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Abstract
Log-polar mapping plays a fundamental role in active vision by allowing
both a wide eld-of-view and a high-accuity area. While log-polar mapping
simpli es certain visual tasks, translation estimation becomes more diÆcult in
this domain. However, given the importance of translational motion for mobile
target tracking, solving this problem in log-polar space is of great signi cance.
In this paper, we present some preliminary results of translational motion estimation using log-polar images.
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Introduction

Visual target tracking has interesting real-world applications, such as visual surveillance, automatic video recording or video conferencing. However, the conventional
uniform-resolution images impose a signi cant computational burden and can, therefore, jeopardize the real-time performance required in these applications. To overcome these limitations, space-variant imaging has been advocated as an adequate solution, which is able to simultaneously have a wide eld-of-view and a high-resolution
area (the
), by having a decreasing resolution towards the periphery [2].
In space-variant active vision [6], one can detect peripheral activity only at a
coarse detail. For a ner escrutinity of the potential object of interest, this will
have to be observed with the highest resolution possible, which, in turn, requires a
camera motion, to have the target centered. After the target
, it has to be
actively tracked. To that end, the motion of the target must be estimated so that
the proper command motion is issued for having the target centered again.
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Thus, estimation of translation is a key issue in active tracking. Therefore, to
achieve an e ective object tracking and, at the same time, keep the advantages of
log-polar images, the problem of translation estimation in the log-polar domain must
necessarily be addressed [1, 4]). This is just the problem we tackle in this paper.
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Log-polar mapping

In our implementation, the mapping proposed by Jurie [3] is used, which de nes the
log-polar coordinates (; ) = loga +  ); k   from the polar coordinates (; ),
where a, 0, and k are parameters of the transformation, that are functions of
the chosen number of rings (R) and sectors (S ). This mapping (see an example
in gure 1) have two distinctive features. On the one hand, it properly addresses
the well-known singularity of the logarithmic function at the origin. This prevents
having a blind area at the center of the sensor. On the other hand, log-polar pixels
are fractions of rectangular pixels. This results in a more exible and accurate
mapping than those forming log-polar pixels as a mere aggregation of cartesian
pixels.
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Figure 1: Example of log-polar transformation: (a) the original 256  240 cartesian
image of a
cube on a microwave turntable, (b) the
image after the logpolar mapping, (c) the
image, obtained by performing the inverse log-polar
mapping, and (d) the grid layout for this particular mapping (R = 50, S = 90).
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The motion estimation method

Translation in cartesian domain can be formulated quite easily, but it is rather less
straightforward in (log-)polar coordinates. Panerai
[4] pointed out that the
projection of a translation vector at p on radial line passing through p, results in a
retinal shift  (the magnitude of the projected vector), which is maximum along
the direction of motion, and follows a sinusoidal function of the angle of the radial
line, being constant for each radial direction.
et al.

3.1

The basic method

We can estimate () at each discrete radial line  of the log-polar image, by
considering the log-polar images before, I1 , and after, I2, the translation. Then, we
have a discrete sinusoidal function, its amplitude and phase will allow us to estimate
the vector of motion [4]. One way to proceed is to compute the discrete Fourier
transform (DFT) of (), which is a 1-D signal. The more similar the function
() to a sinusoidal wave, the better the rst harmonic resulting from the DFT
will approximate it, and the more accurate the motion magnitude and orientation
estimations will be. Let D(k ) be the DFT of (). Then, the magnitude of
the motion is given by the amplitude of the rst Fourier harmonic, i.e., 1  jD(1)j,
where 1 depends on what exactly the DFT transform computes, and on the number
of data used to compute it (in our case, 1 = 2=S ). The motion direction is given
by the phase of this rst harmonic, i.e., arg(D(1)).
For the estimation of () for each , some correlation measure can be used.
Let () be the estimation of the true (). It can be computed with some 1-D
correlation C along the radial direction at orientation  as:
() = arg min C (I1(; ); I2 ( + (); ))
3.2

