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Abstract

Variational methods belong to the most successful tech-
niques for computing the displacement field in image se-
quences. In this paper we analyse the different terms in the
energy functional and sketch some of our recent contribu-
tions in this area.

1. Introduction

Already in 1981, Horn and Schunck introduced the first
variational method for computing the displacement field
(optic flow) in an image sequence [15]. This method is
based on two assumptions that are characteristic for many
variational optic flow methods: a brightness constancy as-
sumption and a smoothness assumption. These assump-
tions enter a continuous energy functional whose minimiser
yields the desired optic flow field. Performance evalua-
tions such as [5, 11] showed that variational methods be-
long to the better performing techniques. It is thus not sur-
prising that a lot of research has been carried out in order
to improve these techniques even further: These amend-
ments include refined model assumptions with discontiuity-
preserving constraints [2, 10, 13, 21, 22, 25, 30] or spa-
tiotemporal regularisation [6, 20, 31], improved data terms
with modified constraints [3, 9, 21, 26] or nonquadratic pe-
nalisation [6, 14, 18, 29], and efficient multigrid algorithms
[7, 12, 27, 32] for minimising these energy functionals.

The goal of the present paper is to analyse the data term
and the smoothness term in detail and to survey some recent
results on variational optic flow computation in our group.
The paper is organised as follows: In Section 2 we sketch
the general structure of these techniques. While Section 3
analyses the data term in more detail, a discussion of the
different possibilities for smoothness constraints is given in
Section 4. Algorithmic aspects are outlined in Section 5,
and experiments are presented in Section 6.

2. General Structure

Let f(x1,z2,23) denote some scalar-valued image se-
quence, where (x1, x2) is the location and x5 denotes time.
Often f is obtained by preprocessing some initial image se-
quence fy by convolving it with a Gaussian K, of standard
deviation o

f:KU*fO- (1)

Let us assume that D*f describes the set of all par-
tial (spatial and temporal) derivatives of f of or-
der k, and that the optic flow field w(xz1,22,23) =
(uy(x1, 2, 23), u2(x1, 22,23),1) gives the displacement
rate between subsequent frames. In the present paper we
consider variational methods that are based on the minimi-
sation of the continuous energy functional

E(u) = /Q(M(Dkf, u)+a S(Vf,Vu))dz (2)

data term regulariser

where the integration domain €2 is either a spatial or a spa-
tiotemporal domain. In the spatial case we have = :=
(z1,22)" and V := V3 := (0.,,0:,) ", and in the spa-
tiotemporal case we use the notations  := (x,z2,23)"
and V := V3 := (04,,04,,0.,) . The optic flow
field u(z1, 2, x3) is Obtained as a function that minimises
E(u). The energy functional E(u) penalises all devia-
tions from model assumptions. Typically is consists of a
data term M (D* f,u) which expresses e.g. a brightness
constancy assumption, and a regulariser S(V f, Vu) with
Vu := (Vuy, Vuy) T that penalises deviations from (piece-
wise) smoothness. The weight o > 0 serves as regularisa-
tion parameter: Larger values correspond to more simpli-
fied flow fields.

It should be noted that such continuous energy function-
als may be formulated in a rotationally invariant way. Re-
sults from numerical analysis show that consistent discreti-
sations approximate this invariance under rotations arbitrar-
ily well if the sampling is sufficiently fine. Moreover, if



the energy functional is convex, a unique minimiser exists
that can be found in a relatively simple way by globally
convergent algorithms. Variational optic flow methods are
global methods: If there is not sufficient local information,
the data term M (D* f,u) is so small that it is dominated
by the smoothness term a.S(V f, Vu) which fills in infor-
mation from more reliable surrounding locations. Thus, in
contrast to local methods, the filling-in effect of global vari-
ational approaches always yields dense flow fields and no
subsequent interpolation steps are necessary: Everything
is automatically accomplished within a single variational
framework.

