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Abstract

This paper describes a boundary estimation scheme
based on a new adaptive approach to B-spline curve fit-
ting. The number of control points of the spline, their lo-
cations, and the observation parameters, are all considered
unknown. The optimal number of control points is estimated
via a new minimum description length (MDL) type criterion.
The result is an adaptive parametrically deformable contour
which also estimates the observation model parameters. Ex-
periments on synthetic and real (medical) images confirm
the adequacy and good performance of the approach.

1. Introduction
1.1. Snakes and defor mable templatessmodels

Snakes and their conceptual descendents have been often
proposed to deal with contour/boundary estimation prob-
lems in several application contexts. A relevant example
is medical imaging, where contour estimation is the funda-
mental first step of many automatic image analysis systems.

As proposed in [15], a snake is a virtual object (in the
image plane) which can deform elastically (thus possess-
ing internal energy) and which is under the influence of a
potential field (thus having external/potential energy) func-
tion of image features of interest. The equilibrium (minimal
energy) configuration is a compromise between smoothness
(enforced by the elastic nature of the model) and proximity
to the desired image features (by action of the external po-
tential). Several drawbacks of conventional snakes, such as
its “myopid’ (use of strictly local data), have stimulated a
great amount of research [1], [2], [4], [8], [17], [18], [21],
[26]. One of the main problems is its non-adaptiveness,
with parameters having to be specified by the user.

Deformable templates (DT) and deformable models
(DM) congtitute another class of approaches to con-
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tour/object estimation. In DM, parametric shape represen-
tations are used, contrasting with the explicit descriptions
used by snakes. In DT, some basic shape suffers deforma-
tions to fit the desired image features. Fundamental work
on DT and DM is [11], [12]; see dso [13], [14], [23], and
[25]. Again, acritical difficulty isthelack of adaptiveness;
parameters have to be previously specified.

1.2. Bayesian point of view

Snakes are interpretable as maximum a posteriori (MAP)
Bayesian estimators, with the internal and external energies
being associated with the prior and the likelihood function,
respectively [8], [24]. The same is true for DT, where a
prior biases the estimate towards the template shape [11],
[13], [23]. In DM, however, it is common not to use a
deformation energy (a prior) if the model itself guarantees
regularity/smoothness of therepresented shapes, amaximum
likelihood (ML) interpretation is still valid. These proba-
bilistic views have the advantage of giving precise meaning
(not just physical analogies) to the involved entities; e.g.,
the likelihood function can be rigorously derived from an
observation model rather than just from common sense.

1.3. Proposed approach

We propose an adaptive smooth boundary estimation
scheme, based on B-spline representations, which can be
classified as an adaptive DM. A statistical estimation frame-
work is adopted, with all the parameters governing the in-
volved models being taken as unknown.

When using B-spline-based contour descriptors, akey is-
sueisthe choice of the number of control points. We address
it by viewing B-spline fitting as an ML estimation problem
and introducing asuitable MDL -type criterion®. Theresult-
ing adaptive order B-spline descriptor is then used to build
a DM which also estimates the observation parameters.

1Recently, MDL -type criteria have been proposed for several problems
in computer vision and image processing (see [9] and referencestherein).



Although conventional potential sbased on theimagegra-
dient are compatible with the proposed adaptive criterion,
we adopt here aregion-based approach [8], [21], [26]. This
means that the likelihood function of the contour position
dependson all theimage (splitintoinner and outer regions),
not just on a narrow stripe aong the contour (as in snakes).
This strategy works in situations where gradients fail (e.g.,
regions of equal mean) and is robust against local artifacts.

2. B-splines, curves, and closed curves
2.1. Splines and B-splines

Splines are piecewise polynomials widely used in com-
puter graphics, computer vision, and image processing to
build efficient parametric descriptions/approximations of
functions, curves, and surfaces [3], [5], [7], [10], [22].

Let {to <t < .. < tk} C [to,tk] C IR, the set of
so-called knots, be given. By definition, spline functions
are polynomial inside each interval [¢;_1,;], and exhibit a
certain degree of continuity at the knots[5].

