorithm, the problems at the bottom
of the pivoting-basedresult are solved by the spline-basedalgorithm.
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Figure 6. Original: (a) left image (I.), (b) midpoint image (J), and (c) right image (Ir); computed (d) left-to-righ t
disparity (dir ), and (e) right-to-left disparity (dr.); pixels to be occluded in midpoint image J that come from: (f)
left image (1), and (g) right image (Ir); (h) disparity for the pivoting-based approach; (i) spline-based reconstruction
(29.56dB); (j) pivoting-based reconstruction (28.50dB); (k) spline-based reconstruction error; (I) pivoting-based recon-
struction error. Notice the excessie error around occlusion areasin pivoting-based reconstruction.

6. CONCLUSIONS AND FUTURE W ORK

In this work, we rst comparedrelative merits of pivoting-based view reconstruction and spline-basedview re-
construction. We concludedthat the spline-basedapproac outperforms the pivoting-based method except for
its higher sensitivity to disparity errors. Although the pivoting-basedapproad performswell in absenceof occlu-
sions,the reconstruction delit y su ers in presenceof signi cant occlusions. We also proposedan occlusion-avare
spline-basedintermediate view reconstruction algorithm. In combination with occlusion-avare disparity estima-
tion, it producesmuch better results visually on data setswith signi cant occlusionsthan the pivoting-based
approad. In the future, we would like to combine all aforemertioned steps of intermediate view reconstruction
in a single formulation to allow as much interaction/feedback as possible between disparities, occlusionsand
reconstructed intensities becausethey are closely related. We believe that such a formulation will yield better
results sinceall the stepsof the problem would be optimized simultaneously.
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