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ABSTRACT

Estimating depth information from two-dimensional stereo-
scopic image pairs is an important task in image processing.
The disparity, i.e. the displacement of corresponding pixels
in the image pair, can be estimated directly from local image
phase in the fourier domain. In this paper a combined FFT-
based approach for disparity estimation is proposed, where
additional magnitude information is included in the dispar-
ity estimation process. Confidence criteria derived from the
magnitude spectra are used to eliminate errors which makes
this approach both easier and more robust compared to sin-
gle phase-based algorithms. Results are presented for an
artifical image pair. A stereo image coding approach is ap-
plied to compare the results in an objective manner.

1. INTRODUCTION

Depth information of a scene is necessary in various ap-
plications, e.g. obstacle detection, autonomous driving or
virtual reality. On the other hand, a camera target produces
only 2D-images, thus the depth information of the scene
is lost [1]. This is to be solved by using stereoscopic im-
age pairs in which the disparity can be estimated. With the
well-known relation A ~ 1/d it is possible to get object dis-
tances A from the disparity values d. Besides the classical
correlation-based approaches [1, 2], especially phase-based
approaches [3, 4, 5] have drawn attention due to their pro-
cessing speed and inherent subpixel accuracy.

When estimating disparity in the Fourier domain, not only
phase but also magnitude information is available. A com-
bined approach, which takes phase and magnitude into ac-
count, should be promising for fast and robust disparity esti-
mation. Furthermore, disparity maps can be used for stereo
image coding [5, 6]. The quality of reconstruction is di-
rectly dependent to the quality of the disparity map. This
also shows the necessity of improved disparity estimation
algorithms.

In section 2 existing phase-based algorithms for disparity
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estimation are discussed. An extension for combined mag-
nitude and phase evaluation, is presented in section 3. Sec-
tion 4 shows simulation results for an artificial image pair.

2. PHASED-BASED ALGORITHMS FOR
DISPARITY ESTIMATION

There are different algorithms available for disparity esti-
mation. In contrast to correlation-based or feature-based
approaches, which suffer from high computational load or
classification problems [7], the approach in the Fourier do-
main, where disparity can be calculated directly from local
phase differences, has been proven advantageous [3]. Fur-
thermore, phase-based algorithms provide inherent subpixel-
accuracy, as they yield information directly from the phase
difference.

2.1. Gabor filters
First phase-based algorithms used Gabor filters [8] given by
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where the disparity was evaluated only for one frequency
ko. Such a Gabor filter can be interpreted as a discrete band-
pass of mid-frequency k¢ and width o2. The Gaussian en-
velope has the effect of windowing the spatial signal before
transformation. However, distortions at that particular fre-
quency ko, the periodicity of the phase and problems with
setting the bandpass parameters lead to errors in the dispar-
ity estimation.

2.2. Using the FFT

As an enhancement to Gabor filters, a FFT-based algorithm
for disparity estimation was introduced in [5]. The phase
differencies between the two images are calculated at sev-
eral frequencies k for each pixel.

To obtain dense disparity maps, the following calculations
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have to be carried out for each pixel pz(nq,nq) with co-
ordinates n1,no in the image pair. As common in image
processing, algorithms are expressed with formulas only for
one single pixel. In a calibrated camera-set, correspond-
ing pixels lie in the same row (epipolar constraint [1]), so
there exists only horizontal disparity. Due to that reason we
have a one-dimensional problem with only the column in-
dex no as a parameter. For simplification, we write n = no
for the column index from here on. Then x(n) with n =
0,1,..., N — 1 denotes a local area of a row of the image
centered at px(nq, ng). All terms in the Fourier domain will
be expressed by capital letters X (k) with the according dis-
crete frequency index k.

