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Abstract. This paper presents an algorithm for computing stability of
top-points in scale-space. The potential usefulness of top-points in scale-
space has already been shown for a number of applications, such as image
reconstruction and image retrieval. In order to improve results only reli-
able top-points should be used. The algorithm is based on perturbation
theory and noise propagation.

1 Introduction

Top-points have been shown to provide a sparse representation of an image
that can potentially be used for image matching and image reconstruction [I].
To get rid of unstable top-points that may deteriorate performance, we derive a
stability measure, which reflects the variance of top-point displacements induced
by additive noise perturbation of given variance.

A top-point is an isolated point in scale-space where both gradient and Hes-
sian determinant vanish. We consider only generic top-points [2]. Adding noise to
the image leads to large displacements for some top-points and hardly noticeable
displacements for others. In Sect. 2 we describe how to compute the dislocation
of a top-point for each noise realization by using a perturbation approach. In
order to obtain a realization-independent quantity, the variances of top-point
displacement as a function of noise variances and image derivatives are derived
in Sect. 3.

The variances of top-point displacement along coordinate directions are de-
pendent on the coordinate system. In Sect. 4 invariants under Euclidean coordi-
nate transformation are introduced.

We conclude the paper by experimental verification (Sect. 5). Experiments
confirm our theoretical predictions. Thus we have obtained an operational cri-
terion for distinguishing between stable and unstable top points.

2 Top-Points

Top-points of scale-space image representation u(x,y,t) are defined by the fol-
lowing system of equations:
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Uz =0,
uy = 0, , (1)
UggUyy = Ugy,-

Our scale parametrization convention is such that u satisfies the following heat
equation:
Up = Ugg + Uyy- (2)

One idea of the “deep structure” rationale is to use information about top-points
for different applications, for instance image matching and reconstruction. In or-
der to get reliable results, the top-points, used by the algorithm, should be stable.
Therefore the criterion of stability for top-points should be considered first.

Suppose (xg,Yo,t0) is a top-point for a fiducial scale-space image u. The
stability of the top-point can be defined by measuring the distance over which
the point moves after adding noise to the image.

Note that top-points are generic entities in scale space, thus cannot vanish
or appear when the image is only slightly perturbed. Throughout we will as-
sume that the noise variance is “sufficiently small” in the sense that the induced
dislocation of the top-point can be investigated by means of a perturbation ap-
proach. For a given image u we consider its perturbations v under additive noise,
i.e. v = u+ N, in which N denotes the noise function. If (zg,yo,%o) denotes a
top-point in u, then due to noise perturbation it will move to some neighboring
location (xo+&,y0+n,to+7) in v. By using Taylor expansion, the displacement
(&,m,7) of the top-point (xg,yo,to) can be computed as

£, [ e
n|=-M [detH} ’ (3)
-
where
Hw
M (@)
g=Vv, H=Vg, w=0;g, z=VdetH, ¢ = d;detH. (5)

with all derivatives taken in the point (zg, yo,t0). For a derivation we refer to [3].
Explicit expressions of &, 7 and 7 in terms of image derivatives can be found
in Appendix A.

3 Noise Propagation

In this section, the rules are discussed for the determination of the precision or
reliability of a compound “measurement” f in terms of the precision of each
constituent ;. This subject is known as the propagation of errors [7].

Suppose that the derived property f is related to the measured properties
Z1, ..., Tn by the functional relation

f=flre,...,zpn) (6)
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The function is assumed to be sufficiently regular.
Suppose that all z1, ..., z, are random and possibly correlated between each
other. The propagation of the variance of f can be approximated as

(f(@1,. @) = f(E1ye ey Tn Zzaf af (i), (7)

Ox; Ox;
=1 j=1 v J

where all derivatives are calculated for the mean vector (Z1,...,...Zy).

3.1 Noise Propagation for Top-Point Displacement

In our case the random variables (x1,...,x,) are the noise derivatives
(Ng, Ny, Ngg, ..., Nyyyy). The computed “measurement” f is a vector of dis-
placements [E(Nay oy Nyyyy )s 1 Nas o+, Nyyyy )s T( Ny < <« Nyyyy)]T in scale-space.
The mean vector (Ny,...,N,) is zero, therefore the mean displacement is
zero as well _ _ B
3 E(N1,..., Np) 0
n|=|n{N,....Na) | = [0]. (8)
T 7(Ny,...,Np) 0

Therefore the variance of the displacement vector equals the second order mo-
mentum of the displacement, [(¢2), (n?), (2)]7.

For simplicity, consider the variance in z direction (£2) only. Similar equations
hold for (n?) and (72).

