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I? at 2%, and as before, ¢ is a small constant to prevent division by zero when the
signal is flat. The factor T' is a noise compensation term representing the maximum
correlation response that could be generated from noise alone in the signal. This
factor is obtained by taking the estimated influence of noise on each of the filters
(calculated as described in Section 3.4) and forming the sum
n—1
T- Y 1T, (42)
i=1
where T}!' represents the estimated influence of noise on filter scale 7 in signal 1, T

k3

represents the equivalent quantity in signal 2.

5.5 Using Phase to Guide Matching

Inevitably when one first compares a signal at one location against another signal
at a second location the match will not be exact. It would be nice if one could
estimate where one should move to in one signal in order to improve the match.

Assuming one is already close to the correct matching location it is possible
to use the relative phase angle differences between the filter response vectors to
estimate the shift required in one signal to improve the match. This approach is
used by Langley et al. [51] and Fleet et al. [27] for the estimation of disparity from
phase information. Here these ideas are extended to make use of phase information
over many scales

At each scale n the estimated shift required to match the signals is
An($1,$2) = A\, 00, /27

where d¢, is the phase angle difference in the filter response vectors at the two
locations in the signals being compared at scale n, and A, is the wavelength of
the analysis filters at scale n. One problem is that the shift estimates at different
scales may be in error by multiples of the filter wavelengths. We have no way of
recognizing this; all we can hope for is that the filter responses with the largest
magnitudes will provide us with the most reliable disparity information. Therefore,

the approach that has been adopted is to weight the estimated shifts by the filter
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response amplitudes and compute a weighted average, namely

n An(2h) An(2?) A
21 3, An(z)An(2?)

A(l’l, .IQ) =

where A, (z') denotes the amplitude of the filter pair response at scale n in signal
I' at z' (and similarly for 2% in I?). Thus, the filters with the strongest responses
dominate the result!. This approach is highly effective in matching one-dimensional
signals with convergence on the correct matching location being obtained with very
few iterations. By using a weighted average phase difference over many scales one
overcomes the problems that may arise when the amplitude at some scales becomes
small and the phase ill-defined. We don’t have to place bets on the best scale of
analysis to use.

Figure 50 illustrates the results when this frequency based correlation method
is applied at two points in a 1D signal. (That is, in performing the correlation
and disparity estimates the two signals I' and I? are identical, the correlation

Uin signal I' and z? is indexed

point marked in the plots represents the position x
through every point in the signal). Thus the value in the correlation plot at say,
location 150, represents the correlation of the signal at location 150 with the signal
at the reference correlation point.

Spatial correlation signals are also shown for comparison. The plots of estimated
disparity are only valid for a limited region about the matching point. The size of
this region is dependent on the local frequency content of the signal. If there are
strong low-frequency components then the large scale filters will contribute strongly
to the estimate of the mean weighted phase difference, resulting in the disparity
estimate being valid over a larger region before the phase ‘wrap-around’ occurs.
This effect can be seen in the two sets of plots in Figure 50 where the right hand set
of results correspond to a point in the signal that contains mainly high frequency

components, resulting in a relatively small region where disparity measurements are

valid. Note that over the region where the disparity estimate is valid the slope of

1One might argue that once the response magnitude exceeds some value (say a xed multiple

o the expected noise value then all responses should e eighted e ually  here 1s also a case

or eighting the disparity estimate o tained at each lter scale according to the avelenth o the

Iter ilters tuned to the lo est re uencies (greatest avelengths ill e least a ected y any

phase rap around pro lems due to disparities that exceed one spatial period  hese possi ilities
have not een investigated here
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the disparity function is close to 1. Thus, when this information is used to guide
the search for a matching point in a signal the convergence to the correct location
is very rapid. However, the convergence process is not completely fool-proof as one
can sometimes encounter points that are to the correct matching point where
the estimated disparity falls to zero (as in these plots). Thus when the disparity
estimate falls to zero one needs to check the correlation value to see if small local
movements can increase the correlation, and hence improve the estimate of the

matching point.