The set {B(t),k = 0,..,k—m— 1} of B-splines of
degree m congtitutes a basis (though a non-orthogonal one)
for the (k—m) - dimensional linear space of all piecewise
polynomials (0N [t,,, tx_,]) Which are C™~1 continuous
at the knots; the elements of this space (the splines) can then
be represented as

k—m-—1
FW= Y BMW), €l ol (D)
=0
each basis function (B-spline) 57 (¢) depends on a set of
knot values {tg, ..., tx+m+1} (for details, see, eg., [5], [7]).
The IR? version of Eq. (1),

k—m-—1
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=0
describes an open curve onthe plane, wherethec; = [¢¥ ¢!]
are now 2D vectors called control points.

Expressing closed curves requires the periodic extension

of the knot sequence, {f;, j € Z} with#; = ¢jmoar [10].
These knots can be seen as points along a circumference
of perimeter (¢, — to). Also, aset of & periodic B-splines
{By(t), k=0, .., k—1} isobtained by the periodic expansion
(of period (¢, — to)) of the aperiodic ones[10]. If the knots
are equispaced ({; — #;—1 = 4), the B-splines are termed
uniform and only differ by shifts, B} (t) = B (t — d).
Closed k-knots spline curves are then functions of period
(tx —to); they can be written as linear combinations of &
periodic basis function (the space is now k-dimensional):

k-1

f(t) =Y B (1), teR )

=0

Although it is a common practice to use quadratic or
cubic (m = 2,3) B-splines[7], our technique is valid for
any degree; thus, we will drop the superscript . Also, we
only address the periodic case (of interest for boundary rep-
resentation), although the concepts also apply to aperiodic
B-splines.

2.2. B-spline curvefitting

Take the problem of finding the degree - m periodic
spline, on a given set of knots {to, {1, ..., {x }, that best fits
N pairs {(s;, f(si)), ¢ = 0,..., N = 1}, with & < N
(usualy k& <« N). With £ = [f(so) -~ f(sNN_l)]T,
c = [CO ~~~Ck_]_]T, and B = [B”] with Bij = Bj(si),
the least squares criterion reads

¢ =agmin||f-Be|’ = (B”B) B'f=B'f, (3

where BT is the pseudo-inverse of B; its null-space is
N(B) = {0},50(B”B) ‘exists. Letg = B¢ = BB'f =
B+f, where B+ is the orthogonal projector onto the (k-
dimensional) range space of B (denoted R (B)).

Now consider a common situation in many applications
where N points (in theimage plane) are given:

) Yo x(s0) y(s0)

2(sno1) y(sn-1)

The periodic spline that best fits them is sought, but two
key elements (essential to obtain B) are missing: the s;’s
to which the z;’s and the y;’s correspond, and the knots
{to, ...l }. Several strategies have been proposed, each
having specific advantages and drawbacks [3], [5], [7]. The
simplest one, and most convenient for our purposes, is the
uniform assignment: take ¢; = j, forj =0,...,k—1and
s; =ik/N,fori=10,..., N—1. We can see the knotsand
the s;’s as defining uniform partitionsof a circumference of
perimeter k. Given v and &, we build B (it only dependson
k and N), compute BT, and estimate the control points as

ITN-1 YN-1

& &
c= = Blv. 4
5£ -1 6Z -1
Finally, noticethat Eq. (3) (and (4)) can beinterpreted as
an ML estimator if the observationsf are modelled as white

Gaussian noise (variance ¢?) contaminated versions of an
“ideal” dicretized splineBc, i.e. f = Be + n. Formaly:

N — Be 2
p(fle,0?) = (271'0'2)_7exp{_u} )

202
¢ = argmcax{logp(f|c,02)} =B'f (6)

Notice that ¢ does not depend on 0.



3. Estimating the number of knots

We now focus on how to choose &, the number of control
points (knots). To simplify the notation, we address the
scalar case; curves on a plane are simply a pair of scalar
splines. Clearly, minimizing the error variance is not a
useful criterion; the (trivial) solution would be the largest
possible k. (Note: in the sequel, writing c (), B(), and
O'(Zk), is meant to stress their dependency on k.)

3.1. MDL criterion

To estimate %, we adopt an MDL-type criterion (see[19]
and references therein) to the current problem.