3. Data Terms

Many differential methods for optic flow are based on
the assumption that the grey values of image objects in
subsequent frames do not change over time. Thus, if
(x1(x3),z2(x3)) denotes the movement of some image
structure, we obtain the following optic flow constraint
(OFC) by applying the chain rule:

_ df(z1(x3), wo(x3), 3)
dl‘g

0 :fg;lul+fz2u2+fw37 (3)

where f,, := 0, f. Note that the optic flow field satisfies
(u1,u2,1)T = (Ops21,0p,2,1) . In order to use Equa-
tion (3) within the energy functional (2), we penalise all
deviations from zero by using the quadratic data term [15]

My(D' f,u) = (u" V5 [)>. (4)
This term can be modified in several ways:

1. One may assume that the optic flow is constant within
some neighbourhood of order p. This leads to [17]

My(D'f,u) == Kp* (u Vs3f)?).  (5)
This data term offers advantages when noise is present.

2. Higher robustness under noise can also be achieved by
penalising outliers less severely than a quadratic reg-
ulariser does: One may use a penaliser ¥(s?) that is
convex in s and increases less rapidly than quadratic
functions, e.g. the regularised TV penaliser [24]

U(s?) = /g2 + s2. (6)
This modification transforms M; and M5 into

U((u'Vaf)?), ()
V(K + ((u'V3f)%). (8)

M3(D1f7 ’LL) =
M4(D1f, u) =

Instead of imposing constancy of the image brightness f
along the path (z1(x3), x2(x3)), we may impose constancy

of the spatial brightness gradient (f,,, f.,) " along such a
path [28]. This gives two equations:

u' V3 fac1 = 0, (9)
’U,TV3fI2 = 0. (10)

Squaring and adding them produces the data term

2

M5(D?f,u) == (u' Vsfa,)>. (11)

i=1

In a similar way, imposing constancy of the (spatial) Hes-
sian of f gives

2 2

MG(DBfa u) = ZZ(UTV3.]CM$]')27 (12)

i=1 j=1
and constancy of the (spatial) Laplacian As f yields
My(D?f,u) = (u' V5(A2f))*. (13)

There is no general rule which of these data terms should
be preferred. While higher-order derivatives are more sen-
sitive to noise, the data terms M5, Mg and M, may offer
advantages over M; when the brightness is not constant.
On the other hand, M; and M7 are more appropriate than
M5 and Mg when non-translatory motion dominates. Thus
the choice of the “best” data term will always depend on the
specific problem.

4. Smoothness Terms

A taxonomy of the different possibilities to design smooth-
ness constraints has been presented in [30]. It exploits the
connection between regularisation methods and diffusion
filtering: Minimising the energy functional (2) by means of
steepest descend, we obtain a system of diffusion—reaction
equations, where the diffusion term results from the regu-
lariser S(V f, Vu), and the reaction term is induced by the
data term M (DF f,u):

Ouy = 05, Suy,, + OsySus,, — =0, M, (14)
Ouz = 0z, Suy ., + 00,5, ., — 50w M  (15)

where Sy, , - denotes the partial derivative of S with re-
spect to 9 ;u;. The parameter ¢ in this system of partial
differential equations (PDEs) is a pure numerical parameter
that should not be confused with the time x5 of the image
sequence. For t — oo, the steady state of the diffusion—
reaction system is given by the Euler-Lagrange equations

0 = 31-151,111 + 612 S’Uq,mz
0 = a:cl Sugml + 8I2 Su2,12

- éa’UJ M7 (16)
—L1o,M.  (17)



Table 1: Taxonomy of optic flow regularisers (see [30]).

Name of Regulariser S(Vf,Vu)

|Vui|2

M

homogeneous [15]

2
g(IV£1?) 2 Vui|?
2

s
Il
-

image-driven, isotropic [2]

image-driven, anisotropic [21] | >_ Vu/ D(Vf) Vu;
=1
2
flow-driven, isotropic [25] v (Z |Vui|2)
=1
2
flow-driven, anisotropic [30] | tr ¥ (Z VuiVuiT)
=1

They constitute necessary conditions that a minimiser of
E(u) has to satisfy.

Let us now have a closer look at the impact of the reg-
ulariser. The simplest regulariser is the homogeneous reg-
ularisation of Horn and Schunck [15]. This quadratic reg-
ulariser of type S(Vu) = |Vui|? + |Vuz|? penalises all
deviations from smoothness of the flow field. It can be re-
lated to linear diffusion with a constant diffusivity. Thus,
the flow field is blurred in a homogeneous way such that
motion discontinuities may loose sharpness and get dislo-
cated. It is thus not surprising that people have tried to
construct a variety of discontinuity-preserving regularisers.
Depending on the structure of the resulting diffusion term,
we can classify a regulariser S(V f, Vu) as image-driven or
flow-driven, and isotropic or anisotropic.

