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Abstract - Splines can be used to approximate noisy data with a
few control points. This paper presents a new curve matching
method for deformable shapes using two-dimensional splines. In
contrast to the residual error criterion [7], which is based on
relative locations of corresponding knot points such that is
reliable primarily for dense point sets, we use deformation
energy of thin-plate-spline mapping between sparse knot points
and normalized local curvature information. This method has
been tested successfully for the detection and recognition of
deformable shapes.

I. INTRODUCTION

Curve matching is one of the fundamental tasks in
computer vision and has been used to detect and recognize
two- or three-dimensional (2D or 3D) objects [22]. Because
of its importance, several approaches have been proposed in
pursuit of finding an efficient and general curve-matching
algorithm  [3,10,14,15,16,17,21]. The detection and
recognition of non-rigid, deformable curves (or shapes) are
particularly well suited to curve-matching methods [5,12,17],
and active contour models [18] called “snakes’ have been
popular for over a decade for modeling and detecting
deformable curves in a plane. Among them, B-spline snakes
[19] have good potential to be extended into computer-aided
geometric modeling and database query. In contrast to their
utility for detection purposes, however, B-spline curve
representations have rarely been used for curve recognition
mainly because of the non-uniqueness of spline parameters
[9].

Addressing this non-uniqueness in their pioneering work,
Cohen et al. [7] used B-spline knot-point matching for curve
classification and recognition. In order to account for affine
invariance, they estimated the underlying affine
transformation between two curve representations by utilizing
moment invariants, and aligned the curves by undoing the
transformation [16]. A similar approach is presented in [15],
in which both affine-invariant features and B-spline object
curves are used for coarse-to-fine matching. However, both
approaches have dealt only with affine transformed objects,
still leaving in doubt their capability to deal adequately with
deformable objects. Furthermore, these approaches used
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oversampled spline knot points and/or other features to
minimize negative effects due to point mismatches.

Motivated by the need to develop a general (especially B-
spline based) curve matching algorithm that works on affine
transformed objects, as well as on deformable objects, we
present a new approach that incorporates deformable
mapping and geometric characteristics (strain energy) of
spline curves. Our approach operates with small knot sets,
and avoids the need for oversampling. A thin plate spline
(TPS) model [4] is used in order to extract the deformable
mapping parameters between two sets of corresponding
points determined by a match matrix method [10] combined
with deterministic annealing. Similar point correspondence
problems are addressed in [1,6]. A major difference of our
point-correspondence method compared to others is that,
when constructing the match matrix, geometric information
of curves isincorporated at accompanying points in addition
to distances. The result isthat good matching results are often
obtained even with sparse point sets.

Based on the point correspondences that are found, strain
energy is calculated to evaluate dissimilarity for each
corresponding pair of curve segments. Strain energy is often
used as an internal constraint of snakes [18]. Here, however,
a mean strain energy is used, which is normalized according
to arc length. Along with the deformation energy that is
computed when the point correspondence is considered, the
strain energy is incorporated into our cost function for curve
matching.

Section 2 overviews spline curve representation and
estimation, especially for closed curves, and section 3
addresses point correspondence problem and deformation
energy. A new matching cost function is formulated in
section 4, and demonstrations of the method are presented in
section 5. Section 6 concludes the paper.

I1. B-SPLINE CURVE ESTIMATION

As a widely used function approximation tool, splines
have been extensively used in computer aided geometric
design and computer graphics. They have also proven to be
useful for curve representation in computer vision and image
analysis applications [2,13,15].

1808



A. B-Spline Representation of Curves

Given a set of knots {t, <t, <--- <t } Oft,,t,]J R, ann-
degree B-spline function N”*l(t) over [t,,t,+n+1] is defmed
with the concept of divided difference[9],

Nin+1(t):(ti+n+l i _: I+] _t /|—|n+1 i+] |H (1)

where (x-c)" has value (x-c)" if x=c, and is otherwise
0. The set of B-splines, denoted {N”*l(t) g have
following properties: positive for al t, local support, and
partition of the unity property. The B-splines are C™*
continuous at the knots, and any C** planar curves f(t) over
[t,,t,_,] hasaunique representation
g-n-1

fe) =[x y)] = Z N, tOlt, .1, (D
where ¢, =[¢* ¢’] are now points in 2D, caled control
points.