The first key fact behind MDL is: the ML estimate
corresponds to the Shannon code for which the observa-
tions have the shortest code-length [19]; in fact, Shannon’'s
optimal code-length for f, given ¢y and o2, is simply
L(f]cwy, o) = —logp(fle), o) [19]. It can be argued
that only discrete datahavefinite code-lengths. However, as
recently noted in [20], these may be obtained by discretiz-
ing a density to an arbitrary precision; abuse of the term
“code-length” is convenient and harmless.

The second fundamental fact isthat the parameters them-
selves are also part of the code. A code word alone can not
be decoded by itself; only afull knowledge of p(f|cx), o2)
(i.e., of its parameters) allows reconstructing the code and
respective decoder. Accordingly, the MDL estimate (which
unlikein Egs. (5)-(6), depends on the unknown ¢?) is

(&5 72) :argc?:jrlz{L(flC(k)’ o?)+Lew), o)}, (D)

where L(c), o?) is the parameter description length. We
assume that each parameter has a constant description
length, i.e. L(c(x),o?) = Ak. The minimization in Eq.
(7) can be split into three nested ones as

rr}jn{Ak + min{Enin{— logp(fleey, 02)}}} :
o? (%)

The inner minimization corresponds to the ML estimate in
Eq. (6). Theonew.rt. ¢2, yieldsitsML estimate, giventhe
obtained eﬂimateé(k); itisthusafunction of £ and we will

denote it as ;. After some manipulation,

. . N )
min {[:r(lLr)]{— logp(fle k), 02)}} = 5 log (ZWeUZ(k))

where .

o2y = [If = By, fIIP/N ®)
(recall that B(L) = B(k)BIk)). Finally, dropping al addi-
tive constants,

E:argnlin{%logﬁ(k)—i—/\k}. 9)

From &, we also immediately have &(5; = (B - )1f.
3.2. The parameter description length

Specifying A isone of the critical features of MDL-type
criteria.  Originally, MDL used the (asymptotical) code-
length A = 1 log IV for real parameters [19]; it makes sense
when all parameters are estimated from all the data, i.e., their
precision should/canincrease withthe data set size. Control
pointsare local parameters, i.e., they only depend on afew
data points; then, it is senseless for A to grow with the
number of data points. Alternatively, let £ be the numerical
accuracy with which the elements of ¢, are written (the
minimal possible difference between values), and let w be
the range they span; then, clearly,

e =k Iog% =k (log(w) — log(e)) . (10

We neglect the necessary rounding up to the closest integer.
Eqg. (10) isstill not useful unlesswe know w and the optimal
¢. However, for curves on digital planes (digital images),
a natural choice arises: since all coordinates are integers,
¢ = 1, and since a curve is expressed by two scalar splines,
A = logw, + logw, = log(wewy), where w, and w, are
the width and height (in pixels) of theimage. Finally, with
02 1y and o7 ;) denoting the variances for the z and y
coordinates, O'(Zk) = (Uiy(k) + 0'57(,@))/2, and w = wewy,
we have

k= argmkin{N logo2iry + k Iogw} , (1)

which hasthefollowingreasonable properties: (a) for given
N and w, increasing k decreases N loga? ;) but increases
k logw, thus forcing a compromise between the two terms;
(b) alarger N (more data points) gives morerelative weight
tothe error variance, i.e., more control pointsare allowed to
try to decrease it; (c) when the coordinatesrange (w., wy, O
both) increases, the variance term has less relative weight,
i.e., asmaller fitting precision isimposed.

Finally, we point out that although MDL is not (concep-
tually) aBayesian criterion[19], Eq. (7) isinterpretableasa
MAPestimator withtheprior p(c ), 02) o exp{—k logw}.

In [3], p(k) < exp{k(1—m?+m)log(s)} was pro-
posed; there, the penalty on & grows with N, which (see
above) is not reasonable. Moreover, it makes no sense for
(perfectly valid) degree-1 splines (i.e., polygons) because
for m = 1, p(k) becomes an increasing function of k.

3.3. Two examples
Figs. 1 — 4 report two examples of adaptive cubic (i.e.,

m = 3) B-splinefitting which, although not thefinal goal of
this paper, isauseful tool in itself. Notice how the second



(more complex) shaperequiresmore control points (E = 20)
than the first one (& = 13).
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Figure 1. Data points (x), estimated spline
(solid line), and control points (o).
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Figure 2. Description length (minimum at 13)
and error variance plots (relative to Fig. 1).
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Figure 3. Data points (x), estimated spline
(solid line), and control points (o).
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Figure 4. Description length (minimum at 20)
and error variance plots (relative to Fig. 3).