For image-driven regularisers, .S is not only a function
of the flow gradient Vu but also of the image gradient V f.
This function is chosen in such a way that it respects dis-
continuities in the image data. If only the gradient mag-
nitude |V f| matters, the method is called isotropic. It can
avoid smoothing at image edges. An anisotropic technique
depends also on the direction of V f. Typically it reduces
smoothing across edges of f (i.e. along V f), while smooth-
ing along edges of f is still permitted. Image-driven regu-
larisers can be related to linear diffusion processes.

Flow-driven regularisers take into account discontinu-
ities of the unknown flow field « by preventing smoothing
at or across flow discontinuities. If the resulting diffusion
process uses a scalar-valued diffusivity that only depends
on |[Vu|? := |Vui|? + |Vuz|?, it is an isotropic process.
Cases where also the direction of Vuq and Vuo, matters are
named anisotropic. Flow-driven regularisers lead to nonlin-
ear diffusion processes.

Table 1 gives an overview of the different regularis-
ers. As a rule of thumb, one can expect that flow-driven
regularisers offer advantages over image-driven ones for

FULL MULTIGRID
Heh

Figure 1: Example of a full multigrid implementation for
four levels (from [7]). Starting from a coarse scale the solu-
tion is refined step by step.

highly textured sequences, where the numerous texture
edges create an oversegmentation of the flow field. More-
over, anisotropic methods may give somewhat better results
than isotropic ones, since the latter ones are too “lazy” at
noisy discontinuities. More details can be found in [30].

5. Algorithms

For the numerical minimisation of the energy functional (2),
two strategies are used very frequently:

In the first strategy, one discretises the parabolic
diffusion—reaction system (14), (15) and recovers the op-
tic flow field as the steady-state solution for t — oo. The
simplest numerical scheme would be an explicit (Euler for-
ward) finite difference scheme. More efficient methods
include semi-implicit approaches that offer better stability
properties at the expense of the need to solve linear systems
of equations.

Alternatively, one can directly discretise the elliptic
Euler-Lagrange equations (16), (17). This also requires to
solve large linear or nonlinear systems of equations. Effi-
cient methods for this task include succesive overrelaxation
(SOR) methods, preconditioned conjugate gradient (PCG)
algorithms and multigrid techniques. Figure 1 shows an ex-
ample of a full multigrid cycle with 4 levels. It has been
used in [7, 8] for finding the minimum of a variational ap-
proach with data term Ms and a homogeneous regulariser.
On a 3.06 GHz PC, it was possible to compute up to 40
dense flow fields of size 200 x 200 pixels within a single
second. This shows that computational efficieny is no prob-
lem for variational optic flow methods, when state-of-the-
art numerical methods are used.

It should be noted that for convex energy functionals,
there is no danger that any of these two methods gets
trapped in a local minimum, since only one minimum ex-
ists and the method is globally convergent.

6. Experiments

We start our experiments by evaluating the impact of
the data term. This is done in Table 2 where we



Table 2: Impact of the data term on the quality of the optic
flow field. We used a spatial energy functional with homo-
geneous regularisation, and computed the average angular
error (AAE) for the Yosemite sequence with clouds. The
parameters o and « have been optimised.

Constancy | Data Term | o a | AAE
Brightness My 1.3 | 500 | 7.17°
Gradient Ms 21| 20 | 5.91°
Hessian Mg 2.7 | 1.8 | 6.46°
Laplacian My 25| 3.0 | 6.18°

used the Yosemite sequence with clouds. This syn-
thetic sequence and its ground truth flow field are avail-
able from ftp://csd. uwo. ca under the directory
pub/ vi si on. The experiments in Table 2 show that it
can be worthwhile to replace the commonly used bright-
ness constancy constraint by constraints that involve higher
derivatives.

The influence of the regulariser is studied in Fig-
ure 2, which depicts a zoom into Nagel’s Marble se-
quence (i 21www. i r a. uka. de/ i mage- sequences)
together with the results for five spatial regularisers. As
expected, homogeneous regularisation is fairly blurry, flow-
driven regularisers offer advantages over image-driven ones
in textured regions, and anisotropic regularisers perform
better than isotropic ones.

