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Abstract

The phase-difference-based technique has become a
widespread method for depth and optical flow esti-
mation because of superior performance and better
theoretical groundings. The technique is based on
the convolution of the stereo image pair with Gabor
filters. Gabor filters contains two parameters, the
width and the tuning frequency. In order to opti-
mize performance, these parameters have to be cho-
sen in accordance to the characteristics of the visual
signal. In this article we propose an automatic tech-
nique to locally adapt the filter parameters to the
input signal. In the first part, we analyze the perfor-
mance of the phase-difference-based technique for
disparity estimation with respect to the choice of the
Gabor filter parameters. In particular we character-
ize the effects of phase nonlinearities on the quality
of disparity estimates. In the second part, a novel
technique is introduced that reduces phase nonlin-
earity by means of an adaptive mechanism for the
tuning frequency. The performance improvement
produced by the adaptive filter is demonstrated on
computer simulated and random-dot stereo images.
Results show the proposed technique allows a sub-
stantial improvement of disparity estimation.

Keywords: Stereo vision, Phase-based technique,
Adaptive Gabor filters.

1 Introduction

Disparity estimations are based on the simplified as-
sumption that the stereo signals, f%(z) and fE(z),
are locally related by a one-dimensional shift, the
disparity d(z), along the epipolar lines,

frz+d(2)/2) = f(z) = Rz —d(z)/2) (1)

Various methods have been devised to measure
the disparity of corresponding points. While the
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“correspondence” method [1, 7] is based on the
search of corresponding points, the phase-difference-
based technique, developed by [8], relies on the com-
putation of the phase difference between the convo-
lutions of the two stereo images with Gabor filters.
This technique is based on the observation that as-
sumption (1) implies that in the neighborhood of
each point zg the local k-frequency components,
q)f/ (zo), of signals fL/F(x) are related by phase
difference A¢(zo) = ¢£ (o) — ¢F(z0) = kd(zo).
This local spectral analysis is performed by convolv-
ing the images with a local envelope tuned at the
desired peak tuning frequency, vy = ko/27,

Wk = [ dyGla—y)ete iRy
Ea b (2)
where : -
(z=zg)"~
G(z) = e~ 20t (3)
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Convolutions u.L/R(JJ, ko) measure the kg frequency
content of the stereo signals in a small neighborhood
of position !.

The Gabor filter, G(z)e'*0(®) is characterized
by two parameters: ¢ measures the width of the lo-
cal envelope and ko the tuning frequency. The rel-
ative magnitude of the two parameters determines
how many oscillations of wavelength A = 1/vy take
place inside a region in which the filter is signifi-
cantly different from zero. For example, the choice
of one-octave Gabor filters, o ky = 3, means that
there is one oscillation in the region [zo— o, 2o+ 0],
ie. A=2a/ko=20.

The phase, ¥(z) = Im[loo u(z)] € [~m, 7], is
selected as the function from which the shift is com-
puted because of its “quasi-linear” behavior [5]. In

*In the following indexes L/R are sometimes dropped for
notation simplicity.



fact, phase derivative ¥ () is generally close to the
value of the tuning frequency ¢,(z) & ko . Linear-
ity allows an accurate estimation of the shift from
the phase difference by means of a second order ex-
pansion in d(z), ?

v*(2) - ¢(x)
¥z — d(2)/2) - ¥(z +d(2)/2) (4)
¥=(2) d(z) + O(d*(2)).

where ¢L (2+d(z)/2) = ¢(z) = v (2—d(z)/2). Us-
ing the average of the derivatives, disparity is given

by
o AY(@)]5n
d(z) =2 ——_d’%(w) T OR@)

The phase is a quasi-linear function except near
points of vanishing amplitude, p(z) = 0, where it
may present a strong non-linear behavior. Around
these singular points disparity calculation fails [4,
5]. Computation is considered reliable wherever the
following inequality holds

Ad(z)

(®)

| () —ko| < koTs

(6)
where Ts ~ 0.4.

This quantity is an indication of phase linearity.
In fact the left side of (6) measures the difference
between the peak frequency, ko, and the local fre-
quency, ¥5(z). Larger values of threshold Ts may
increase the density of “reliable points” but deter-
mines a sharp increase of the error on disparity es-
timates [3]. To increase density without increas-
ing error, banks of filters of increasing widths and
wavelengths may be employed and their responses
combined [6].

2 Performance of the Gabor
filters

The choice of the filter parameters, ¢ and kg, 1s
dictated by several qualitative considerations. The
wavelength A = 1/vg = 27/kg, has to be at least
twice as large as the expected maximum disparity
to avoid wraparound effects [3]. The filter support,
i.e. the region in which the filter is significantly dif-
ferent from zero, should be larger than the expected
maximum disparity, so that the left and right con-
volutions comprise the same visual features.
Furthermore, since phase “linearity” is the prin-
cipal requirement for a reliable disparity estimation,
for a given stereo signal filter parameters should be

2The second order term is zero, ¥zz /2! (§2(2)—6%(z))/4 =
0.
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adjusted in order to produce a response as linear as
possible.

