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On Witkin Range of Phase Congruency
Anonymous CVPR submission
Paper ID 648
Abstract The scale persistency has long been observed. For in-

stance, Marr 12] proposed the “coincidence assumption,”
This article identifies a scale manifestative concept in which holds that only those features that spatially coin-
low-level vision, which we call Witkin range of phase con- cident at all scales are meaningful. Witkin, in his paper
gruency, and proposes a simple method for calculating thison scale space filterind?]], investigated the persistency
image feature. This concept is similar to the range of stabil of local maxima of Gaussian derivatives of 1D signal over
ity in Witkin’s scale space filtering, but we define it in terms scales, and explicitly identified the stability ranges @@
of the phase congruency among Gabor-type wavelets of diflocal maxima in scale space. These ranges can then be
ferent frequencies. The Witkin range of phase congruencytranslated into flat intervals as basic elements for repttese
leads to a representational and computational scheme foring the 1D signal. Witkin's idea has been extended to 2D
combining image information from multiple scales. In par- by Lindeberg 8, 9] and other researchers. But the behavior
ticular, it adds two new dimensions to the traditional edge of the maxima of Gaussian derivatives in 2D is much more
representation produced by Canny edge detector, namelycomplicated than 1D, so that tracing maxima in 2D can be
the width and sharpness of the edge point. As a result, itdifficult.
combines the edge representation and region representatio  parallel to scale space theory, the coincidence over scales
into an edged-region representation. In addition, thiscon has heen extensively studied in the context of phase con-
cept unifies two ubiquitous classes of visual phenomenagryency of Fourier transform or Gabor wavelet transform.
namely, geometric structures and stochastic textures, in aporrone et al. 14] observed that image features appear at
Scale manifestative framework, Wh|Ch can account fOI‘ the locations where the Fourier Components of the image at dif-
continuous transition from structures to textures in the-pr  ferent frequencies are maximally in phase. A phase congru-
cess of image scaling or zooming. We illustrate our method ency function is defined to measure the agreement among
by a number of experiments on natural images. the phases at each position, and this function turns out to be
equal to the local energy of the imadE9d] 16]. Kovesi [6]
) developed a computational method for phase congruency
1. Introduction feature detection in 2D image, using log-Gabor wavelets to

Scale is one of the most important issue in vision. Visual
phenomena in natural scenes can appear at a wide rang oo ) .
of scales in images, because of the variabilities in objectspace_ﬂltermg,_lt does not myolve trac_mg over scgleserfr
sizes, viewing distances, and camera resolution. Thexgefor quencies, and is therefore simpler to implement in 2D.

a meaningful interpretation of a natural image must be ei- ~ The phase congruency function is elegant in terms of its
ther scale invariant or scale manifestative. “Scale imrtti ~ '€lationship with image energy. However, it is not scale
means that the interpretation will stay invariant undergma manifestative, in the sense that it does not tell us the range
scaling. “Scale manifestative” means that the interpitat of frequencies over which the phases are congruent. In this
has explicit scale parameters that follow simple and eitplic Paper, we introduce Witkin's idea of range of stability to
transformations under image scaling. the framework of phase congruency, and replace the phase

There have been a number of multi-scale theories in vi- congruency function by the phase congruency range or what
sion, most notably, the scale space thedy, B] and the ~ We call Witkin range.
multi-resolution wavelet analysid f]. It has been a com- The Witkin range gives us a more informative descrip-
mon sense that we need to combine information from mul- tion of image features. For instance, for an image structure
tiple scales, mainly because some visual phenomena sucluch as an edge, the Witkin range can be translated into geo-
as edges can persist over a range of scales. metric scale parameters of the cross-section profile perpen

function is defined on each pixel. Unlike Witkin's scale
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dicular to the edge elongation. In particular, the high fre- gy
quency end of the Witkin range tells us the sharpness of the L
transition of the image intensity across the edge, whereas iy
the low frequency end of the Witkin range tells us the width SAVAVAVAVY|
AVAVAVARL'

or breadth of the two flat regions on the two sides of the
edge. In other words, the Witkin range enables us to not
only detect the edge curves, but also recognize the edged-
regions, so that we can form a representation that combines
both edge-based concept and region-based concept. ‘ . , . (

