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ABSTRACT one image by comparing it with shifted blocks in a search

. . . L region in the other image. They perform well in relativel
This paper presents a disparity estimation method that com- g g yp y

. ) . N : ... textured areas, but will cause problems in slanted and untex-
bines the phase-based disparity estimation algorithm with

o ) tured areas, and are also sensitive to brightness variations.
an energy-based variational refinement approach, and adaptghe energy-based methods estimate the disparity using a
the method for the application of intermediate view interpo-

lati The Gabor t f i< impl ted usi ¢ fminimization and regularization formulation [1][2], which
ation. The f>abor transtorm 1S Implemented using a set o usually consists of an iterative solution of the associated dis-
quadrature-pair filters for finding the local phase informa-

i Il as f timating th d in st cretized partial differential equation (PDE). These methods
lon as weil as for estimating the correspondences In Stereq, , , astimate the disparity with high accuracy, under the con-
pairs. Then the estimated coarse disparity is applied to

o ! o : 8gition that the coarse disparity that is used as the initial value
variational refinement process which involves solving a par

tial diff ial i PDE iated with d " for the associated PDE has enough accuracy; otherwise the
lal differential equation ( ) associated with an edge- iterative process in solving the PDE is very likely to fall

preserving regularization functional. Two stereo image pairs; . "\ =" minima. Usually the results from the area-based

in which the original intermediate images are available were methods are used as the initial values for the energy-based

u;se_d to testghe aalgorlthm, w?herg the :gtte)rpolated m;e"_r:ﬁ?r'{approach. The phase-based methods use the local phase in-
ate images based on our metnod could be compared wi ormation of the images to find the disparity [3][4]. They

original ones. The performance with PSNR results ShOWS‘are more robust to different texture levels and slanted sur-

that our meth_od can _prowde very good images without in- faces, less sensitive to brightness variations, and thus could

troducing obvious artifacts. give better results than the area-based methods. We use the
phase-based methods for a more accurate initial disparity,

1. INTRODUCTION and then use the energy-based approach to refine that coarse

disparity.

Stereoscopic viewing devices (e.g. shutter glasses) provide  gjnce our final goal is to interpolate an intermediate im-

an effective way for perceiving the depth information i_n age, we need to modify the formulation and the matching

real-world scenes. However, the head movement of the Viewgfocess of the phase-based methods to fit this purpose. This

leads to an feeling in which a static object will seem {0 ro- i he shown in section 2. As for our knowledge, there is no
tate. This is caused by the motion-parallax conflict becauseprevious work with this respect. Besides, the data-fidelity

the screen parallax does not change with the motion of thegrm, in the refinement functional will also be changed ac-

viewer. To alleviate such conflict, intermediate views of cordingly, which will be shown in section 3. The conclusion
stereoscopic images are needed so that the displayed imgi pe given in section 4.

ages can be adjusted along with the head movement of the
viewer.

For the interpolation of intermediate views, the corre-
spondence information or the disparity field between the
stereo images is required. Usually the algorithms for dis-
parity estimation can be classified inte area-based meth-
ods the energy-based methodadthe phase-based meth-
ods The area-based methods are the most often used apThe Gabor functions are Gaussian functions modulated by
proaches; they find the correspondence for a block area incomplex sinusoidals. For the 2-D case, they are defined as

2. DISPARITY ESTIMATION USING GABOR
TRANSFORM



follows:

exp [— (m2/0a2c + y2/0§) /2]

X exp [27] (wi0x + waoy)]

g(:c,y) = (1)

2mo Loy

wherew;g andws define the spatial frequenciesirandy
directions respectively. Its Fourier transform has the form:

)

G(wi,ws) = (=272 (02 (W1 —w10)+02 (w2 —w20)]}

In order to show how the disparity can be obtained from the tween,

>, C*(z,y,d). The disparity for a positiorz, y) is de-
termined to be thé which gives a peak for the real part of
S(z,y,d) at (z,y) and a minimum value for its imaginary
part.