For well-defined stereo signals (for example iso-
lated spikes) the phase is a quasi-piecewise linear
function 9¥.(z) =~ ko. Transitions between quasi-
linear regions occur where the amplitude is small,
i.e. near singular points. Transition steepness is
proportional to the width of the Gaussian envelope,
o, see Figures 1 and 2.

2.1 Choice of the filter’s parameters

To obtain a significant and quantitative evaluation
of the effects of parameters values on disparity esti-
mates, performance was evaluated for a large num-
ber of random-dots 1-D images for different values
of width and tuning frequency. Performance is mea-
sured in terms of error and density of reliable points.
The error measure is defined as the absolute dif-
ference between the true disparity and the value
estimated by the algorithm. Density is the ratio
between the number of points where disparity com-
putation is accepted — according to eq. (6) — and
the total number of points. The random-dot 1-D
images used in the following simulations have zero
mean, i.e. [ f(z)dz =0.

In the first experiment constant disparity fields
are used, l.e. the left image is obtained by a con-
stant shift of the right one. This means that there
are no occlusions. Simulations show that perfor-
mance is optimized if wavelength and filter width
are changed concomitantly, i.e. by keeping fixed
the ratio between wavelength and width, i.e. o, =
An/2, n=1,2, 3, see Figures 3 and 4. The error is
almost flat for disparity in the range [0, 4], then it
grows rapidly. The density is almost constant.

The value of the ratio between wavelength and
width, that measures the number of oscillations
within the filter support, is still a free parameter.
We notice that within the filter support there should
be enough oscillations to allow local frequency es-
timation, in general the smoothness of the phase
function improves by increasing the width for fixed
frequency. On the other hand, large filter can cause
a loss of resolution and a consequent error increase
because the disparities of close-by small visual fea-
tures are averaged over. A good compromise is the
choice o = A/2.

Once the ratio between width and wavelength is
chosen the filter's performance becomes a one pa-
rameter function (e.g. the tuning frequency). As a
function of the wavelength the typical performance
of a Gabor filter estimator is shown in Fig. 5. In-
puts are random-dot stereo pairs in which disparity
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Figure 1: Showing the left and right phases, L/)L/R(r) Figure 2: Narrower filters, for example A = 20, o =
and the computed disparity field for A = 20, ¢ = 13 8, determine sharper transitions between different
for a spike-like 1-D stereo signal composed of N = disparity values but can cause irregularities.

256 points. Graphs are translated on the y-axis for

visualization purposes.
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Figure 3: Errors of disparity estimates for A; = Figure 4: Densities of disparity estimates.
R0 = 30: A3 = 40iand oy="A, /2, 5m=11] 253

for 1-D images of size N = 512 pixels.
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assumes random values in the range [0, D = 5] in
20 randomly generated intervals, i.e. disparity is a
plecewise constant function.

The error curve displays a minimum for X
2.5 D, where D 1s the maximum disparity. This
behavior is close to the one found in real stereo im-
ages, see ref. [9]. Going from left to right, the error
decreases because the wavelength increases (as ex-
plained above). However, when the filter becomes
wider than disparity variations, the error starts to
increase because the filter averages over close-by fea-
tures of different disparities. This example shows
that the choice of the tuning frequency has a great
influence on the filter performance.

~
~

3 Improving disparity esti-
mates

In section 2 we have analized the performance of the
phase-based-difference technique in relation with
the choice of the filter’s parameters. In this sec-
tion we illustrate how disparity estimates can be
improved by adaptating the tuning frequency to the
input signal.

3.1 Parameter optimization

The reliability of disparity computation at a given
point z is indicated by the local frequency being
close to the tuning frequency, see eq. (6). A large
discrepancy between local and tuning frequency in-
dicates the presence of a singular points and a
consequent non-linear behavior of the phase func-
tion. Non-linearities introduce numerical instabili-
ties and irremediably spoil computation in a fairly
large neighborhood of a singular point [2]. The posi-
tion and strength of singular points are determined
by the filter tuning frequency ko, and in many cases
a slight change of the kp value can eliminate or
weaken the singularity effects.

Consider for example Fig. 6. For tuning fre-
quency kg = 2w 15, the phase functions present
non-linear behaviors, signaled by peaks of the phase
derivatives. Two of the singular points, at z ~ 0.4
and z ~ 0.7, are strong enough to determine a
branching of the phase functions: one of the phases
jumps on a higher sheet, ¥ — ¢ + 27.

This is a general behavior; Figure 7 shows the
possible phase behaviors for the tuning frequency
vy in the range [10, 20]. Near singular points, i.e.
in the nonlinear regions, phases corresponding to
similar signals may become very different.