In natural scenes, there are two ubiquitous classes of vi- ° oo
sual phenomena. One is geometric structures that can be
represented by lines and regions. The other is stochastic te
tures that are often characterized by some feature statisti rjgyre 1. (a) A 1D signal is obtained as a horizontal slice of the
Although these two types of patterns often appear distinc- toaster image. (b) The contour plot of the zero-crossings of the
tively different, they are actually intrinsically connedt second derivatives in the joint spatial-scale domain. (c) The 1D
the same group of objects can be perceived as either gesignal at multiple resolutions, obtained by convolving the signal
ometric structures or stochastic textures depending on thewith Gaussian kernels and sub-sampling the signal.
viewing distance and camera resolution. Due to this scal-
ing connection, it is natural to believe that the visual sys- .
tem must estimate scale parameters explicitly, and trace th stabﬂﬂy ranges. . T .
change of the scale parameters over the image scaling pro- Lmdebgrg B.9 appllgd similar |degs to 2[.) IMages. BUI.
cess that can be caused by the change of viewing distancet.he behavior of the_ maxima of Gaussian denv_atlves n 2D 1
We shall show that the Witkin range provides us with cru- much more c_:o_mpllcated than 1D, so that tracing maxima. in
cial scale information for describing large scale georetri 2D can be difficult.
structures and small scale stochastic textures.

The Witkin range of phase congruency can be useful for
edge representation, edge-based object recognitiork-trac  In contrast to the scale space filtering based on local
ing and matching, and texture recognition. It also shedsderivative operators, the phase congruency theory started

Scale

EAVAVANAWAY
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(b) (c)

2.2. Phase congruency function

light on low-level vision theories such as sparse coding, from global Fourier transform. Morrone et al.4] observed

meaningful alignment, and natural image statistics. that for a signak(z), the feature points correspond to those
points where the Fourier waves at different frequencies hav

2. Background congruent phases. Specifically, let

2.1. Witkin stability range u(z) = / Alw) cos(wa + b, )dw )

A key motivation for Witkin 21] to propose his theory of
scale space filtering is to combine visual information agros be the Fourier representation ofz). The phase of fre-
different scales. In particular, he studied the stabilitthe guencyw at a pointz is wz + ¢, mod2x. Thoser where
spatial locations of local maxima of Gaussian derivatiies o wz + ¢,, are congruent across are considered feature
the image data over scales. points. For instance, the top plot of Fig.shows a pe-
See Fig.1 for an example. A 1D signal is taken from riodic step function. The bottom plot displays several of
a slice of the image in Figl.a. Let’s denote this 1D sig- its Fourier componentd (w) cos(wz + ¢.,) (see eqn.1)).
nal byu(z). Let G, (x) be a Gaussian kernel function (or Clearly, the edge points and the center points of the inter-

density function) centered at 0 with standard deviation  vals correspond to those points where the Fourier waves of
Letu, = u x G, be the convolution ofi(z) with G, (x). different frequencies are in phase.

Fig. 1.c displaysu, (=) for a sample of scales > 0. For A phase congruency function is defined as follows:
eachu, (z), we can find the local maxima of its first deriva- , .

tive du,(x)/dx, or the zero-crossings of its second deriva- ) _ . J A(w) cos(wz + ¢ — $)G(w)dw @

tive 9u, (x) /0. Fig. 1.b plots the contours of these zero- ¢€[0,27] J A(w)G(w)dw ’

crossings in the scale space. Clearly, the zero-crossergs p

sist over a range of scales, until two zero-crossings mergewhereé'(w) is a window function in the frequency domain,
into a singular point. The range of persistence or stabil- e.g., a Gaussian kernel around a certain central frequency.
ity depends on the widths of the underlying intervals. As a Suppose the maximum is achievedsat ¢(z). ¢(x) may
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matter of fact, one can recover these intervals based on thde interpreted as the average phase across the frequencies?15
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For the dictionary of Gabor elemen{é&:,, , o}, at each fre-
guencyw, and at each pixet, we find the optimal orienta-
) ol s‘n 10‘0 1;0 2$0 2;0 3$o tion é = argiaxg |<U/7 G:I:,w,9>|2’ Whel’e|<u, Ga:,w,9>|2 =
(u, G )2 + (u,G) )2, with GI°) ; and G, be-

ing cosine and sine components 6f; ,, o respectively,
and () denoting inner product. Lefl = |(u, G, .l

o | ¢ = arctan[(u,GiOL é>/<“’GSL ;)] be the magnitude (or

" 50 100 190 20 20 w0 ) ry . . .
Figure 2. A periodic step function and its several Fourier com- energy) and phase at the maximal orientation respectively.