Variations to the method

In [4], the basic idea of the method is just introduced, and no experimental results
are given. We have implemented, not only this basic algorithm, but also several
variations aimed at increasing the robustness and accuracy of the basic formulation.
We have carried out extensive experimentations in order to assess the behavior of
the basic as well as our extensions, which are summarized in this section.
Regarding the correlation measure C , Panerai
suggest
the use of the well-known sum of squared di erences (SSD). An inconvenient with
this kind of correlation is that one has to choose the number of  values to be
tested, as well as the set of particular values. An interesting alternative we have
Phase correlation.
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tried is the use of phase correlation [5], a well-know method based on the shift
theorem of Fourier transform, which estimates  in a given direction  by nding
the peak in the inverse Fourier transform of the normalized cross power spectrum,
I  (k )I   (k )
C 1;2 (k ) = 2  1   ;
jI2 (k )I1 (k )j
where Ii (k ) is the Fourier transform of Ii () = Ii(; ); i = 1; 2.
Notice that, for a correct application of the phase correlation method, we
have to

sample Ii ()
, not logarithmically. Therefore, in the discrete case, I1 (j +)
is actually computed as I1 (j + j ()). To try to minimize the boundary e ects
and spectral leackage of the DFT, a Gaussian-like weighting is applied [5].
On the other hand, to make the
method more robust to noise and resolution e ects, we have made experiments
correlating not only on a radial sector , but considering also the sector just in the
opposite direction (i.e.,  and  + (() + =2), thus forming an \extended" sector
of 2R pixels. Moreover, when performing the correlation at , we also consider its
neighboring sector  + a (tipically, a 2 f 1; 1g). These extensions can be applied
with the phase correlation as well.
Finally, the discrete nature of the log-polar mapping, causes that
() sometimes di er from the theoretically correct (). To deal with this, two
common ltering techniques have been tested and applied prior to the application of
the DFT: the well-known median ltering, with a window width wM and a Gaussian
lter with a window width wG .
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Experimental results

To test the method described in previous section and the proposed extensions, we
apply a translation to a cartesian image, and the log-polar transformation of both
cartesian images (the original and the translated one) are taken as the input for the
method. The magnitude T and direction T of this \motion" will be taken as the
ground-truth values. Their units are cartesian pixels and radians, respectively. The
method will yield estimates, ^T and ^T , of these true values.
Figure 2 show the estimation  () for each . The ground-truth and the
estimated motions are also ploted as sinusoidals functions, the amplitude of which
is the magnitude of the motion, and the phase of which is the direction of motion.
In this case, the
cube ( gure 1) has undergone a motion (T = 3; T = 0).
The log-polar images used here have 40  60 pixels, i.e., around 4 times less data
than the original cartesian images. Figure 2(a) corresponds to the original method,
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which results in an estimated motion of (^T = 2:66; ^T = 0:19). This estimation
has an error of 11% in magnitude and 11Æ in orientation. We can appreciate in
gure 2(b) that some noisy data is a ecting the estimation. Then, after applying
a median ltering to (), the motion estimation shown in gure 2(b) becomes
(^T = 3:15; ^T  0:00). This time the error is only 5:1% in magnitude and 0:2Æ in
orientation. In gure 2(b) it can be easily seen how the two sinusoidal functions
almost overlap.
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Figure 2: E ect of a median lter (wM = 9) for smoothing () on motion
estimation error.
The estimation error depends on several issues. For instance, to observe how
the error varies, we repeated the experiment varying the direction of motion. In
gure 3 we plot the estimation errors, comparing the results of the basic method
with those of the phase correlation and gaussian smoothing (wG = 0:3S ). As can be
seen, when employing the phase correlation instead of the SSD, the error of motion
estimation is signi cantly reduced (notice in gure 3(a) how big the maximum error
in the basic method is, compared with that resulting from phase correlation). We
have carried out some more experiments using a set of about ten images, obtaining
results similar to those reported here.
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Conclusions

Translational motion estimation in log-polar space, although more diÆcult than
in cartesian coordinates, is necessary to keep the interesting advantages that this
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Figure 3: Estimation error for a xed motion magnitude and varying motion direction (BAS = basic method, PHC = phase correlation, GS = gaussian smoothing).
domain o er for some other visual tasks. We have addressed this problem starting
form a basic idea suggested in [4]. Our experiments, reported in this paper, show that
this method, although theoretically valid, when tested with real images produces
motion estimations that generally tend to be more accurate in direction than in
module. We have proposed variants to the basic approach to make it more robust
and accurate. The results obtained show they are valid for our purposes: active
tracking with log-polar images.
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