4. B-splinesfor contour estimation
4.1. Observation model

Consider the observed image I (aw, x w, array of gray
levels) as a random function of an object whose (closed)
boundary v is smooth in the sense that it is described by
a discretized uniform periodic spline with some (unknown)
control point vector ¢ ), i.€., v = Bcx). Sincethe goa
isto estimate k and ¢,y from I, full specification of theim-
age model isneeded. Although other choicesare compatible
with our approach, let us assume: (&) conditional indepen-
dence, i.e., giventhe contour, all the pixelsare independent;
and (b) homogeneity, i.e., al the pixelsin the inner (outer)
region haveidentical distributionscharacterized by the same

parameter vector ¢in (¢doyt). Then, with ¢ = [in, dout],
p(Ilcwy, @) = p(Ilv, p) =
H P(I(i,j)|¢in) X H p (1 (i,4) |¢out

(4,7)€Z(V) (4,7)€0(V)

withv =B c(x), where I; ;) stands for the value of pixel
(4,7), whileZ(v) and O(v) are, respectively, theinsideand
outsideregionsof contour v; p(1(; j|#in) andp(1(; ;)|Pout)
are the pixel-wise conditional probabilities, of the inner and
outer regions, respectively.

4.2. Estimation criterion

Any adaptive scheme must estimate, not only ¢, but
also ¢, based on the likelihood function. An obviouschoice
would bethe ML criterion; however, asin Section 2.2, it can
not be used to estimate k. Then, we use the MDL criterion
proposed above (recall that w = wew,):

(c/(k\), qS) =arg min {—logp(Ijcx), ¢) + klogw} .
C(k)yqs



This minimization can, as above, be rearranged into

k = arg min{k logw— max {|ng(I|C(k),¢)}} . (12
k ¢vc(k)

however, unlikein the fitting problem above, theinner max-

imization can not be split into nested maximizations with

respect to c(x) and ¢. By now, let us simply denote the

result, which isafunction of £ and I, as G(I, k); then

E:argnlin{klogw—G(I,k)}. (13)

5. Algorithms
5.1. Solving for ¢, with fixed & and ¢

Our first building block is the implementation of thein-
ner maximization in Eq. (12) for fixed & and ¢. The
maximization w.r.t. ¢ can be rewritten as a constrained
maximization with respect to v,

max {logp(Tleqs), )} = max  {logp(Tlv, ¢)},
(k) ver (B)

where R (Byx)) is the range space of By, which means
that the search is constrained to contoursthat can be written
asv = Bycqp, for some ¢y. To solve it, we use the
gradient projection method [16]. Of course, being an ascent
algorithm, it may be stuck in local maxima; however, the
experimental results show that thisis seldom aproblemwith
the adopted region-based model. Formally:

Algorithm 1

Inputs: k, ¢, and an initial valid contour v(9€ R (B ).
Output: acontour estimate ve R(Byy)).

Initialization: Build B ), computeB(Lk), letn = 0.

Step 1: Computeasmall stepinthedirection of thegradient
with respect to the contour

bv=c¢ sgn(V (logp(Ilv, ¢)) ‘v—@(n)) (19
sgn is a coordinate-wise vector sign function.

Step 2: Project dv onto R (By)), and update the contour
estimate as

vt = 30 4 B ov. (15)
Step 3: 1f ||Vt -5V || < o, stop, output v = v +Y); if
not, increment n, go back to Step 1.

Since the coordinates are (integer) pixel locations, the
gradient in Step 1 is approximated by discrete differences.
Itis possible to show that this gradient is aways normal to
the contour [26]. Parameter £ should be kept small to avoid
instabilitiesnear the minima (in the examples ahead, ¢ = 1,
although variable step methods can be devised).

5.2. Solving for ¢ and ¢, with fixed %

Here, we use an iterative estimation/maximization
scheme having Algorithm 1 as one of its steps. Although
conceptually related to the expectation-maximization (EM)
algorithm [6], itisnot an EM algorithm.