To describe closed curves, Flickner et a. [13] have
constructed a periodic spline basis by extending the knot
sequence, {t}7_., with § =t ., and accordingly the basis
functions by

n+1 n+
t)= Z N/ (©) ©)
j=—c
where N, (1) = N"(t-g(t, —t,)) . The basis dill satisfies
the above properties. A closed spline curve is then
represented as

&t _n
f) =[xt yt)] =X cNi (), tOR. (4
i=0
B. Least-Sguares Spline Curve Fitting
Given a periodic set of knots {f, <f, <- t,- f .}, aleast-

squares spline fit f of N data points should minimize
J=|v-Ed, ©)

where c is a gx2 coefficient vector of control points, and E is
a Imearly independent Nxg matrix with whose element is
E” =Nj (). The vector v is a representation of the data

points and is given by
X(ty_) T
N-1 :| (6)

v=[xy] :{X(t")
y(t) Y(ty-1)

with its parameterization t =t, +i(t, —t,)/N . Usualy the
number of data points is much greater than the number of
knots. Here, the parameterization t; is obtained by the
uniform (equidistant) parameterization under the assumption
of completely connected boundary data. However, a chord
length parameterization method [11] is used in practical
situation to cope with the cases that some boundary points are
missing, because it preserves the geometry of data points.

Then, the least-squares solution of (5) to find the
coefficient vector ¢ =[cg,---c;,]" i

&= arg min|v -Ed|’ :(ETE)_l E'v. 7)

Consequently, the fitted spline curve corresponding to the
estimated control pointsisgivenby f =[X y] =EC

Determining the number of knots and their locations,
known as the free-knot problem, is a much harder problem to
which there currently exists no general optimal solution,
though there are several proposed practical techniques.
Recent research has addressed this problem from a statistical
point of view [8,12].

For the simplicity of the implementation, a practica
technique is adopted, by which the number of knots is
iteratively increased based on fitting error calculation.
Starting with a minimum number of uniformly distributed
knots, anew knot isinserted in every iteration until the fitting
error tolerance is satisfied. Knot location is determined by
selecting a point that causes maximum fitting error.
Hausdorff distance between v and f is used for the error
calculation. One constraint used in locating knots is to avoid
both multiple or extremely close knots that may disrupt
smoothness of the fitted spline curves. Figure 1 shows
examples of spline curve fitting. With a few knot points, the
splines approximate object boundaries to a given error
bound. Only cubic splines (n = 3) is considered throughout
the paper.

1. SPARSE KNOT POINTS CORRESPONDENCE

Finding point correspondence is a fundamental task in
curve matching and recognition. It is particularly difficult
when deformable shapes are involved, and becomes even
worse if the point sets are sparse. As a small number of knots
leads to reasonable spline approximation of object
boundaries, the paper considers a point-correspondence
problem for sparse knot points of spline curves.

A. Point Correspondence

The general point correspondence problem is to find a
match matrix M between two point sets, A and B, such that a
cost function, consisted of a shape distance and a cost for
outliers, is minimized. Outliers are points with no
correspondence. Sets A and B may have different numbers of
points, i.e, A={A}}, and B={B},, , and the match
matrix M ={M,}}% is defined as follows

1
M, = 0

Typically, the shape distance d,, (A B) isdefined as

d, (A )ﬁii d(A.B),  @®

=1k

if point A, corresponds to point B,
otherwise

where | M | is the number of 1'sin M. In this paper, the cost
of outliers is ignored if the matched points outnumber a
minimum required number of pair.
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@ (b) (©
Figure 1. B-spline boundary representations for two affine-related
objects (a-b) and a severely deformed object (c). Squares represent
control points and small circles indicate knot points.