Therefore, even for simple signals, a correct choice
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of the tuning frequency is made difficult by a non-
trivial structure of the phase space (z, A). However,
a slight change of the tuning frequency value can
lead the phase into a more regular region, as illus-
trated by figures 8 and ?77. This shows the choice
of the tuning frequency may be crucial for a correct
disparity estimation.

To improve performance we have devised an auto-
matic procedure that changes the tuning frequency
in order to minimizes the difference between the lo-
cal and the tuning frequency. This is achieved by
considering tuning frequency ko as a slowly vary-
ing function, kq(z), defined in terms of the phase
response of the left and right convolutions

/ By vz () v; vr(y)

ko(z) = (7)

where

is a Gaussian kernel, whose smoothing effect is pro-
portional to ¢,. Convolutions (2) and (7) are suc-
cessively applied until function ko(z) becomes sta-
tionary.

How adaptation works is shown by Figures 6
and 9. The input signals and the initial filter pa-
rameters are the same, however Fig. 9 is produced
using the adaptive procedure. Operation 7 changes
the value of ko(z) = 27 wo(z) in order to mini-
mize the difference between local and tuning fre-
quency. This result is a smoothly varying func-
tion vo(z) € [11, 13.6], which produces quasi-linear
phases. As a consequence, the disparity field ob-
tained using the adaptive procedure is more precise,
see Fig. 10.

As a more significant example we show a compar-
ison between the disparity estimates for a computer
generated image with and without adaptation, see
figures 11, 12, 13, and 14.

A quantitative comparison for different choices of
the initial tuning frequency is given in figures 15
and 16. The sharp decrease of the error for low
wavelength is due to the drift of the filter toward
larger wavelengths. The main improvement is con-
stituted by a substantial increase of the density. In
fact, while the precision of the algorithm remains
the same, the absence of sharp nonlinearities allows
disparity estimation at points where computation
was not reliable.

Similar improvements are obtained for random-
dot 1-D images. Figures 17 and 18 show error and
density with and without adaptation for a large
number (256) of random-dot images with piecewise
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Figure 5: Piecewise constant disparity field. Error and Figure 6: Showing the phase functions, YL/ B(g),
density for the three filters as a function of the wave- for vy = 15, ¢ = 13, and N = 256. The irregu-
length, with 0 = A/2 and N = 256 . In each stereo lar behaviors of the phases is clearly illustrated by
pair, disparity assumes random values in the range of the sharp peaks in the averaged phase derivative,
[0, 5] pixels, in 20 randomly generated intervals. Each ¢ = (¢L + ¢f)/2. At the bottom, the left and
point represents the average error or the density on a right signals are shown.

large number (256) of random-dot 1-D image pairs.
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Figure 7: Showing the phase function, y = ¥(z), Figure 8: A 3D visualization of the phase space: z =
for the stereo-signal of Fig 11 for tuning frequency ¥(z, o), the tuning frequency is vg € [10, 20]. The filter
vy varying in the range [10, 20]. The filter width is width is constant, o = 13.

constant, o = 13.
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Figure 9: Showing the phase functions obtained using optimization of the tuning frequency. The initial value
vy = 15 has changed to vo(z) € [11, 13.6]. Now phases have a smoother behavior.
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Figure 10: Comparison between the disparity fields (units are pixels) without and with adaptation of the
tuning frequency, corresponding to Fig. 11 and Fig. 15, respectively.
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Figure 11: The computer generated “corridor im-
age”, size 256 x 256 pixels.

Figure 13: Disparity map without adaptation. Figure 14: Disparity map with adaptation.
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Figure 15: Error for fixed and adapted tuning fre- Figure 16: Density for fixed and adapted tuning fre-
quency for the 128 x 128 corridor image. quency for the 128 x 128 corridor image.
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Figure 17: Error for fixed and adapted tuning fre- Figure 18:

quency, N = 256.

constant disparity fields (N = 256 pixels, maximum
disparity D = 5, and 15 intervals).

4 Conclusions

The objective of this work was to devise a proce-
dure for the automatic adaptation of the Gabor fil-
ter parameters — used in phase-based disparity esti-
mation — to the visual characteristics of the input
images. In the first part of this article, we have
analyzed the performance of the phase-difference-
based technique for disparity estimation with re-
spect to the choice of the Gabor filter parameters:
the width and the tuning frequency. In particu-
lar we have evidenced the close relation between
phase linearity and quality of disparity estimations.
In order to reduce nonlinearities in the phase func-
tions, a mechanism that locally adapts the tuning
frequency to the filter response is introduced. The
performance improvement produced by the adap-
tive filter is demonstrated on computer simulated
and random-dot stereo images. The results show
the proposed technique allows a substantial im-
provement of the phase-based technique: the den-
sity of points where computation is reliable is con-
sistently improved, furthermore the error is sharply
decreased for high values of the tuning frequency.
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