Since the actual image v is obtained by adding noise N to the fiducial image
u, i.e. v =u + N, for every i we have

96 0¢

therefore () can be rewritten as

Zz;"j 2 (NN (10)

=1 j=1

N; (v;) is short notation for a partial derivative of the noise (image) function.
More specifically the numerator of the expression for the displacement £ (recall
Appendix A) is a polynomial of v, ..., vyyy,, which can be represented as

Ve B (Vg oo Oyyyy) T 0y GV, Vyyyy) + (U?cy — Vg Uyy ) H (Vzy -+, Vyyyy)- (11)

From this representation it is easy to see that derivatives of ([Il) with respect to
to third and higher order image derivatives taken in the mean point vanish since

. . 2 _ .2 _
Vr = Uy =0, vy =uy =0, Uy — VgaUyy = Uy — Ugglyy = 0, (12)

Y

in the respective top-point of w and v, recall ().

Therefore, the sum (I0) contains terms with derivatives with respect to
Vg, Uy, Uza, Vay, Vyy ONly. Hence in order to get the final expression for the variance
we only need to compute the mutual correlations of noise derivatives
Nz, Ny, Nyg, Nyy, Nyy. Higher order noise derivatives play no role.
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Table 1. Some values of Q. (@Q»=0 if n is odd)

n| 0|24 6
Q.11 3] 15

3.2 Noise Which Is Uncorrelated Between Neighboring Pixels

2 _ . . .
The momentum My, .. . . =< Ny, m,Nn,n, > of Gaussian derivatives of

correlated noise in case the spatial noise correlation distance 7 is much smaller
than scale ¢ is given by [10]

- 1 2 (Mma+my+ng+ny)
2 2
Mmmm?/vnmv”y =< N7 > (?t) <4t> QmT+nT meJF"y (]‘3)
Let us take the correlation kernel with one pixel width, therefore 7 = 1/2. In
this case Gaussian derivatives of the first and the second order have the following
correlation matrix:

4t 0 000
0 419000 | o
C=((NilN;j))iz =10 0 301 | Z—g, (14)
0 0 o010 | (40
0 0 103
where (N1,...,N5) = (Ng, Ny, Nuz, Nay, Nyy ).

4 Invariants

The variances (£2) and (n?) are not rotationally invariant, as they depend on the
choice of Cartesian coordinate axes. By rotation we get variances as functions

of angle ¢, (€%)(¢0) and (n*)(¢).
After some simplifications the rotated variances can be written as

(€%) = (Asin® o + Bsingcos ¢ + C)/D,

(n*) = (Acos? ¢ — Bsinpcosyp + C)/D, (15)

where A, B, C and D are functions of ugg, ..., Uyyyy (for sake of complete-
ness the exact expressions are given in Appendix B). The variance of the total

displacement r = \/QTU2 can be easily computed from (IH])
(r?) = (€%) + (n*) = (A+20)/D. (16)
Therefore (r?) is invariant under rotation, as expected
(€)' +m*) =0, (17)

where prime denotes derivative with respect to angle of rotation. From (I one
can easy see, that if (£2)’ is zero, then (n?)’ is zero as well. This shows, that (£2)
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Fig. 1. Variances of top-point displacements for all top-points projected on the xy-
plane

and (n?) have an extremum under the same rotation of the axes. The extrema
%)

of (¢2) (and (n?)) can be reached by rotation, when
t A+ (4 2 (18)

=tany = — -

X an B B

The extremal variances are

= (€)= X55<,
(19)
Y = () = 5.

X and Y are obviously invariant under rotation and translation.

By rotating the coordinate system we find directions in which the variance is
maximal, respectively minimal (these two directions are orthogonal) and we con-
struct an ellips with principal directions and axes that reflect these extremal
noise variances (Fig [II).

Note, that top-points, in the neighborhood of which there is a lot of structure,
have ellipses with very small radiuses (stable), and top-points in rather flat

! Note, that (@) does not parameterize an ellips. An elliptical “gauge figure” however
is merely used for simplicity.
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locations tend to have large ellipses (unstable) (Fig.[Il). Another invariant is the
variance of 7 (scale instability), the expression of which is given in Appendix B.

5 Experiments

In order to validate the theoretical results numerical experiments have been con-
ducted. Adding noise to the image results in changing top-points coordinates.
Some of them hardly move and others move quite a lot. It is practically impos-
sible by comparing two top-point clouds to tell which top-point of the fiducial
image corresponds to which top-point of the actual image, therefore it is impos-
sible to investigate the stability in a pure experimental way. Instead, we choose
a somewhat different approach, which combines theory and experiments.

