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A Wavelet-Frame Based Image Force Model for Active
Contouring Algorithms

Hsien-Hsun Wu, Jyh-Charn Liu, and Charles Chui

Abstract—This paper proposes a directional image force (DIF) for
active contouring. DIF is the inner product of the zero crossing strength
(ZCsS) of wavelet frame coefficients, and the normal of a snake. By
representing strength and orientation of edges at multiple resolution levels,
DIF markedly improves the immunity of snakes to noise and convexity.

I. ACTIVE CONTOURING ALGORITHMS

The objective of active contouring, i.esnakealgorithms, is to find

algorithms proposed later trying to solve various problems such as
noise trap [5], snake initialization [2], energy function optimization
[4], [5], image object extraction [6], concavity issues [3], [7], etc.

Let the line segments that connect adjacent pairs of:.tseaxels
on a snake be denoted ag)), v(1), v(2), ---, v(n), where|v(s)|
is the arc length. Snake shape deformation is controlled bgnargy
functionthat consists of thinternal andexternal energy

-1
Esnalcc(7’(5)) = / [Eint(7)(9)) + Ee;pf(U(S))] ds. (1)

0
The internal energy is commonly defined a&Sin:(v(s)) =
1/2(wy (s)|[v'(8)]* 4 wa(s)[v" (s)]*), wherev'(s) = (dv(s)/ds),

andv”(s) = (8%v(s)/0s%). Eewi(v(s)) is usually derived from
lines or corners surrounding the snake. Ideally, a snake should stop
the deformation process when its energy function is minimized, or
(0Fsnake/0v) = 0, wherewv is the discretized snake, provided that
the spot noise does not trap a snaxel.

In this study, we adopt the expansion (ballooning) ap-

the closest contour around the natural boundary of an object. TBfoach, where the external energy is the weighted sum of
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Eimage_dir(v(s)) = LU;;(S)N(T(S)) . ZOS_(’;’(S)), where ws(s)
is a weight constant, and ZCS is tipelarized strengthof a zero
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Fig. 3. Orientation of edge pixels derived from ZCS. (a) Medical image and
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Fig.5. Deleting a snaxel during resample.{apndv; 1 are not corners. (b)
v; IS corner. (C)v;+1 is corner.

of DWFT coefficients between its two sides (see Fig. 2). For example,
let P, denote a ZCP for a sequence of DWFT coefficients extracted
along a row/column of a two dimensional DWFT matrix, ZCSIof
ZCS(i) =Y ", fli+r)—>"4_, fi—1),if P; isaZCP. Otherwise,
ZCS5(i) = 0. Here,f(7) is the DWFT value of?;, n(e) is the number

of consecutive nonzero, same-signed DWFT coefficients that lay at
the right (left) hand side of’;. For example, whe®, P, ---, Fs,
have values ofl.3, 0.3, 2.1, 0.1, —5.3, —7.3, —2.8, ZC'S(i) =
-192 = -28-73-53-(01421403+1.3).1fZCS'is
positive (negative), then the intensity changes from dark(bright) to
bright(dark), i.e., thepolarity of the intensity change, along the scan
direction of the ZCS calculation. The two-dimensional ZCS measure
of a pixel is a vector(ZCS., ZCS,), whose values are taken from

crosspoint(ZCP), meaning that ZCS represents the orientation ad’S. and ZCS, measures of the pixel along and y axes. The
strength of the ZCP. ZCPs are detected from the discrete wavaleentation of a ZCS observation is orthogonal to the edge, and its
frame transform (DWFT) coefficients along the and y axes. A magnitude is proportional to edge strength [8]. The bright lines with
DWEFT coefficient is considered a ZCP if its adjacent neighbors hadetted tips in Fig. 3(b) mark the strength and orientation of some
different signs, and ZCS of a ZCP is the difference between the susedected pixels in Fig. 3(a), by using the ZCS measure.
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Fig. 7. (a) Cell_1 image and its initial contour, (b) final contour, (c) cell_2 image and its initial contour, and (d) final contour.

For multiresolution image force calculations, one can take weight&dp snaxels expanded along the convexity area. Empirical results sug-
vectors of ZCS components from different wavelet frames (sgestthatatwo-level decomposition implementation usually suffices for
Fig. 4). Empirical results suggested that the symmetric, three-ta®st images.