Using the local discrete Fourier Transform

N-1
X(k) =Y a(n)- eI = [X(R)] - SD )
n=0
with £ =0,1,..., N — 1 a general spatial shift yields
z(n—d) o—e X(k)- eIk 3)

= | X (k)| - eI#P) . eI TR (4

Applying this to two local areas of a stereoscopic image pair
yields

xr(n) zr(n—d) (5)

E
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For identical contents, the magnitude spectra | X, (k)| and
| X (k)| are identical, too. So from the phase terms

oL (k) or(k) —op(k) (7N
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and the formal definition of ¢p (k) in Eq. (4) we get the
frequency-dependent disparity

d(k) = ¢p (k) k=01,...,N—1. 9)

ork’
From this set of frequency-dependent values d(k), a result-
ing disparity d(n) has to be found for the observed area x(n)
in the image.

This FFT-based algorithm is shown as a part of Fig. 1. Up to
now magnitude information has not been considered. This
will be discussed in the next section.

3. INCLUSION OF MAGNITUDE SPECTRA

3.1. General Idea

Although the FFT-based approach in section 2.2 is promis-
ing, up to now only the phase information is evaluated to
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Fig. 1. Principle of combined FFT-based disparity estima-
tion. Besides the phase difference op(k) also the magni-
tude spectra | X, r(k)| are taken into account.

derive disparity values. On the other hand, performing a
FFT yields not only phase e7#7 (%) but also magnitude in-
formation | X, r(k)| (see Eq. 2). So it is obvious to eval-
uate this magnitude spectra in combination with the phase
information to further improve the quality and robustness of
our algorithm. Fig. 1 shows the principle of this extended
approach.

3.2. Criteria for Evaluation

It is a basic fact that only white noise produces a uniform
distribution of magnitude in the fourier domain. In oppo-
site to that, images will have significant distinctions in their
magnitude distribution depending on texture, contrast or
edges [9].

Derived from the shift theorem of the Fourier Transform
(see Eq. 4), the magnitudes are identical. Assigned to a
stereoscopic image pair, perfect identity will not occur e.g.
due to luminance variations. But non the less, the magni-
tude spectra | X, (k)| and |X (k)| should be similar (see
Eq. 6):

(XL (k)] ~ [Xr(K)|. (10)

For an evaluation, criteria have to be found to check the
magnitude spectra | X, (k)| and |Xg (k)| concerning their
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|Nr. |  Formula | Description |
X
1 X, | Normalization of single left
max(|X1) magnitude spectrum
X
2 | i{‘ Normalization of single
max(|Xr|) right magnitude spectrum
Xr|— X
3 w Magnitude difference nor-
[ Xz malized to the correspond-
ing value of | X, (k)|
Xg|— X
4 HI%')(J Magnitude difference nor-
| Xrl malized to the correspond-
ing value of | X (k)]

Table 1. Criteria for evaluation of magnitude similarity.

similarity. The most obvious approach is to search for lo-
cal minima in the magnitude spectra. These minima denote
frequencies with only low signal energy. So the phase infor-
mation at these frequencies will not be reliable. Taking both
magnitude spectra together into account, we found that only
a normalization of the magnitude difference || X | — | X R
to both the corresponding values of | X | and |Xg| yields
a robust criterion. Local maxima here denote a strong in-
equality between the two magnitude spectra. Tab. 1 lists
four possible criteria.

3.3. Combined Analysis for Disparity Estimation

The further approach now is to detect ”weak points” in the
magnitude spectra and then to eliminate corresponding phase
values for the final disparity estimation. This should make
our FFT-based approach both more robust and easy, because
now only phase values at reliable frequencies are taken into
account. On the other hand too much information should
not be suppressed. Therefore we only extract the minima
derived from criteria 1 and 2 as well as the maxima ob-
tained from criteria 3 and 4. Fig. 2 shows the results of
this combined analysis for a local area of a stereoscopic
image pair (N = 32). On the left hand side the magni-
tude spectra | X1, (k)| and | Xg(k)| derived from Eq. 4 are
plotted. The criteria 1 and 2 are displayed by a threshold
(dashed red lines). Below that the resulting phase differ-
ence ¢p (k) is shown. The right hand side contains the cri-
teria 3 and 4. Taking all criteria into account, it is easy to
detect the frequencies k = 6 and k = 13 as “weak points”.
After the suppression of these critical phase values, the es-
timation of the resulting disparity gets easier. We now can
perform a simple unwrap-operation. Here phase values are
changed to their 2r-complement, if absolute jumps between
consecutive phase values are greater than . On the lower
right of Fig. 2, the resulting phase difference ¢ p(k) after