ponents. The waves at different frequencies are in phase at edgéNe can write

points and the center points of the intervals. PP
[Vou](2) = (Au(2),0u(2), ¢ (z) = (A,0,9)  (5)

covered by the window(w), andy(z) measures the vari- a5 @ generalized version of the ubiquitous gradient operato
ation of phases within this window. Vu. . . . o
The phase congruency functiod) (has an elegant con- A point (z,w) is an edge-ridge point if

nection with the local energyiLp]. Specifically, let Au(w) > Ao+ t(sin o (2), cos 0 (), [t < d, (6)

I \ I \ The Gabor filters can be used as edge detecttflis [

0 100 200
L L

G*u(x) = /G(w)A(w)exp{i(wx + ¢) Hdw, i.e., A, (r) is maximal along the normal direction of the
orientationd,, (x) within a neighborhood of lengtid [1].

where G is the complex filter, which consists of a pair Edges andridges can be discriminated by the corresponding
of filters of quadrature phase, whose Fourier transform is Phases20].
G(w). Theny(z) = |G = u(z)| is the local energy, and
o(z) = arg[G = u(z)] is the local phase. So the points of 3. Witkin range of phase congruency
maximum phase congruency correspond to points of maxi-
mum local energy.

Kevosi [6] defines a phase congruency function by pool-
ing the information from a bank of log-Gabor filters at dif-
ferent scales and orientations, in the same spirit as fomcti
(2). Unlike scale space filtering, the phase congruency func-
tion is defined for each pixel without tracing local maxima.

In this section, we explain the basic idea of the Witkin
range. We also explain that it can be translated into an
edged-region representation of the image. After that, we
give a precise definition of the Witkin range, and illustrate
the edged-region representation by some examples.

3.1. Edged-region representation

2.3. Gabor filters and edge detection Fig. 3 illustrates a fundamental observation. The plot

. . . i on top shows a horizontal slice of an image of vertical bar
A biologically motivated class of image elements are Ga- u(z). The second and the third plots display the magni-

bor.waveletsik], wh_ich are ro'gated, dilated, and translate_d tude and phase 67.,u(x) on this slice, where each curve
copies of the following Gaussian modulated sine and cosine o responds to a frequenay It is evident that an edge-

waves [] ridge pointz (i.e., a local maximum in magnitude curves)
1 _ ) can exist over a range of frequencies)(x),w:(x)), and
G(x) oxp{—§(4:cf + z2) (e — e /2y, (3 within this range, the phase and orientatioNofu(z) re-
mains constant fav € (wo(x), w1 (z)). For edge points, the
wherez = (x1,22). Let's denote a rotated, dilated, and magnitude o/, u(x) also remains constant (subject to dis-
translated copy of3) by G.....s, Wherez is the centerw cretization error). In the bottom plot of Fi§, we trace the
is the frequency of the sine and cosine waves, @iglthe ~ two edge points over scalex 1/w. At a certain frequency
orientation. We normalize the Gabor wavelets over scale soor scale, the two edge points merge into a ridge point.

thatG 5.0 = G406, in Order to maintain Here comes the foundation of this paper: for an edge
pointz, the rangev € (wo(z),w;(x)) in frequency domain
(fs Guwo) = (fs: Gu sw.0), (4) can be translated into spatial domain parameters about the