Algorithm 2

Inputs: &, and an initial valid contour v(9€ R (B y)).
Outputs: estimates ¢ and v

Initialization: Let ¢ = 0.

Step 1: Given v(@), compute the ML estimate $(q) =
[(75: ;—11) Esgﬁt] according to

$in= argmex
n

II rUailéin) p: (16)

(i,)eT (V@)
an equivalent expression yields asgﬁt.

Step 2: Run Algorithm 1, providing k&, Js(q), and v(9) as
inputs. The output is an updated contour estimate
v(e+D (whichisstill inR(B (x))).

Step 3: If [¥(+0—9(4)| < 3, stopand output =
and v = v(4+1); else, increment g, returnto Step 1.

The exact form of Eq. (16) depends on theimage model.
In the experiments reported below, we use Gaussian distri-
butions which, together with the independence assumption,
lead to simple and computationally attractive estimates.

Finally, from Egs. (12) and (13), G(I, k) =logp(I|v, ES),
with the a& and v provided by Algorithm 2. Its particular
form depends on the image model; in the Gaussian case,

Nj -5 N, -3
—G(Ik) = = logot(k, 1) + 5 log out(k, )
where Nijp and Nyt are, respectively, the number of image

pixelsinside and outside the estimated contour.
5.3. Solving with respect to k

The complete scheme simply proceeds as follows. For
each k in agiven set {kmin, ...kmax}, run Algorithm 2 us-
ing each obtained contour estimate to initialize the next
run (of course, an initial estimate is needed for the first
run) and storing the output estimates. From these, compute
(klogw —G(I, k)) for each k&, find the minimum, and select
the corresponding contour and parameter estimates.



6. Experiments

The first two examples (Figs. 5-8) use syntheticimages.
InFig. Stheregionshaveequa variance (cin = ooyt = 60),
but different mean (uin = 80, uout = 180), whilein Fig.
7 they have equal mean (uin = poyt = 120) and different
variance (oin = 40, poyt = 120). The description lengths
(minimafor £ = 12 and & = 10, respectively) are plottedin
Fig. 8. Theparameter estimatesare: for Fig. 5, 7iin=80.89,
tout = 179.49, 7in = 61.05, ooyt = 60.44; for Fig. 7,
1in=120.35, jigyt = 119.72, 5in = 41.23, 5oyt = 119.21.

Figure 5. Synthetic image and estimated con-
tour (initialization is shown by broken curve).
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Figure 6. Evolution of the estimated shape
(Fig. 5),fork=4,k=7,k=9,and k = k = 12.

The final examples consider three medical images: two
MRI’s (Figs. 9 an 10) and an intracoronary echographic
image (Fig. 11). Note how the estimates are unaffected by
thefact that theinitial contoursare near high-gradient areas.

We stress that the only user intervention is contour ini-
tialization which, as the examples show, is not critical,;
of course, for particular applications, ad hoc initialization
methods have to be devised. Finally, we mention that the
resultswere obtained withaM ATL AB implementation; run-
ning times are from 1 to 5 min. (on a Sun SPARC 20).
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Figure 7. Synthetic image and estimated con-
tour (initialization is shown by broken curve).
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Figure 8. Evolutions of the description
lengths for the examples of Figs. 5and 7.

7. Concluding remarks

We have introduced a new approach to unsupervised
smooth contour estimation based on anew adaptive B-spline
representation. All the parameters governing the involved
models (contour and image) are considered unknown and
estimated from the data. Examples were presented, us-
ing synthetic and medical ultrasound images, showing the
ability of the proposed method to estimate contours in an
unsupervised manner, i.e. adapting to unknown shapes and
observation parameters. |nthe case of the synthetic images,
the good match between the estimated and the known true
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Figure 9. Heart MR image (E = 10).
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Figure 10. Brain MR image (@ =9).
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Figure 11. Intracoronary echo image @ = 13).
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parameterstestifiesto the good performanceof theapproach.
Futurework will consider more elaborate region models
(e.g., different textures); the proposed formulation supports
any image model with, of course, the corresponding im-
pact on Egs. (14) and (16). Adaptive non-uniform knot
placement is aso a goal which we are currently pursuing.
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