5. ete 1Ining eati e igna isto tion

An important parameter to recognize is the relative signal distortion in the vicinity
of the matched points. For example, a stereo view of a slanted surface will result
in the two images displaying the surface with different degrees of foreshortening.
If one can measure the relative foreshortening, or scaling, between the two images
one can deduce the surface slant. In general, when one matches two image points,
the signal at one point will be some scaled version of the signal seen at the other
point. Accordingly, in the frequency domain the spectrum of one of these signals
will be a stretched and shifted version of the other’s spectrum. Identifying the scale
difference in the two signals that corresponds to the observed differences in the
spectra is awkward because it manifests itself as both a shifting and a rescaling of
the spectra along the frequency axis, and a rescaling in amplitude.

However, if we choose to display the spectra of these two signals on a logarithmic
frequency scale we find that the of the two spectra is identical, they will
only differ by a translation along the log frequency axis and a rescaling of the
amplitudes. (We are familiar with the idea that the spectra of geometrically scaled
wavelets are all identical when viewed in the logarithmic frequency scale, but this
property applies to any signal shape that is scaled). Thus to determine the frequency
shift, and hence scale difference between two signals, we simply find the translation
that maximizes the correlation between the two spectra. The inverse log of this

translation is the frequency shift from which we can deduce the scale change. This



114

200
150
100

50

0.8
0.6
0.4
0.2

20
15
10
5
0
-5

-10
-15 |

-20

Figure 50

points.

of 5 log

CHAPTER 5. REPRESENTATION AND MATCHING OF SIGNALS

1D signal

I T .. R
~ correlation point

0 50

100 150 200 250

spatial correlation

0 50

100 150 200 250

phase and amplitude correlation

0 50

100 150 200 250

estimated disparity

| _‘ ’ . . —
1 valid.disparity estimates

0 50

100 150 200 250

200
150
100

50

0.8
0.6
0.4
0.2

20
15
10
5

0
-5
-10
-15
-20

1D signal
= T T !
- ~ correlation fpoint
| | | | |
0 50 100 150 200 250
spatial correlation
T T T T T
| | | |
0 50 100 150 200 250
phase and amplitude correlation
T T T T T
| | | | |
0 50 100 150 200 250
estimated disparity
T T T T T
I T i
_ /»// -]
[ valid disparity estiflates
0 50 100 150 200 250

xamples of correlation of a 1D signal against itself at two reference

esults for both spatial correlation and the new frequency based correlation
method are shown for comparison. The spatial correlation was performed over a
window of 30 pixels. The frequency based correlation was performed using a bank

abor filters with wavelengths ranging from 4 pixels up to 4 pixels.

is illustrated in figure 51.

Note that the use of a logarithmic scale to simplify the identification of the

scale difference cannot be applied directly in the spatial domain as we do not have
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Figure 51 A abor function at two scales along with their corresponding Fourier
Spectra

an absolute zero point about which to determine the logarithmic scale. However,
by transforming our data into the frequency domain we obtain an absolute zero
point (zero frequency), and hence allow the application of this approach. This
technique has been used to determine image velocities from visual Doppler effects
by ovesi and Trevelyan [4 |. Another, more obvious, application of this form of
signal analysis is in texture segmentation. In an image a texture pattern can appear
with different degrees of foreshortening depending on the slant of the surface on
which the texture lies. On a logarithmic frequency scale the shape of the texture’s
amplitude spectra will remain constant throughout the image. If the magnitudes
and principal directions of the scaling distortion of the texture can be extracted

then the surface slant should be recoverable.
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Figure 52 Identifying frequency shift scale change is di cult when the signal’s
spectrum is broad relative to the frequency range covered by the analysis filters.

While this approach sounds very attractive there are di culties in implement-
ing it. In particular there is an aperture problem. We only see a window of the
spectrum, namely the band of frequencies covered by our filters. If the signal spec-
trum is considerably wider than the analysis window covered by our filters we will
be unable to ‘see’ the end points of the spectrum and hence be unaware of any
frequency scale shift (see Figure 52).

xperimentally it has been found that it is very important to have filters that
cover the very low end of the spectrum. At the other end of the frequency scale one
finds that any distinguishing features in the signal’s spectrum tend to be masked
by noise in the signal (which remains unchanged relative to any spatial distortion
of features in the image), hence noise compensation very important.