Since we are dealing with intermediate view interpola-
tion, the disparity values we need to estimate should fit the
purpose of finding the suitable pixel values for the interpo-
lated image at a specific intermediate location, rather than
finding the disparity between the left and the right images
directly [5]. To make this clear, assume the distance be-
and I,. is normalized, and the position of the in-

Fourier phase information of the stereo images, first assumgg megiate image is at the normalized distafice a < 1

that the rightimage is a pure horizontal translation of the left ¢ -, I,

image!,(z,y) = I;(x — d,y), whered is constant over the
whole image. Its related Fourier transform/jgw,, wq) =
Ij(wy,wp)e7«1d, Therefore, we have:

I (w1, wa) I (wr, w2)

[ i(wi, w2)[| (w1, w2)]

— eJwid

®)

and thereforel — « from I,.. For a pixel of the
intermediate image at coordinates y), we need to find a
disparity d that gives a best match betweéiz + ad, y)
andI.(z — (1 — a)d,y). This is different from finding a
match betweed;(x, y) andI,.(x — d, y) for the disparity of
the left image at coordinatés;, y). Therefore, we need to
modify (4) as follows:

Hence from the above normalized phase-correlation we can

obtain the phase difference betwdgfw; , w») andi, (wy, ws),

and the disparity can be obtained by taking the inverse Fourier
transform of the correlation product, resulting in an impulse

at the locationi.
In practice, the disparity values vary over the whole im-

G;c(l. + ada y)G’ﬁ*(x - (1 B Ck)d, y)
Then the disparity valué for (x,y) will be estimated by
summingC¥ (z, y, d) from all filters asS; (z, y, d)

C¥(x,y,d) =

age. Thus it is desirable to measure the phase difference= Y, C¥(z,y, d) and looking for thed that gives a max-

locally rather than globally. In order to do this we need to

imum value in the real part of;(x, y,d) and a minimum

use the windowed Fourier transform. The best choice for value in its imaginary part. After obtaining the disparity
the window is to use the Gabor function (1) because thefield, the intermediate imagk at the normalized position
Gaussian window performs the localization in both the spa- « will be interpolated as [5]:

tial and the frequency domains simultaneously, as can be
seen from (1) and (2). The localization in the spatial do-
main limits the disparity in a narrow neighborhood while

in the frequency domain it allows to calculate the disparity We use three valuer/16, /8,7 /4} for the central

adequately. f o) ) .
s . requencywy = \/wi, + wj, of the Gabor filters. For each
. Th? method that we used in this paper t? estimate thefrequency, there are four filter pairs tuned to orientations
disparity from the local phase correlation using the Gabor 0°, 45°, 90° and 135° respectively. To test the performance

transform is mainly based on the idea in [4], in which a set of our method quantitatively, we use two image sequences
of quadrature-pair Gabor filters are used. Each quadrature-_ ¢ . ;naand Elower Gardén— both of which are taken
pair Gabor filter is a set of.d|scret|zed sam_ple; of (1) with along a straight line and are approximately equi-distant for
different w1 andwsg, and is used for the filtering of the any two consecutive images. We choose frame 2 — 4 from
stereo images to obtain the approximate Gabor tranSforstukubaand frame 21 — 23 frorflower Garden with the
coefficients at thoseo andwso. Assume that the outputs .t frame as left image and the last frame as right image for

th i k k
O.f K . filter pair areG_l (z,y) andG_r (z,y) for the_ left and each of the sequence. We interpolate an intermediate image
right images respectively. In [4], instead of taking the nor- at the middle positiond{ — 0.5), and calculate the peak

malized product of the left and right outputs directly like signal-to-noise ratioRSNR between the interpolated im-

(.3)’ a S|mllgr product of the left output with a preshifted age and the original middle frame image, for each sequence.
right output is taken: The original middle images dafsukubaandFlower Garden

are shown in Fig. 1(a) and Fig. 2(a) respectively. The esti-
mated disparity for each of them are shown in Fig. 1(b) and
Fig. 2(b) respectively. The PSNR of the interpolated mid-
dle image is 27.95dB fofsukubaand 26.26dB foFlower
Garden