For each noise realization N?, where i = 1... K labels the experiments, we
use (B) as a refining algorithm in order to estimate the coordinates of the actual
top-point (z¢ + &, yo + m:,to + 7)), taking the coordinates of the original top-
point (zo,yo,%o) as an initial guess. The experiment consists of K = 500 noise
realizations. Therefore, for original top-point (zg,yo,t0) we compute an array
{(&,m,7) h<i<k of 500 displacements.

The principal directions and maximum and minimum variances for the set
of points, obtained by noise perturbation, have been calculated. In order to find
principal directions, the extremum problem should be solved for the averages

K
<§2>(X) = 1+1X2 Z¢:1(§i + Xm)Q/K,
K
) (X) = 155 Liza (—x& +m)?/K,
where T is a tangent of the angle of rotation. The extreem for both variances
are reached under identical rotations, since the sum (£2)(T) + (n?)(T) does not

depend on .
The extremum corresponds to the angle given by

D S (ki) S,(€ - )\
X=- QZi&m +\/( 2Zifi77i ) L 1)

The variance in this direction is X = (p?)(¥)

(20)

3 K
X = i + an (22)
and in the orthogonal direction
1 K
Y = —— —X& +m)? /K 23
D e (23)

The comparison of theory and the experiments is depicted in Fig. Bl Since
both the theory and the experiments take into account derivatives up to fourth
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Fig. 2. Examples of top-point movements projected on the xy-plane under noise real-
izations (crosses) and theoretical predictions (ellipses). Right column shows zooming
in the neighborhood of the top-point
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Fig. 3. Comparison of experimental and theoretical results. The value of € denotes the
ratio between theoretical and experimental variances, a) - for spatial displacement x
and b) - for scale-displacement er

order, the scale of the top-point should be large enough to obtain reliable results.
The value of € denotes the relative difference between theoretical and experimen-
tal variances in space and scale

<t

X —
X
T-T

ET = = 25
- (25)
Figure [ reveals that the relative difference between theoretical and experi-
mental results is acceptably small for large scales and large for small scales due

to computational errors in derivatives, as expected.

ExX = (24)

6 Results

In this paper we have described an algorithm for computing stability measures
for top-points. The algorithm is based on a perturbation approach and uses
properties of noise propagation in Gaussian scale-space.

Variances of top-point displacements can be computed on the basis of noise
variance and fourth order differential structure at the top-point.

The advantage of this approach is that variances of displacements can be
predicted theoretically on the basis of the local differential structure.

The experiments have shown correspondence between the analytical predic-
tions and practice in cases where the scale of top-point is not too small for
reliably computing fourth order derivatives.

Analytically computed variances can be used for several applications, such
as stability measures and weight measures for top-point based image retrieval
algorithm [I].

Applying the algorithm to problems listed above will be the next step in our
research.
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Appendix A: Displacements Under Noise Perturbation

In this appendix we give expressions for displacements in spatial and scale di-
rections. The refining equations (@) in terms of image derivatives are given by

£ = (02, — veavyy) Vay (Vaay + Vyyy) — Vyy (Ve + Vayy) _

n Y Y Vay (Vawa + Vayy) — Vaz (Vazy + Vyyy)
—2UgyVayy + VyyVoay + ”mvyyy]
QUJ;vawy - Uyyvxww - U;ca:va:yy (26)
(Vyy (Vozae + Voayy) + Vaz (Vaayy + Vyyyy) — 202y (Vezzy + Vayyy))

VyUgy — VaVyyVaVsy — VyUzz

detM

(Vy (Vaza + Vayy) — Vz (Vaay + Vyyy))
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The scale displacement equals

T= (—(v?cy - ”m”yy)2 + vy (QngcyUmy + Uz (VyyVazy + VaaVyyy)—

Vay (3Vz2Vayy + VyyVazz)) + Vs (2Ua2cyvmyy + Vyy (VazVayy + VyyVzazz)— (27)
Vay (3VyyVsay + VaaVyyy)))/det M

In both formulas we have a denominator

detM = (VyyVoay + VaaVyyy — 2VayVayy) Vay (Veze + Vayy) — Vaa (Veay + Vyyy))
+(VyyVzza + VaaVayy — 2VeyVzay) (Vay (Vezy + Vyyy) — Vyy(Vazs + Vayy))+
(Vo Vyy — U?ﬁy)(vﬂf (Vowyy + Vyyyy) + Vyy(Vezes + Vazyy)) — 202y (Vezay + Vayyy))

(28)

Appendix B: Parameters for the Invariant Expressions

A = 3(uzz — uyy)(Uos + “yy)Q(uzz (Uzay + uyyy)2 + (Uzaz

Ftiayy) ((Ueos + Uaoyy)tyy — 2Uay (Uszy + Uyyy))) + 4o (((—2UzayUay
FUzzlizyy + Uzzalyy) (Uzzy + Uyyy) + (Uzzz + Usyy) (—2UsyUsyy + UsoyUyy
FasUyyy) + 2Uzy (2Uay (Uszzy T Usyyy) — (Uazze + Uzzyy) Uyy