cross-section profile of the edge. Specifically, the profile o
wheref,(x) = f(sz) is the scaled version gf. The Gabor  an edge is along the direction that is perpendicular to the
filters can be replaced by other zero-mean filter pairs thatedge elongation, and it can be modeled by a step function
form Hilbert transforms of each other. blurred by a Gaussian kerndl][ whose bandwidth reflects
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g or representation. An edged-region is composed of two seg- 378
il ments of smooth sub-regions, colored by grey and green °’°
S mzf ‘ respectively in the above two figures. The two sub-regions 360
& e are separated by an edge curve. The widths or breadths of *°*
B af the two sub-regions are decided by the low frequency end 82
¥ o wo(x) of the Witkin range. The sharpness of the segmenta- 983
% 160 tion is decided by the high frequency end(x). That s, by 4
3 T combining the Gabor edge information across frequencies, 385
= ar we essentially perform a local image segmentation, where 386
oL 2 the Gabor filters at different frequencies explore the two 7
g ur sub-regions being segmented by the edge. This enables us 388
i to not only detect the edge, but also recognize the edged- 989
g : T B B region. The edged-region representation combines both the "
070 g0 S0 10 n0 10 10 M0 150 160 edge concept and the region concept, which are two most 301
. . prominent representations in low- and mid- level vision. 392
_Flgure 3. Constancy_of positions and phas_,es of Iocal energy max- L e din frequency domain, an edged-region is a com- 393
ima across frequencies. The top plot depicts a horizontal slice of . ' s 394
an image of a vertical bar. The next two plots show local energy p03|thn of Gabor Wavelets_ across the Witkin range of frg- 395
and phase, where each curve corresponds to a frequency. Fhe boduencies, or an edged-region spans a range of frequencies. 206

tom plot shows that the maxima corresponding to two edge points ~ 1he Witkin range transforms in a simple way during the
merge into one ridge point over frequencies or scales. scaling process. When we zoom out the image by a factor of 07
s, the Witkin rang€wy, w1 ) will be scaled tq swy, swy ). SO 398
the edged-region becomes thinner and sharper by a factor of 23(9)

S.

An interesting observation is that, due to finite resolution 401
of the image, the Witkin rangewo, sw1) will eventually go 402
beyond the frequency limit of the camera resolutior as jgj

creases, and the edged-region will be shredded and leaked

out. This can explain the transition from geometric struc- 409

i i -redi i -redi tures to stochastic textures, as we will study later. 406

(a) inputimage (b) edged-regions (c) ridged-region y 107
Figure 4. Image interpretation by edged- and ridged- regions.  3.2. Definition of Witkin range of phase congruency 408
409

In 2D images, tracing the edge points can be difficult. 44

Recall that the phase congruency functighié defined for 411

each pixel without tracing. Similarly, we can also definethe ,;,

/ - / - Witkin range of phase congruency without tracing the edge
. point. The following is our version of definition. 414

/ \ ﬂ\ The Witkin range is defined on scale-maximum edge ,5

points. An edge pointz, ) is a scale-maximum edge point 445

if 1) (z,w) is an edge point at frequendyin the sense of 417

inequality ©); 2) it is also a local maxima in scale or fre- 45

(a) input image (b) edged-regions quency domain: 419
| | | A5(8) > Ay(B), Yw € (& — 8,0 +9), @
Figure 5. Edged-region representation. 421
i.e., a small neighborhood df. 3) Its phasep, (i) is dom- 422

inated by sine component of the Gabor filter. The scale- #2°

_ _ 19%maximum edge points transform in a simple way during  *2*
frequency end (z) tells us how sharp the intensity transi- image scaling. 425

tion is across the edge. Thg low frequency endr) tglls For a scale-maximum edge poift, &), we define its 426
us how wide the two flat pieces of the step function can \pjikin range(wo, w1 ) as a continuous range of frequencies 427

extend. Asz runs on the one dimensional edge curve, the , around so thatv,,u(i) has almost constant magnitude, 428
resulting cross-section profile sweeps an edged-regidn wit phase and orientation. Specifically, let 429

the edge curve being the mid-axis. 430
See Fig.4 and Fig.5 for illustrations of edged-region O ={w:Vyu(z) € 0(Vou())}, (8) 431

the sharpness of the edge. For the Witkin range, the high
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whered(V,u(2)) is a small neighborhood 67, u(%). Re-

call thatV,u(z) = [A,(2), 0. (x), ¢, ()], i.e., magnitude
(energy), orientation, and phase, see eghn.l( our imple-

mentationV,u(#) € 9(Veu(z)) if

9)

that is, the magnitudd,, () should be within a factor (e.g.,
fa = .8) of A;(z), the orientation and phase should be
close to those ofw, ) (e.9.,eg = 7/12, ande, = 7/6).
Then

wo = max{w <w,w ¢ O},
min{w > &, w ¢ Q}.