Figure 3 presents a comparison between spatial and spa-
tiotemporal energy functionals. It demonstrates that the ad-
ditional assumption of temporal smoothness may lead to
significantly improved results.

In Table 3 we juxtapose the angular errors of a number
of optic flow methods. It shows that the spatiotemporal
method in [29] — which combines the data term A, with
an isotropic flow-driven regulariser — is one of the two best
performing algorithms.

7. Summary and Extensions

In this paper we have outlined some basic design principles
for variational optic flow methods, sketched their numeri-
cal implementation and studied their performance. Due to
space limitations, we had to restrict ourselves to some of
the most important features. There are several possibili-
ties to improve the performance of these methods even fur-
ther: One may for instance use non-linearised data terms
[3, 6, 21], multilevel strategies that encourage convergence
towards a global minimiser when nonconvex functionals are
applied [3, 4, 18], and consider more sophisticated function-
als in order to cope with occlusion problems [1, 23]. On
the numerical side, parallelisation strategies can be investi-

v :

Figure 2: (a) Top left: Detail from Frame 16 of the Mar-
ble sequence (128 x 128 pixels). (b) Top right: Optic
flow magnitude for homogeneous regularisation. (¢) Mid-
dle left: Image-driven isotropic regularisation (d) Middle
right: Image-driven anisotropic regularisation. (e) Bottom
left: Flow-driven isotropic regularisation (f) Bottom right:
Flow-driven anisotropic regularisation. From [30].

gated, e.g. domain decomposition methods [16].
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Abstract paper is to close this gap.

To this end we consider a variational method with a non-
We introduce a numerical scheme for the minimisation of |inearised data term. The minimizer of this energy func-
an energy functional for computing optical flow. This func- tional is approximated by a specific numerical method. This
tional combines a brightness constancy assumption, and ascheme provides a novel foundation for the coarse-to-fine
discontinuity-preserving spatio-temporal smoothness con-warping that is commonly used in image sequence anal-
straint. In order to allow for large displacements, lineari- ysis. This has two important effects: Firstly, it becomes
sations in the data term is strictly avoided. The presented possible to integrate the warping technique, which was so
numerical scheme is based on two nested fixed point iter-far only algorithmically motivated, into a variational frame-
ations. By proving that this scheme implements a coarse-work. Secondly, it shows a theoretically sound way of how
to-fine warping strategy, we give a theoretical foundation image correspondence problems can be solved with an effi-
for warping which has been used on a mainly experimental cient multi-resolution technique.
basis so far. The experimental evaluation shows that our method yields

excellent results. Compared to those in the literature, their

. accuracy is always higher.
1 Introduction yis aways g , N
Paper organisation. In the next section, our variational

In the last two decades the quality of optical flow estimation model is described, first by discussing all model assump-
methods has increased dramatically. Starting from the orig-tions, and then in form of an energy based formulation. Sec-
inal approaches of Horn and Schunck [11] as well as Lucastion 3 derives a minimisation scheme for this energy. The
and Kanade [15], many new concepts have been developedheoretical foundation of warping methods as a numerical
for dealing with shortcomings of previous models. In or- approximation step is given in Section 4. An experimen-
der to handle discontinuities in the flow field, the quadratic tal evaluation is presented in Section 5, followed by a brief
regulariser in the Horn and Schunck model was replacedsummary in Section 6.

by smoothness constraints that permit piecewise smooth re-

sults [1, 9, 20, 22, 23]. Some of these ideas are close in spirit C
to methods for joint motion estimation and motion segmen- 2 The Variational Model

tation [10, 18], and to optical flow methods motivated from - L . .
Before deriving a variational formulation for our optical

robust statistics where outliers are penalised less 59V6r9|¥|ow method. we dive an intuitive idea of which constraints
[6, 7]. Spatio-temporal approaches have ameliorated the re-  We d

. : : . . .~ ~in our view should be included in such a model.
sults by using the information of an additional dimension

[19, 6, 24, 10]. e Grey value constancy assumption.