B. Corresponding Sparse Knots

Unfortunately, a B-spline curve is not uniquely described
by a single set of control points. That is, with each different
choice for the placement of the knot points, a different set of
control points can be induced, but still describe the same
curve. Thus, the direct comparison between their control
points or knots is not appropriate for curve matching.
Furthermore, in practical situations a few control points can
represent outlines of most smooth objects, resulting in a small
knot set that worsens the matching problem. To overcome
this drawback in spline curve matching, and to apply direct
comparison method, a careful rearrangement of knot position
has been applied [16]. In this paper, the knot correspondence
is formulated as a point correspondence problem with the
match matrix having elements assigned as

M =exp(—d2(Aj,Bk)/T ~(xt _KkB)z) ©)

where a temperature variable T is used for deterministic
annealing, which is described later section. The s/mboIS/(jA
and &, represent curvature of spline curves f,(t) and f(s)
at knot position j and k, respectively, and are defined as

==l )

Equation (9) incorporates both Euclidean distance and
curvature at knot points, by which two geometrically
different points would not match only because they are
spatially close. This is similar to the “softassign” method in
[20], but instead each elementm,, is discretized making the
match matrix comply with the definition in previous section.

C. Thin Plate Spline Deformation Energy

The thin plate spline (TPS) is a commonly used basis
function for representing coordinate mappings from a point
set  {v,=(x,y)}., to its corresponding points
{vi =(X,¥)}2, [4]. Here, the locations (x,y,) must be all
different and are not collinear. Then, the TPS interpolant
f (X, y) minimizesthe bending energy

I, :jﬁw(f;-+2f§ +12 ) dxdy (11)

and has the form
f(xy)=a +ax+ay+>wu ([(x.%) -(xy)]) @2
i=1

where U(r) =r?logr , and TPS coefficients ay, ay, ay, and w;
are 2x1 column vectors. Together with the interpolation
conditions, f(x,Y,)=(X,Y.), and other constraints on w;'s,
thisyields alinear system for the TPS coefficients:

L{WM}:{V'PXZ} L:{K pxp prs} (13)
;. 03,0 PsTxp Osxa

where K, =U(ll(%, ) =(X;,y;) ) , the ith row of P is
(Lx,y), a=[a, a, a,]", O and o are zeros matrices, w
and v' are formed from w; and v; , respectively. The
subscripts indicate size of matrices. Then, the L is

nonsingular, and the bending energy, sometimes called
deformation energy, is proportional to

I, Ow'Kw . (14)

When noise is present between the corresponding points,
the exact interpolation condition is relaxed by introducing a
regularization parameter A, and the minimization problem is
given

ﬂﬂzé@ﬁfﬁmnﬁﬁh- (15)

The A controls the amount of smoothing; the limiting case of
A =0 reduces to exact interpolation. The regularized case
can be solved by simply replacing the matrix K by K + Al ,
where | is the pxp identity matrix [23]. Since the
regularization parameter A is dependent on object scale, the
size of objects is normalized to have maximum length of 1
andset A to 1.

One drawback of the TPS mode is that its solution
requires the inversion of a large, dense matrix of size
(p+3)x(pt+3), where p is the number of pointsin the data set.
However, the proposed curve-matching algorithm performs
the correspondence search only for spline knot points, which
is a small set compared to the number of data points. This
means that the size of matrix L can be much smaller than
typical cases.

D. Deterministic Annealing Method

TPS has been aso used for point correspondence
problems of non-rigid objects [1,6]. A popular technique in
solving such a non-rigid problem is to use deterministic
annealing method. At a given high value of temperature T,
the match matrix is extracted by the equation (9). At this
stage, the correspondence mostly depends on geometric
information of object boundaries. Then, the TPS parameters
are estimate based on the match matrix, and knot points are
warped by the equation (12). As the temperature reduces, by
which the correspondence becomes more relying on physical
distance, the above procedure is repeated until M converges.
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Figure 2. Example of sparse knot correspondence.

Figure 2 shows an example for knot correspondence.
Object A is the same as in Figure 1a, and object B is an
affine transformed version of one in Figure 1b. Affine
parameters are estimated by the means presented in [16].
Figure 2c shows the resulting knot correspondence. Outliers
are depicted as open circles and squares.

V. COST FUNCTION AND MATCHING

Match matrix M estimated in the previous section gives us
one-to-one correspondence between two sets of knot points
of B-spline curves. Let f,(t) be a p-knot periodic B-spline
representation of curve A with knots {t;}_,, and letf,(s) be
asimilar representation of a curve B, having r knots {s},.; -
Sets of knot points for each curve are calculated at each knot
location and represented as {A = (x Y, )} and
{B, =(x2,y)}., - Then, the match matrix M repreeents the
correspondence of a group of pointsin {A}?_, to agroup of
pomts in {B.}.. oo yielding new ordered knot locations:
{t}2, and {S}{,, so that intervals [t;,t.,) and [s],S.,)
represent matching portions in curve f,(t) and f,(s) ,
respectively.