Daubechies biothogonal wavelet has the best performance, because

its compactness makes it sensitive to weak edges. A DWFT frame Il. IMPLEMENTAION AND EXPERIMENTS

is essentially a subband produged from a particullar combination,;Or computer implementation, equation (1) can be rewritten as

of the lowpass and band-pass filters used for filtering alongathe
and y-axes. Typically, the “high-low” (HL) and “low-high” (LH) N
frames are adequate for our applications. Fgr every ZCP on HL _ Z[Emt(tu) + Eimage_dir (i) + Esattoon (v:)] @)
and LH frames, we calculate and threshold its ZCS value, based P

on a localized mean-variance technique to eliminate weak afherew; is a snaxel. For the internal energy, the elastic force;at
false edges, and mark the ZCS values that exceed the thresholdsaifl be approximated by usif@v; /ds)|* = (Jv; — vi—1|)*, and the
edge mapsM. and M}, respectively. The final edge map/s is bendingforce by(9?v(s)/8s%)|* ~ |vi—1 —2v;+v,41|*. The balloon

Esnakc(7)17 PP ’Un)

generated byl M (z, y)| = /|Mu(x. y)[2 +|M. (2, y)|2, and forceat snaxel; = (z;, y;) can be derived using Green’s theorem,
tan § o = My(z, y)/Mp(z, y). Avi_1v; = x;_1 % y; — ; * yi—1. Letv;—10; and N ;, respectively

Thgfmtjlliliresolution property of the ZCS in DIF can help reducgenm.e the line segment from_: to v:;, and its no'rmal. DIF at
curvature trap, which can occur at two conjunctive edges, or a pf‘fr-def'nEd as the sum of the DIF measure ftlpomtgm[vi. Let
tial (convex or concave) contour formed by a group of edges. WhéfsS of each element € vi—1v; be denoted agCS;, the sum of the
a snake marches to a convex area, the balloon force first pushes it fifgctional image force for segme#it—iv; becomes
the door in the first few iterations. Then, the coarser version of the ZCS pp, — Z ZFS]- CNi= Z |Z€Sj||_1\Ti| cos v
measure, which covers a large area than its finer counterpart, would

JEU, _1v; JEUT 1
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Fig. 8. Cell_3 experimental results: (a) Cell_3 image, (b) Cell_3 resultl, (c) Cell_3 result2, (d) Cell_3 result3, and (e) Cell_3 result4.

whereq; is the angle betweéZE)S]- andﬁ,andm is considered function at each snaxel is based only on local image features, the
to be a real edge segment when its value is greater than a thresteslgirgy of a snake with snaxels is
value. By taking into account all the points @i v;, DI F; represents

the energy measure of the ling-77;, not that of a point. Esnake(v1, vz, -+, vn) = Eo(vo, v1, v2) + E1(v1, vz, v3)
To keep the average internal energy less sensitive to the snake size 4+ 4 By (tn1,v0, v1) (3

[9], snaxels are resampled when their distance exceeds the range of

[6¢, 6.], wheres, = D /4,6, = 1.5D, andD is a constant. When the where E;_
distance of;;7; 571 is larger thari.5 D, itis simple to add one additional
snaxel between; andv, 1. When deleting excess snaxels, howeve[l
one needs to keep snaxels close to corners or convexity of the Io&qg
deformation [see Fig. 5(a)—(c)]-

Minimizing (2) through exhaustive search is costly, i@(m™),
where n is the number of snaxels, and the size of the search
space for each snaxel. To reduce the computing costs, we adopted
the dynamic programming approach proposed by Aminal. [4], where the initial condition is set &y (vo, v1) = 0, and the search
Eonare(vi, v2, +++, vn) = ming—1[(Esnake(v1, v2, - ++, vn_1) +  process starts frorfi; . An energy matrixs used to store the minimiza-
E(vi—1, vu))|Esnake(vi, va, ---, v,—1)]. Knowing that the energy tion value of optimal functions in the neighborhoodwef After S,,_;

1(vi—1, vi, vit1) is the energy at each snaxel, and
—1(vic1, vi, vig1) = Eau(vicy, vi, vig1) + Eew(vi). Siis

ated at each iteration, based on the information on its two adjacent
xels

Si(vi, vig1) = IIllIl[Sl 1(vic1, vi) + Ei—1(vie1, vi, vig1)] (4)