Since image sequences are often undersampled in time di-  Since the beginning of optical flow estimation, it has
rection, large displacements are common. In this case non-  been assumed that the grey value of a pixel is not
linearised models [20, 2] as well as coarse-to-fine strate- changed by the displacement.

gies [3, 7, 17] have been experimentally demonstrated to be
highly useful. Unfortunally — apart from a very nice paper
by Lefébure and Cohen [14] — not many results are available Herel : Q c R? — R denotes a rectangular image se-
that provide a theoretical foundation for this experimentally quence, anav := (u,v, 1) is the searched displace-
successful coarse-to-fine warping strategy. The goal of this ment vector between an image at tihand another

I(x,y,t) = I(x +u,y + v, t+ 1). 1)



image at timeg + 1. The linearised version of the grey sured by the energy
value constancy assumption yields the famous optical

flow constraint [11] Epata(u,v) = / ((I(x+w)—I(x)]*)dx. (3)
Q
Lu+TLoy+1,=0 2) Since with quadratic penalisers, outliers get too much in-

fluence on the estimation, an increasing concave function
where subscripts denote partial derivatives. However, ¥(s*) is applied, leading to a robust energy [7, 16]:
this linearisation is only valid under the assumption
that the image changes linearly along the displace-  EData(u;v) = / U ([I(x+w)—I(x)]*)dx. (4)
ment, which is in general not the case, especially for ¢
large displacements. Therefore, our model will use the We use the function?(s*) = +/s? + €2 which results in
OriginaL non-linearised grey value constancy assump- (I'T]Odlfled)L1 minimisation. Due to the small pOSitiVE con-

tion (1). stante, ¥(s) is still convex which offers advantages in the
minimisation process. Moreover, this choicelofloes not
e Smoothness assumption. introduce any additional parameters, since the small numer-

So far, the model estimates the displacement of a pixelical parametet can be set to a fixed value, say01.

only locally without taking any interaction between Finally, a smoothness term has to describe the model as-
neighbouring pixels into account. Therefore, it runs sumption of a piecewise smooth flow field. This is achieved
into problems as soon as the gradient vanishes someby penalising the total variation of the flow field [21, 8],
where, or if only the flow in normal direction to the Wwhich can be expressed as

gradient can be estimatealerture problem Further-

more, one would expect some outliers in the estimates. Esmootn(u,v) = / U (|Vsul? + |Vsv]?) dx.  (5)
Hence, it is useful to introduce as a further assump- e i

tion the smoothness of the flow field. This smoothness With the same function for as above. ~The spatio-

i o T o
constraint can either be applied solely to the spatial €MPoral gradients := (9,,9,,0;) indicates that a
domain, if there are only two frames available, or to spatio-temporal smoothness assumption is involved. For

the spatio-temporal domain, if the displacements in a application§ with qnly two images available it is replaced
sequence of images are wanted. As the optimal dis-PY the spatial gradient.

placement field will have discontinuities at the bound- '€ total energy is the weighted sum between the data term
aries of objects in the scene, it is sensible to generalise?nd the smoothness term

the smoothness assumption by demandipgaewise E(u,v) = Epata + @ESmooth (6)

smoothflow field. _ o .
with some regularisation parameter> 0. Now the goal is

e Multiscale approach. to find the functions:, andv that minimise this energy.

In the case of displacements that are larger than one

pixel per frame, the cost functional in a variational for- 3  Minimisation
mulation must be expected to be multi-modal, i.e. a

minimisation algorithm could easily be trapped in a 31 Euler—
local minimum. In order to find the global minimum, '

it can be useful to apply multiscale ideas: One starts Since E(u,v) is highly nonlinear, the minimisation is not
with solving a coarse, smoothed version of the prob- trivial. For better readability we define the following abbre-
lem, which may have a unique minimum, hopefully viations:

Lagrange Equations

close to the global minimum of the original problem, I, = O d(x+w),
and uses the result as an initialisation for solving a re- I, = 9,l(x+w), (7)
fined version of the problem. Instead of smoothing the L = I(x+w)—I(x)

problem, i.e. the image sequence, it is more efficient to According to the calculus of variations, a minimiser of (6)
downsample the images respecting the sampling theo-must fulfill the Euler-Lagrange equations
rem, so the model ends up in a multiresolution strategy.

0 = ‘II/(I,?) : (IIIZ)
With this description, it is straightforward to derive an en- —a div (\I/’(|V3u\2 + |V3v|2)V3u) ,
ergy functional that penalises deviations from these model 0 = (%) (I,I.)

assumptions. Lek := (z,y,t)" andw := (u,v,1). NP 9 9
Then the global deviations from the grey value constancy a div (\Ij (IVsul” + |Vsv] )ng)
assumption and the gradient constancy assumption are meawith reflecting boundary conditions.