— Uz (Uzayy + “yyyy)))2 + 2(—2Uzy (Uazay + Uayyy ) Uyy + (Uzzzz + “wzyy)uzy
—(Uzay + Uyyy) (—2UzyUsyy + UsayUyy + Usallyyy) + uiy(umyy + Uyyyy))

X (= (Uzzz + Usyy) (Usalzyy + Uszatyy) + (Uszy + Uyyy) (UseyUyy + UzaUyyy)
+2Usy (Uzzalzzy — UsyyUyyy) T (—Usz + Uyy) (2Uay (Uszay + Uzyyy)

—(Uszzz + Usayy)Uyy — Uzz (Uazyy + Uyyyy))) + (—(Usze + Usyy) (UsaUoyy
Flagatiyy) + (Usay + Uyyy) (UsayUyy + Usatlyyy) + 2Uey (Usealisay — Usyylyyy)
H(—Uza + Uyy) 2Uay (Uzzzy + Usyyy) — (Uszze T Usayy)Uyy — Yoo (Uzayy
+uyyyy>))2 — 2((—2Ugaylsy + UsaUsyy + Uszalyy) (Uaoay T Uyyy)

+(Uszz + Usyy ) (—2UsyUsyy + UzayUyy T UsaUyyy) + 2Uszy (2Usy (Uszay
Fayyy) — (Uszzz + Usoyy)Uyy — Uz (Usayy + Uyyyy))) ((Uszz + Uayy)

X (—2UgyUsyy + UsayUyy + Uzalyyy) — Yoy (—2Uay (Uszay + Uzyyy)

+(Uzzzz + Uzayy ) Uyy + Uzz (Uzzyy + Uyyyy)))) (29)

B = —6uqy(uze + uyy>2(uww (Uzay + uyyy>2 + (Usoz + Uayy) ((Uazs +
Upyy ) Uyy — 2Usy (Uszy + Uyyy))) + 40 (2(—2usy (Vazay T Uayyy)Uyy +
(Uzgae + “zryy)uzy = (Uzzy + Uyyy) (—2UayUayy + UsayUyy + UsaUyyy) +
Uiy(umyu + Uyyyy)) ((—2UzzyUzy + UzaUayy + Uzzatyy) (Uzay + Uyyy) +
(Uzzae + Uayy) (= 2UasyUayy + UsayUyy + UaaUyyy) + 2Uay (2uay (Uogay +

Uzyyy) — (Uswws + Usayy)Uyy — Usa (Uszyy T Uyyyy))) + 2(—(Uzzat
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Ugyy)) (UzzUayy + Uszaliyy) + (Uszy + Uyyy) (UsayUyy + UseUyyy) +

2y (UpzaUsay — UzyyUyyy) + (—Uzz + Uyy ) (2Uzy (Uzzzy + Usyyy) —

(Uawzz + Uzzyy)Uyy — Usa (Uaayy + Uyyyy))) (Usze + Uayy) (—2UayUayy +
UgayUyy + Usalyyy) — Yoy (—2Usy (Uszay T Usyyy) + (Uszze T Usayy)Uyy +
Uz (Uzayy + Uyyyy))) (30)

C = 3(ugs + Uyy)z(*(umm + Uayy ) Uyy + Uay (Uaay + uyyy))2 +

4to ((—2uzy (Uzzzy + Uzyyy)Uyy + (Uzzzs + Umfyy)uiy + (Uzzy + Uyyy) X
(2Uayliayy — UsayUyy — Usalyyy) + uiy (Uzayy + “yyyy))2 + ((Uzze + Uayy) ¥
(—2UayUayy + UsayUyy + Usalyyy) — Yoy (—2Uay (Uszay + Usyyy) +

(Uzzza + Uzzyy)Uyy + Vo (Uzzyy + Uyyyy)))Q) (31)

D= 8\/%(%1;”%11 + VaaVyyy — 202y Vayy) (Vay (Vazz + Vayy) — Voo (Vsoy+
Vyyy)) + (VyyVszs + VaaVsyy — 2V2yVaay) (Vay (Vazy + Vyyy) — Vyy (Vzze + Uryy())))
32
(12) = 4to((use + Uyy ) (Uyy (BUzgUszyy + umwuyy)2 — QU (BUgpUgyy + Ugzalyy) X
(BUaay Uy + UzaUyyy) + Uza (SUaayUyy + umuyyy)Q))/D
(33)
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