w1 (10)

We can translatéw, wy) to Witkin width sg o 1/wg, and
Witkin sharpness; « 1/w;. The proportion factor can
be chosen so that when applied to a bar structure with two
parallel edges (see Fi§), the Witkin width should agree
with the half-width of the bar. Itis clear that this proporti
factor depends offi4, €9, ande, in (9).

Our definition of Witkin width generalizes the traditional
definition of width for bar structures to any geometric struc
tures. For instance, Fi@. shows the edged-region plots of
a triangle and a circle. Here we only plot the darker sub-

region of the edged-region. Specifically, at each edge pointFigure 7. A natural scene image and its edged-region representa-

Z, we plot a black bar (1 pixel wide) of length, i.e., the
Witkin width of this edge point. The bar is perpendicular

implementation, there is an upper bound on the scale of 486

the Gabor filters (or equivalently, a lower bound on the fre-
guency), so there is an upper bound on Witkin width. Thatis
why at some points, the Witkin edges are not wide enough.

150

300

350

400

50 100 150 200 250 300 350 400 450 500 550

tion.

to the edge elongation, and extends to the darker segment The above definition of Witkin range is clearly scale

of the edged-region. Then the bars for all the edge poin
make up the darker sub-region of the edged-region.

50 -

100 -
150 -
200 -

250 -

50 -

100 -
150 -
200 -

250 - . . . . .
50 100 150 200 250

Figure 6. Edged-region representations of triangle and circle. Only
the dark sides of the edges are plotted.

Fig. 7, Fig. 8, and Fig.9 show the edge-region repre-

tsmanifestative. If we scale the image by a factor, then the
Witkin width and sharpness should scale in the same way,

as long as they are above the camera resolution.

Figure 8. A natural scene image and its edged-region representa-

tion.

3.3. Ridged-region representation

The top plot of Fig.3 displays the cross-section profile
of a bar structure. A key point is that a bar structure is
not only described by the width of the central flat interval,
but also the widths of two flat wings on the two sides of
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the central interval. So a ridged-region should have three 538
sentations of three natural scene images. Note that in oursegments, corresponding to the central piece and the two 539



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
501
592
593

leaves taken at increasingly far distances. At near distanc
the geometric shapes of individual leaves are perceptible.
But as the viewing distance increases, the image becomes
more complex and the individual shapes become impercep-
tible, and the image can only be described by a collective
texture summary.

Ca Figure 10. A sequence of ivy wall images taken at increasingly far
- distances.

Figure 9. A natural scene image and its edged-region representa-

tion. 20 —— starting scale | 15 —— starting scale
—©- ending scale —©- ending scale
—+ scale range —+ scale range

15
10

10 —— starting scale
-~ ending scale
8 —+ scale range

wings respectively. For an ridge point, we can also define
a Witkin range that can be translated to the width of the s
central piece and the width of the two flat wings. Due to
space limit, we shall not elaborate on this. We just want
to point out that _th_e W'(_jth of the central piece is intimately Figure 11. Conditional expectations of Witkin width, sharpness,
related to the Witkin W'd.th_Of the two parallel gdges of the and range over scale. Plain curve shows starting scale or Witkin
bar structure. But the Witkin width of an edge is a far more sharpness, circled curve shows ending scale or Witkin width, and
general definition, because many edges are not edges of grossed curve shows the difference between starting and ending
bar structure. For instance, the base line of the triangle inscales, or the size of Witkin range. Each plot is conditioned on an
Fig. 4, or the edge on the circle in Fig) or the shorter side  interval of magnitudes of scale-maximum edge points. The mag-
of a rectangle. nitudes of the plots are in increasing order from left to right.