A matching cost function between curve A and B, (A, B),
is a sum of total deformation energy, &,(A,B), and strain
difference, &,(A, B), and defined as

£(AB)=£,(AB) +&,(AB)
{d(A’ B) :ZI:WTK|W| (16)

£(AB) =1L (11 (c (0) dt = () o)
where
a_ (DY s _ (DY
'u _t|+1 t 'u _$+1_$

The total deformation energy penalizes high deformation
when the curve A deforms onto the curve B. The deformation
energy is calculated when searching the point correspondence
as described in section Ill. If the deterministic annealing
repeats | times, the total deformation energy is the sum of
each deformation. The drain difference measures the
geometric dissimilarity between two curves by the squared
sum of difference of strain energy. For each portion, mean
strain energy is used as the dissimilarity measure. Here,
t,,=t and s,,, =5 . A specid care is required when

t, Ot t.,) or s, 0[s,S,,) for k=1.--,p". Convexity of
curve segments is reflected in the parameters C* and C?,
having O for convex and 1 for concave. The overal
procedure is as follows:
1. Perform contour extraction from an image.
2. Fit periodic B-spline curve to the contour points.
3. Find corresponding knots between the extracted B-spline
curve and a stored model.
4. Calculate the matching cost.
5. Repeat steps 3 and 4 for each stored model, and
determine amodel having the least cost (best match).

V. EXPERIMENTAL RESULTS

The proposed curve matching method has been tested
successfully with three different datasets. First, a set of ivy
leaves was arbitrarily affine transformed and then dightly
deformed as shown in Figure 3. The outlines of the original
|leaves are depicted in the second row, and the outlines of the
resulting deformed objects are shown in the next three rows.
Origina leaves are labeled L1 to L6, and the deformed
objects are labeled D1 to D3. This dataset is used to measure
the shape matching capability of the proposed method.

Matching costs defined in equation (16) are calculated for
the dataset and summarized in Table 1. The first six columns
of the table show matching costs between leaves, and the next
three columns show matching costs between the originals and
their deformed versions. The values in the table correspond
to strain energy difference &, deformation energy &,, and
total cost &(L,,L;), respectively. A, is set to 100 for all
experiments presented here. The table shows that different
shapes have high ¢, and/or &,, resulting in high total cost.
The leaf pairs L1-L6, L2-L4, and L3-L5, however, are quite
similar in shape and their matching costs are relatively low
compared with other pairs. Meanwhile, the matching costs
between an origina leaf and its deformed outlines are
noticeably low. This demonstrates the ability of the algorithm
to recognize deformed shapes, by matching each one to its
original.

The matching agorithm, which requires point
correspondences between sparsely distributed spline knot
points, relies substantially on initial alignment of two objects
to be matched. One means of achieving initia alignment is
with an affine parameter estimator that uses moments
calculated from spline curves [16]. However, it has been
experienced that the estimator is sensitive to noise and often
comes up with poor results, especialy for heavily
transformed objects. To improve the capability of the same
estimator, an initial rough alignment is provided by using the
multilevel approximation capability of spline curves [15].
Since the incremental knot insertion method is used, the
initial approximation curves resemble ellipses and shows
global trends of object boundaries. Figures 4a and 4b show
the fine (solid) and the coarse (dotted) spline approximations
of L4 and its D1 form. Geometric relations such as rotation
and scaling can be obtained by eigenanalysis of afew points
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Figure 3. lvy leaves dataset. The origina leaves (L1 to L6) are
affine transformed and then deformed to form D1 to D3. Scales of
deformed objects are normalized for display purpose.

Table 1. Each cell shows matching cost. &, &, and &(L;,L.).
A, isset to 100.