Combined Analysis of Magnitude and Phase Spectra
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Fig. 2. Evaluation of magnitude spectra for FFT-based
disparity estimation. Due to symmetry of the FFT only
k = 0...N/2 — 1 is plotted. Dashed red lines are the
thresholds derived from the criteria in Tab. 1. Solid green
lines show the resulting disparity as the gradient.

suppression of critical values and execution of the unwrap-
operation is shown. From the frequency-dependent dispar-
ity values d(k) (see Eq. 9) the resulting disparity d(n) for
that particular observed image area is easily derived by

N/2—1

1
d(n)zN—/2 kzzo d(k). (11)

4. RESULTS

Fig. 3 shows the results for different phase-based algo-
rithms. This artifical image pair [10] was consciously cho-
sen due to its variable disparity process (strong leaps as well
as zero-disparity background) and slightly different inten-
sity values between the two images.

In the upper row, the original image pair (a,b) and an ex-
isting reference disparity map (c) are shown. The result
obtained with a Gabor filter is given in the lower left (d).
Situated aside is the FFT-based output with exclusive phase
evaluation, where d(n) was gained as the gradient of the
phase shift (k) (see Eq. 9) with a linear regression pro-
cedure [11] (e). In the lower right, the result of the proposed
combined magnitude and phase evaluation is shown (f). It
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(d) Gaborfilter
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Fig. 3. Results of phase-based disparity estimation for an
artificial image pair [10]. Image size is 256x256 px for all
images.

| Algorithm | ErrorCrit |
Gabor-Filter 0.053
FFT (phase) 0.035
FFT (combined) 0.021

Table 2. Error values of reconstruction. The values for
ErrorCrit were derived from Eq. 13.

is clearly that our new approach produces the best results
when compared to the reference.

For an objective comparison, we reconstruct the right im-
age rrp based on the left image = and the disparity map
d according to

zrr(n1,n2 —d(ni,n2)) = xr(n,ne). (12)

The difference between original x g and reconstruction x g
yields the reconstruction error or disparity compensated dif-
ference [2, 6]. To express the whole error image by one
scalar, we perform [5]

N;—1Nz—1

Z Z |zr(n1,n2) — TRR(N1,M2)]

n1=0 n2=0

ErrorCrit =

N- 1° N: 2 Res ’
13)
Here the parameter Res in the denominator stands for the
resolution of the image (Res = 2% = 256 grayscale values
in this case). Applying Eq. 13 to the results in Fig. 3, we
get the error values listed in Tab. 2.

This means that with our combined FFT-based approach it
is possible to reconstruct the right image according to Eq.
12 with a reliability of about 98%.

5. CONCLUSION AND OUTLOOK

We have presented a new approach for combining magni-
tude and phase information in FFT-based algorithms for dis-
parity estimation. Additionally to the evaluation of the phase
difference, different magnitude criteria are used to detect
“weak points” in the frequency domain. After their sup-
pression only reliable phase values remain for a robust esti-
mation of the resulting disparity.

This combined approach outperforms classical approaches
based exclusively on the evaluation of local phase informa-
tion.

Future work focuses on the implementation of a cascaded
approach. In the resulting image pyramid, the disparity is
reduced from one level to another. Keeping a constant win-
dow length, even image areas with strong leaps in the dis-
parity process (e.g. sharp object edges) should be process-
able.
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