The width of the edge structure and the width of the two
flat wings of the bar structure go beyond the importantwork ~ This suggests that geometric structures and stochastic
of Lindeberg on scale selection for edges and bak [It textures should be treated in a unified framework. The dis-
appears that Lindeberg’s scales correspond to the sharpnedinction between structures and textures is an artificial, on
of the edge and the width of the central piece of the bar.  because the transition from structures to textures is a con-
tinuous process caused by the continuous image scaling or
zooming. Itis therefore desirable to have a scale manifesta
tive quantity to trace this transition.

Geometric structures and stochastic textures are often It has been a mystery how human being perceives the
treated separately in computer vision. Structures are usuwide variety of texture patterns. Juledd,[in his study of
ally obtained by edge detection and image segmentationhuman texture perception over nearly three decades, pro-
while textures are mostly characterized by feature stedist posed two famous conjectures. The first conjecture is about
such as histograms of filter responsép However, struc-  texture statistics, and Julesz proposed co-occurrentis-sta
tures and textures are intrinsically connected by imagle sca tics of image intensities. The second conjecture is about
ing. Fig.10displays a sequence of images of an ivy wall of textons, which are considered as basic elements for texture

0 0 0
0 5 10 0 5 10 0 5 10

4. Unifying structures and textures
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perception. We believe that image scaling holds the secret
to this puzzle, and scale manifestative quantities must be a
crucial ingredient in texture perception.

This can be seen even more evidently in Fig,. where
the texture surfaces of flower leaves and pebbles are slant
surfaces that appear in perspective. Clearly, our pemepti
of the texture surfaces is not homogenous and we perceive
a gradual change over distance.

The Witkin range of phase congruency can be used to
trace the transition from structure to texture, as well @&s th
change of texture information over distance.

We pool the following scale manifestative texture statis-
tics. Let(#,o) be a randomly selected scale-maximum
edge point. Le# be the magnitude oV, u(z). Let(sy, so)
be its Witkin sharpness and width defined in previous sec-

tion. We experiment with the following three statistical Figure 12. Slant texture surfaces of flower leaves and stones.

—— starting scale
—©- ending scale
scale range

properties.E[so|A], E[s1]|4], andE[so — s1|A], that is, the
conditional expectations of Witkin sharpness, width, and
range. These three statistics can be estimated as follows.
We divide the range ofl into several intervals. We collect

each interval, and then estimate the conditional expectsiti
for this interval by corresponding averages.

Fig. 11 shows the change of conditional expectations
over the scaling process. We choose 8 images of the ivy
wall taken at increasingly far distances. We divide the mag-
nitudes of scale-maximum edge points into three intervals.
In Fig. 11, the three plots correspond to the three intervals
of magnitudes in increasing order, from left to right. We can
see that as the viewing distance increases, the Witkin width
sharpness and range decrease in general.

textons and texture statistics. At near distance, we see rel
atively large edged-regions. As the distance increases, th
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edged-regions become smaller. This roughly correspond totion of slant texture surfaces.

the texton regime in Julesz’s second conjecture. If the view

ing distance increases still further, the edged-regions wi 5, Discussion

be smaller than the pixel resolution, and they will be shred-
ded and leaked out. Then there are no significant align-

ments among filter responses, and we may just pool some  The following are contributions of this article.
1) Identify and define the Witkin range for phase con-

marginal statistics from the filter responsé$, [since the

. Figure 13. Conditional expectations of Witkin width, sharpness
These plots also trace the transition from structures to gg range over the vertical axis in the two images inFig

5.1. Contributions and open ends
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joint patterns have been largely destroyed by image scaling gruency, as a substitute for scale space tracing and phase 744

This roughly corresponds to the regime of texture stasistic congruency function.
2) Define the Witkin width of edge point, and propose
The Witkin width also indicates the size of the neighbor- the edged-region (as well as ridged-region) representatio
hood that we should use to pool the texture statistics. Thethat combines both edge concept and region concept.
3) Study geometric structures and stochastic textures in
a unified scale manifestative framework, and define a set of

in Julesz’s first conjecture.

larger the Witkin width, the larger the local window should
be for spatial pooling.

The above statistics are also crucial for perceiving slant scale manifestative texture statistics.

surfaces such as those in Fi. Fig. 13 show the change
of conditional expectations of Witkin width, sharpness] an

The following are two major open ends of our work.