Ii(z,y) = (1—a)L(x+ad,y)+al,(t—(1-a)d,y). (6)

(4)

Gy (z,y)GE (x — d,y)
Ck d — 1 ) r )
(:9:) = Gk e, )[R @ = d, )

whered is the shifting parameter. Then the results of (4)
are summed together for all the filter pairs$&, y, d)



When the value of image gradient is low the disparity would
get smoothed, and the smoothing process is stopped when
the value of image gradient is high, which represents a pos-
sible object boundary. The functional we used for the regu-
larization is mainly based on the functional in [1]:

Es(d) = / / [(Vd)'D(V1,)Vd] dz dy ®)

whereD(V ;) is a matrix defined by:
Fig. 1. (a) Original middle image of sukuba(b) the coarse ,

disparity estimated by the phase method 1 [ a1 ] [ A }
1 - _— ( l) |VI[|2+2U2 _% _% + v
9)

whereld is the identity matrix and is an arbitrary positive
real number. The smoothing terB (d) is anisotropic: in
homogeneous areas the disparities are smoothed in all direc-
tions, while in textured areas including edges the smoothing
) T is mainly along the edge but not across it.
) ' ' b) o To minimize the energyZ(d), we apply a gradient de-
scent method to solve its associated Euler-Lagrange equa-
Fig. 2. (@) Original middle image dflower Garden (b) the ~ tion:
coarse disparity estimated by the phase method ad
o = L@ — (1= a)d,y) — Iz +ady)
x[aliy(z+ ad,y) + (1 — a) Lz (x — (1 — a)d,y)]
+Adiv(D(VI;)Vd). (10)

3. DISPARITY REFINEMENT

From a coarse point of view, the disparity estimated by the L . L
he numerical implementation of the above PDE is given

hase-based method is good. However, there are still som A -
P g y the forward Euler method, and the spatial derivatives are

obvious errors in the disparity map, like some noisy values ;
or abrupt changes in a flat area, or some distorted edgescalculated by the central difference scheme. We refer to [1]

as can be seen from Fig. 1(b) and Fig. 2(b). To alleviate for the implementation details.

such errors we need to get the disparity values for continu-

ous surfaces changing smoothly, while maintaining the dis- 3-2. Simulation Results

parity discontinuities at the object boundaries. To achieve The parameters we used in solving (10) iteratively e

such properties, the energy-based variational regularizationz.& time stef).05, iterations 800 — 1000. The initial dispar-
can be applied as a refinement process for the disparity esity values are from the results of our phase-based methods.
timation. The energy functional used to estimate the dispar—The refinement results farsukubaandElower Gardenare

ity d(z,y) usually contains two termst(d) = Ep(d) +  ghown in Fig. 3(a) and Fig. 4(a) respectively.
AEs(d), whereEp(d) is a data fidelity term which is de-

fined in our case as
Ep@ = [[Ihta+ady) - 1@~ (1~ a)d. ) dod,
Q) -
andFg(d) is a regularization term which controls the smooth
ing of the disparity field, together with the regularization
coefficient\. oL
(a)

3.1. Regularization Functional

‘ —. -l = .-7-;
(b
Fig. 3. (a) Refined disparity field fof sukuba (b) interpo-
The variational regularization has had extensive applicationlated middle image, 30.04dB
in optical flow estimation, as well as some for disparity es-

timation [1][2]. The idea in [1] is to control the smoothing Comparing Fig. 3(a) and Fig. 4(a) with Fig. 1(b) and
of disparity variations using the values of image gradients. Fig. 2(b) we can see that the noise in the coarse disparity

)



ity map, as well as the interpolation performance, our al-
gorithm appears to be helpful for both the image-based in-
terpolation/rendering and the 3D model construction from
stereo images.

In the future, we will try to apply some combinatorial
optimization algorithms like the graph cuts [7] to our phase-
based method so that an energy functional including phase
coefficients as well as total variational regularization can be
discretized directly and optimized using graph cuts.

@)

Fig. 4. (a) Refined disparity fiel&lower Garden (b) inter-

polated middle image, 26.93dB
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