3.2 Numerical Approximation and the second equation can be expressed in a similar way.
This is still a nonlinear system of equations for a fixedut

now in the unknown increment&.”, dv*. As the only re-
maining nonlinearity is due t&’, and¥ has been chosen to

The preceding Euler-Lagrange equations are nonlinear in
their argumentv = (u,v,1)". A first step towards a linear
systgm of equat|or-15, which can pe solvgd W'th cOmMMON U~y 5 convex function, the remaining optimisation problemis
merical mthods, Is the use pf fixed point iterationsvon a convex problem, i.e. there exists a unique minimum solu-
In order to implement a multiscale approach, necessary totion

better approximate the global optimum of the energy, these, =

. o . . . ._~~In order to remove the remaining nonlinearity W, a
fixed point iterations are combined with a downsampling second, inner, fixed point iteration loop is applied. Let

;t;ategy. Iﬂslteadl ‘?tf the standa(;dhdowtnsamp;qstfactor Of g0 . 0, dv®°% := 0 be our initialisation and let
Y to:] eac OeI/e ’V\;h 'S{ plrlosvosem etr;]a rotruie ” Inra?r/ 0 du®!, dv*! denote the iteration variables at some step
actory € (0,1), what allows smoother transitions from ¢, .y,0more, le(w")%!. and (0')%! . denote the ro-

one scale to the néxt Moreover, the full pyramid of im-
ages is used, starting with the smallest possible image at th
coarsest grid. Lew” = (u* v*, 1)T, k = 0,1,..., with

the initialisationw® = (0,0,1)T at the coarsest grid. Fur-

bustness factor and the diffusivity defined in (9) at itera-
Sion k, I. Then finally thelinear system of equations in
duf 1 gkt reads

. 0 X ) .
Fher, ]etI* bg the %b_brewatlons defined |kn+(17) put with the 0 — (\I}/)Igfna. (If (If 4 IR Izljdka,l-t,-l)
iteration variablew” instead ofw. Thenw*** will be the
solution of — adiv ((\p')’g;;wthvg(uk + duk’”l)) (11)
0= W/({IF)?) - (LI , , : o
div (T (1Tt 112 1 [T 112) Taggh for the first equation. Using standard discretisations for the
—ardiv (W([Vaut T 4 Vot ) Veut ) derivatives, the resulting sparse linear system of equations

/
0 = W/((UIF)?) - (IpIEth) can now be solved with common numerical methods, such
—adiv (\I//(|v3uk+1|2 n |v3vk+1|2)vsvk+1) ) as Gauss-Seidel or SOR iterations. Expressions of type

I(x + wk) are computed by means of bilinear interpola-
As soon as a fixed point iw” is reached, we change to the tjon.

next finer scale and use this solution as initialisation for the

fixed point iteration on this scale. . .

Notice that we have a fully implicit scheme for the smooth- 4 Relation to Warping Methods

ness term and a semi-implicit scheme for the data term. Im-

plicit schemes are used to yield higher stability and faster Coarse-to-fine warping techniques are a frequently used
convergence. However, this new system is still nonlinear tool for improving the performance of optic flow methods

because of the nonlinear functidr and the symbolg*+1. [3, 7, 18]. While they are often introduced on a purely ex-
In order to remove the nonlinearity iff !, a first order ~ Perimental basis, we show in this section that they can be
Taylor expansion is used: theoretically justified as a numerical approximation. Let us

simplify the model by assuming solely spatial smoothness,

k+1 k k g,k k 1.,k
I; A LD+ Lpdu” + Iydv®, as in [18]. Under these condition, (10) can be written as

whereu**! = ¥ + du* andv*+! = vk + dv*. So we split

k
the unknowns:/#+1, v*+1 in the solutions of the previous — — ()%, . I*VIF = (W)}, VIF(VIF)T sz
i i k o,k i ko g,k
ggg;orré;geapéi“,t; |(;nd unknown increment&.”, dv*. For . div ((‘I”)gmoothv(uk \ duk))
diV ((\Dl)gmoothv<vk + dvk»
() ate = Y ((UIF + IFduF + IFdv*)?)