U1
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Fig. 9. (a) Leaf image and the snake after ten iterations, (b) 30 iterations, (c) final contour; (d) conch image, (e) initial snake, and (f) final contou

is calculated, the snake with the minimum energy in an iteration is okrergy isO(nm?) for each snaxel in an iteration. Calculating the bal-
tained by back-tracking of the energy matrix of snaxels. The snake llen force forv; needs to refer to its neighber_,, and the time com-
gorithm terminates at iteration when the energf.,.. normalized plexity isO(nm?). The time complexity of calculating the image force
over the snake length is minimized is O(nDm?), whereD is the number of pixels on the link between two
snaxels. Since: is usually greater tha, or O(nm?®) > O(nDm?),

Bunake(v1, U2, v+ vn) the complexity of our scheme becom@gnm?).

T
D o lwi = vimy)]
i=1

Efog(v) =

[ll. EXPERIMENTAL RESULTS AND SUMMARY

Values of E.,,(v) often oscillate in a few iterations before some In our experiments, the distance between two consecutive snaxels is
shaxels can move to a new region. To overcome these probleset, to eight pixels for all cases. To test robustness of our scheme, the
we keep track of variations oF.,,(v) every T iterations. If the firstexperimentwas performed on a synthetic circle, whose pixel value
combined variations ofEfwg(u) is lower than a threshold i is 160 within the circle, and 60 otherwise, with added Gaussian noise.
iterations, we consider that the snake has reached its steady stata. scheme works perfectly when the signal-to-noise ratio (SNR) is
|Z§j(E§;;(v) — Bl (v)| < e t(modT) = 0, wheree is a greater than 10 dB (see Fig. 6), but its performance deteriorates when
predetermined threshold, afdis usually equal to five. the SNR falls lower than 5 dB. For real images, the algorithm worked
Let n andm, respectively, denote the number of snaxels, and theell for Cell_1 and Cell_2 (see Fig. 7). The Cell_3 image (Fig. 8) is

search spacef each snaxel. For th@(m?) combinations betweenr  challenging, because of many blurred and overlapped cell boundaries.
andv;_1, the complexity of calculating the elastic energy in one itWhile over 90% of the snaxels marched to the real contour, in some
eration isO(nm?). The time complexity of calculating the bendingcases, e.g., Fig. 8(e), the snake did not converge.
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The next experiment is to test our algorithm for convexity adapta- Image Data Compression Using
tion. Referring to Fig. 9, this a very challenging case, because of hidden Cubic Convolution Spline Interpolation
sharp edges, which produce strong image forces, in parallel with the
leaf profile. Without any special calibration, our algorithm did find the T. K. Truong, L. J. Wang, I. S. Reed, and W. S. Hsieh

correct convex shape, without being trapped by the (invisible) lines.
In the Conch image, the snake successfully marched into all but one ] ] o ]
convex area, whose door width is very close to the minimal snaxel dis_Abstract—A new cubic convolution spline interpolation (CCSI) for both

. . . . one-dimensional (1-D) and two-dimensional (2-D) signals is developed in
tance in the experiments. Reducing the distance between snaxels CQHTQr to subsample signal and image compression data. The CCSl yields a

push the snake into this most narrow door, but the computing times Wiy accurate algorithm for smoothing. It is also shown that this new and
increase. Snake deformation terminates in 20 to 40 iterations for all éxst smoothing filter for CCSI can be used with the JPEG standard to de-
periments. These experimental results clearly showed that our sché&#fig an improved JPEG encoder-decoder for a high compression ratio.
can effectively detect corners and convexity on boundaries. The mulindex Terms—Cubic convolution spline interpolation (CCSI), image
tiresolution solution approach has good boundary convergence andaspression, JPEG.

robust to a much higher level of noise than conventional schemes.
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It is well known that the standard JPEG algorithm causes visually
disturbing blocking effects when high quantization parameter is used
to obtain a high compression ratio. The standard JPEG has a default
quantization table and a table of default run-length codes. In order to
obtain a better compression performance, an image can be processed
to yield an image-specific quantization table. All of these quantization
coefficients are then entropy encoded to generate image-specific vari-
able-length coding tables. The compression methods that use these op-
timal tables are called optimized JPEG algorithms [9], [11]. The opti-
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