This aperture problem is not resolved here, though a few suggestions are offered.
It would seem that points of maximal local symmetry in the image are probably
the best for recognizing any frequency scale shift between signals. oints of local
symmetry will tend to have most of their spectral energy concentrated at the scale
corresponding to the spatial ‘width’ of the symmetry. This will result in the ampli-
tude spectra having a strong peak which is likely to minimize the spectral aperture
problem. In addition, one can argue intuitively that a point of local symmetry is
probably going to be the most effective location to determine scale change because
one needs to ‘see both sides’ of an ob ect to determine how much it has changed its
shape.

Information about local phase congruency and symmetry asymmetry are likely
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to be very useful in analyzing disparity in signals and relative scalings a ne dis-
tortions. If a point in an image exhibits a high degree of local asymmetry in the
signal then this may indicate a point of occlusion, and hence a possible disconti-
nuity in disparity. If this point is also one of high phase congruency then one will
have high confidence in any phase based disparity measurements because we know
there are no scale-space singularities present. If the level of local symmetry is high
at a point in the image then this may well indicate that we are in the ‘middle’ of
an ob ect. Thus, the disparity values in this region of the image are likely to be
continuous, though our confidence in estimating the disparity will be reduced by

the likely presence of scale-space singularities.

5. onc usion

A local frequency based method of signal correlation and disparity measurement has
been introduced. By using quadrature filters over multiple scales this new approach
overcomes the problems encountered in existing techniques for phase based disparity
measurement. sing local phase and amplitude information obtained from a bank
of quadrature paired filters one can construct a dimensionless measure of signal
similarity. Where it is found that the two signals do not match one can use the
mean weighted phase difference at the two locations in the signals to estimate the
disparity between the signals. This greatly improves the e ciency of any search for
matching points, and convergence on the correct location is very rapid.

The ideas presented in this chapter are only partially developed. There is much
to explore. Obviously this work needs to be extended to 2D, an approach that
might be taken is to use banks of 2D wavelets in multiple orientations. Analysis in
each orientation will give different disparity and scale distortion measures. Through
some principal components analysis one might be able to extract 2D disparity and
measures of a ne distortion at each point in the image. If this could be done
successfully there would be many applications for this approach in the analysis of

stereo images, texture gradients, and motion sequences.
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This thesis has argued strongly for the importance of invariant measures in low-level
image processing. Images provide a very dynamic and unstructured environment
in which we struggle to make our algorithms operate. Ob ects can appear with
arbitrary orientation and spatial magnification along with arbitrary brightness and
contrast. Thus the search for invariant quantities is very important for computer
vision. While some work has been directed at finding higher-level geometric invari-
ances in images little effort has been devoted to finding low-level invariant quantities.
The neglect of this research area has compromised the reliability of many of the
current algorithms used in computer vision.

It has been argued that a frequency based approach to image analysis, and
in particular, the use of phase information, is a good basis on which to develop
low-level invariant measures. hase is a dimensionless quantity and phase infor-
mation has been shown to be crucial in the perception of images. By studying the
behaviour of phase and amplitude over frequency for different image features this
thesis has developed a number of low-level invariant measures for feature detection,

local symmetry asymmetry analysis, and signal matching.

) ont 1 utions

The main contribution of this thesis has been to develop the concepts behind phase

congruency to the point where one now has a reliable feature detector that gives an

11
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absolute measure of the significance of features irrespective of the image illumination
and contrast. The reliable performance of the detector over a wide range of images
using fixed thresholds has been demonstrated. In achieving this overall ob ective a

number of new ideas were developed. These can be summarized as follows

The basic ideas behind phase congruency have been extended to show how
it can be calculated via a bank of geometrically scaled filters in quadrature.
In this process some new geometrical insights into the interpretation of phase

congruency have been gained.

A new measure of phase congruency that is based on the weighted mean abso-
lute deviation (rather than the weighted variance) of phase from the weighted
mean has been developed. This new measure provides a very localized re-

sponse to features, allowing fine image details to be detected.