L1 L2 L3 L4 L5 L6 D1 D2 D3
150 | 299 | 359 | 232 | 093 | 049 | 0.37 | 0.44

L1j O 106 | 092 | 0.76 | 0.90 | 0.40 | 041 | 0.71 | 0.63
256 | 391 | 435 | 322 | 1.33 | 0.90 | 1.08 | 1.07

1.40 109 | 044 | 15 | 131 | 032 | 0.37 | 0.33

L2 117 0 151 | 066 | 1.79 | 0.75 | 0.67 | 0.54 | 0.30
2.57 260 | 110 | 335 | 206 | 0.99 | 0.91 | 0.63
3.70 | 1.22 220 | 081 | 540 | 0.19 | 0.09 | 0.26

L3| 0.68 | 0.87 0 072 | 0.76 | 0.95 | 0.23 | 0.33 | 0.51
4.38 | 2.09 292 | 157 | 635 | 042 | 042 | 0.77
3.36 | 1.83 | 251 300 | 236 | 047 | 0.21 | 0.43

L4| 097 | 0.09 | 0.69 0 077 | 055 | 0.61 | 0.89 | 0.46
433 | 1.92 | 3.20 3.77 | 291 | 1.08 | 1.10 | 0.89
187 | 236 | 0.87 | 2.46 305 | 016 | 0.36 | 0.12

L5| 0.77 | 0.22 | 0.73 | 0.30 0 054 | 056 | 033 | 0.17
2.64 | 258 | 1.60 | 2.76 359 | 0.72 | 069 | 0.29
120 | 222 | 429 | 2.66 | 4.13 046 | 051 | 0.57

L6| 0.79 | 0.76 | 1.58 | 0.90 | 1.00 0 0.62 | 055 | 0.61
1.99 | 298 | 587 | 356 | 513 1.08 | 1.06 | 1.18

sampled from the two coarse approximations. The finer-scale
spline fit of D1 is rotated and scaled, and the result is shown
in Figure 4c. With the rough alignment, affine parameters are
estimated based on the method described in [15]. Figure 4d
shows the final alignment. The figure also shows the knot
correspondence with labels. Note that the correspondence
does not solely depend on Euclidean distance and that instead
curvature information leads to correct point matching.

The next experiment shows that the spline curve matching
method is capable of model-based shape detection. For this
experiment, an image that contains different shapes of blob as
shown in Figure 5a is used. Let the spline curve depicted in
Figure 5b be a model for matching. The model is simply a
spline approximation of typical shape of interest, and
contains a few knot points. Each blob is segmented from the
image and its boundary is approximated with a spline curve.
Matching results for selected blobs that are numbered in the
image are shown in Figure 5c. Blobs numbered from B1 to
B6 are correctly detected as matches to the model,

(@ L4 (b) D1 of L4
(c) Transformed (d) Knot correspondence
Figure 4. Alignment and point correspondence.
" P 0 [ ] 3 ¢
.. * .‘? 9 *, i
0959 LS
FEY . 8% ¢ J
300 o’ ot
SOME R B -
(a) Blob image (b) A blob model

Bl B2 B3 B4 B5 B6 B7 B8 B9

032 | 038 | 022 | 023 | 007 | 013 | 145 | 192 | 0.96
021 | 043 | 044 | 017 | 011 | 006 | 059 | 013 | 0.32
054 | 081 | 066 | 040 | 0.18 | 0.19 | 2.04 | 2.05 | 1.28

(c) Matching cost
Figure 5. Model-based shape detection.

while the others have high matching costs. Blob B2 has a
relatively high cost compared to other detected ones due to
its dlightly displaced indentations.

The last experiment demonstrates the ability of the
proposed curve matching method to classify tree outlines.
This is often performed manually as a means of evaluating
the state of a tree’s health. A reliable curve matching system
could be used in tree health monitoring system. Tree outline
models are depicted with their labels in the first two rows in
Figure 6. Input tree images are segmented, and outlines are
obtained automatically through spline fits by interpolating
local convex points. Then the curve matching method is
applied to determine which model outline is the best fit to
each extracted tree outline. In the figure, tree outlines are
represented with solid lines, and corresponding best-fit
models are denoted with dotted line. It can be seen that
appropriate outline models can be selected by using this
matching method.

V1. CONCLUSION

This paper has presented a new curve matching method
using sparse spline knot points. Corresponding knot points
are first detected automatically. The system then calculates
deformation energy and strain differences of the spline
approximations. Despite sparse distributions of knot points,
the experimental results show that the method is promising
for shape detection and recognition. Because only a few knot
points are used in the matching process, the algorithm is fast
and is applicable to real-time tasks such as target detection,
industrial robot vision, etc.
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Figure 6. Model-based tree outline classification.
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