1) The current version of Witkin range may not be the-
range over vertical axis of the two images. Itis possibl¢ tha oretically or empirically superior to other possible atizr
such statistics can be used for re-constructing 3D informa-tives. We hope this work will stimulate more researchers to
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experiment with this concept and search for better versions [4] D. J. Heeger and J. R. Bergen, “Pyramid Based Texture
2) There are other image structures such as roofs, ramps, Analysis/Synthesis'Computer Graphics Progpp. 229-238,
as well as topological structures such as corners and junc-  1995.6,7

tions. The geometric scale parameters of these structure§s) g julesz, “Textons, the elements of texture perception and
should also be estimated based on similar ideas. their interactions”Nature \Vol. 290, pp. 91-97, 19816

5.2. Potential applications [6] P. Kovesi, “Image Featur.es from Phase Congruendidere:
Journal of Computer Vision Researdfol 1, 1999.1, 3
1) Edge feature. Our method is not in competition with
Canny [l] or other edge detection methods. Instead, it
equips each edge point with two important scale parame-
ters, namely, sharpness and width. [8] T. Lindberg, “Effective Scale: A Natural Unit for Measuring
2) Edge-based object recognition. For instance, for an ~ Scale-Space Lifetime/EEE-PAMI v.15 n.10, p.1068-1074,
object like a tree, the Witkin width is useful for identifgn 1993.1,2

[7] T.S. Lee, “Image Representation Using 2D Gabor Wavelets”,
IEEE Trans. PAM| 10, 959-971, 19963

tree trunk, branches and twigs, without resorting to sephis [9] Lindeberg, “Detecting salient blob-like image structures and
ticated region-based analysis. their scales with a scale-space primal sketch: A method for
3) Tracking and matching. In real life, objects can focus-of-attention”, International Journal of Computer Vi-

change distances from the viewer rapidly, e.g., a ball is-com sion vol. 11, pp. 283-318, 1993, 2

ing, a dog is running away, or the scene outside the window[10; Lindeberg, “Feature detection with automatic scale selec-

of a moving train. The changes of Witkin ranges help us tion”. International Journal of Computer Visiomol 30, num-
perceive the change of viewing distances. ber 2, pp. 77-116, 199&

4) Texture r nition and sh from texture.
) Texture recognition and shape from texture [11] S. Mallat, “A Theory of Multiresolution Signal Decom-

position: the Wavelet RepresentationEEE Trans. PAMJ
11(7):674-693, 19891
1) Sparse coding. Olshausen and Field] [proposed [12] D. Marr, Vision,W. H. Freeman and Company, 1982.
sparse coding as a strategy for V1. Our work suggests
that the sparse coding elements are compositions of phaselt3] L. Moisan, A. Desolneux, and J.-M. Morel, “Meaningful
congruent Gabor wavelets or edged-regions. Alignments”, Int'l J. Computer Visionvol. 40, no. 1, pp. 7-
2) Meaningful alignment. Moisan, Desolneux, and 23, 20008

5.3. Connections to other vision theories

Morel [13] proposed meaningful alignment as a statistical [14] M. C. Morrone, J. Ross, D. C. Burr and R. A. Owens.

principle for perceptual grouping. Our work can be consid- Mach bands are phase dependent. Nature, 324(6094):250-

ered as identifying meaningful alignment over scales orin ~ 253,1986.1,2

frequency domain. [15] B. A. Olshausen and D. J. Field, “Emergence of Simple-
3) Natural image statistics. Portilla and Simoncellf][ cell Receptive Field Properties by Learning a Sparse Code

proposed a class of joint statistics of filter responses&o-ch for Natural Images,Nature Vol. 381, pp. 607-609, 199

acterize texture patterns. The Witkin range can be consid-
ered a scale explicit characterization of the joint distrib
tion. Ruderman and Bialek.f] studied the scaling of im-

age statistics of natural scenes. The Witkin range staisti [17] J. Portilla and E.P. Simoncelli, “A parametric texture model
are worth of being investigated. based on joint statistics of complex wavelet coefficients’l
Journal of Computer Visigmt0(1):49-71, October, 2008.

[16] P. Perona and J. Malik. Detecting and localizing composite
edges in images. Procs. ICCV, Osaka, 19P1.
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