It is recognized that normalized image measures, such as phase congruency,
are susceptible to noise. The influence of noise on phase congruency was
studied and an effective noise compensation technique has been devised that
makes minimal assumptions about the underlying noise model. This noise
compensation technique is applicable to any kind of image analysis that uses

banks of geometrically scaled filters.

A new interpretation of scale in image analysis has been developed. It is ar-
gued that when a frequency based approach is used in the analysis of images
a more logical interpretation of scale is obtained by using filtering
rather than low-pass filtering. The advantage of this model is that the posi-
tions of features are not a function of the analysis scale used. All that varies
with the scale of analysis is the relative significance of features. recision
of measurement is obtained at all scales, this is of great importance to any
automated system wanting to use the output of a vision system to perform

some action.

It is argued that for phase congruency to be used as a measure of feature

significance it must be weighted by a measure of the spread of frequencies
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present at each point in the image. A method for doing this is presented.

The shortcomings of abor filters are recognized and it is suggested that
log abor filters be used instead. Log abor filters allow broad spectral
information to be gathered using filters of minimal spatial extent.  ven-
symmetriclog abor filters also have the important property of always having

a zero D component.

It is shown that points of local symmetry and asymmetry in images also
give rise to special arrangements of phase, and these can be readily detected.
The measure of local image symmetry asymmetry that has been developed is
unique in that it is illumination and contrast invariant, and does not require

any previous image segmentation to have taken place prior to analysis.

A new approach to the matching of signals that uses correlation of local phase
and amplitude information over many scales has been presented. This tech-
nique also allows the disparity between signals to be estimated. This approach
to disparity measurement differs from other frequency based approaches in
that its use of data over many scales provides greater immunity to the di -

culties created by scale-space singularities.

The invariance of the shape of the amplitude spectrum of a signal on the
logarithmic frequency scale to scale changes is recognized. Suggestions are
made as to how this invariance might be exploited for texture segmentation,

and stereo and motion analysis.

. utu e (o)

It is hoped that this thesis has shown that there are many possibilities to be explored
in the use of local phase and amplitude information in images. Three different ways
of measuring phase congruency, a method for measuring local symmetry asymmetry
and an approach to signal matching, disparity measurement and scale change mea-

surement have all been devised from the information that is available from local
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phase and amplitude. No doubt many of these ideas can be improved and or
adapted to identify other low-level image properties.

One aspect of the detection of features via phase congruency that was not fully
addressed was the problem encountered at unctions of features having greatly dif-
fering magnitudes. At these locations the normalization is dominated by the fea-
tures having the greatest contrast and this results in lower contrast features at the
unction being ‘over normalized’. This problem is perhaps a result of the approach
used in combining the filter outputs over several orientations. In this thesis all that
has been used is the summing one-dimensional results over many orientations.

It might be useful to explore a more two-dimensional approach to combining
filters outputs over many orientations. If one recalls the geometric interpretation
of phase congruency in 1D signals (as shown in Figure 5 in  hapter 2) phase con-
gruency can be thought of the ratio of the magnitude of the vector sum of the
quadrature pairs of filter outputs to the scalar sum of the amplitudes of the filter
pair outputs. This interpretation could be extended to 2D signals in which case
each filter pair response vector would be oriented in a 3D polar coordinate system,
the extra coordinate being used to represent the orientation of the filter pair in
addition to the phase angle. Thus, geometrically we could imagine a sequence of
3D filter response vectors spiraling out from the origin.  hase congruency could
then be defined in terms of the ratio between the magnitude of the 3D vector sum
of these response vectors to the scalar sum of their response amplitudes.

The work presented on feature matching, disparity measurement and distortion
measurement is, of course, preliminary. There are many possibilities to develop.
The obvious work to be done is to extend the ideas that have been presented to
2D. An approach that might be taken is to use banks of 2D wavelets in multiple
orientations and perform a principal components analysis to identify the direction
and magnitude of the disparity, and the components of any a ne distortion between
the two signals. With this information one would be able to reconstruct the 3D

structure of the scene.

Invariant measures are important in low-level vision.

hase information is a good basis on which to construct these measures.
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