(B = W(|Va(uF + dub)|? + V(0 + doF)[2), For a fixed k, this system is equivalent to the Euler-
Lagrange equations described in [18]. Also there, only
) ©) . the incrementglu anddv between the first image and the
where(¥")},;, can b]? interpreted as a robustness factor in \yared second image are estimated. The same increments
the data term, andl’),,, .., as a diffusivity in the smooth-  ghqear in the outer fixed point iterations of our approach
ness term. With this the first equation in system (8) can bej, order to resolve the nonlinearity of the grey value con-

written as stancy assumptioriThis shows that the warping technique
0 = (‘I’/)lfbata . (]gf; ([f + If;duk 4 I;fdvk) ) implements the minimisation of a non-linearised constancy
. o ) L assumption by means of fixed point iterationssan
- adv ((‘I’ )Smootn Va(u” + du )) ) (10) In earlier approaches, the main motivation for warping has
ISince the grid size in both x- and y-direction is reducedrbythe been the coarse-to-fine strategy. Due to solutiorend
image size in fact shrinks with a factg? at each scale. v computed on coarser grids, only an increméntand



dv had to be computed on the fine grid. Thus, the esti-
mates used to have a magnitude of less than one pixel pe
frame, independent of the magnitude of the total displace-
ment. This ability to deal with larger displacements proved
to be a very important aspect in differential optical flow es-
timation.

A second strategy to deal with large displacements has bee
the usage of the non-linearised grey value constancy as-

able 1: Comparison between the best results from the lit-
erature with 100 % density and our results for Husemite
sequence with and without cloudy sky. AAE = average
angular error. STD = standard deviation. 2D = spatial
smoothness assumption. 3D = spatio-temporal smoothness
r;flssumption.
Yosemite with clouds

sumption [20, 2]. Here, large displacements are allowed Technique AAE STE)
from the beginning. However, the nonlinearity results in a Nagel [5] 10.22 165t
multi-modal functional. In such a setting, the coarse-to-fine Horn-Schunck, mod. [5] 9'7:8 16'1%
strategy is not only wanted, but even necessary to better ap- Uraset al. [3] 8.94 15.61
proximate the global minimum. At the end, both strategies Alyar_ezzet al.[2] °.5¥ 740
not only lead to similar results. In fact, as we have seen gsp:r']ttirgiz[g] Afl663§ ggg
above, they are completely equivalent. As a consequence, Our method (3D) 3.0 6.08

the coarse-to-fine warping technique can be formulated as
a single minimisation problem, and image registration tech-

. ) ) . ) Yosemite without clouds
niques relying on non-linearised constancy assumptions get

- ) . L Technique AAE STD
access to an efficient multiresolution method for minimis-
ing their energy functionals Juetal. [12] 2.16 2.00
' Bab-Hadiashar-Suter [4] 2.05 2.92
Lai—Vemuri [13] 199 14r
5 Evaluation Our method (2D) 1.72 137
Mémin—Ferez [17] 158 1.2r
For evaluation purposes, experiments with both synthetic Farnelack [10] 114 214
and real-world image data were performed. The presented Our method (3D) 109 113
angular errors were computed via
Uele + VeVe + 1 ] )
arccos <\/(u2 TR R 1)> (12) of the data term. The outcome listed in Table 2 shows that
¢ e e e our methods leads to results which are about 35% better

where the subscripts and e denote the correct resp. the than those from the linearised case. So shifting the lineari-
estimated flow (cf. [5]). sation to the numerical approximation improves the accu-

Let us start our evaluation with the two variants of rancy of the algorithm even if there are no large displace-
a famous sequence: thgosemitesequence with and Ments asin the Yosemite sequence.

without cloudy sky. The original version of the se- For evaluating the performance of our method for real-
quence with cloudy sky was created hynn Quam world image data, theettlinger Tor traffic sequence by
and is available aftp://csd.uwo.ca under the di- Nagel was used. This sequence consists of 50 frames of
rectory pub/vision . It depicts a flight through the size512 x 512. Itis available ahttp://i21www.ira.

Yosemite national park and combines divergent and trans-uka.de/image _sequences/ . In Fig. 2 the computed
lational motion. The version without clouds is available flow field and its magnitude are shown. Our estimation
at http://www.cs.brown.edu/people/black/ gives very realistic results, and the algorithm hardly suf-
images.html . fers from interlacing artifacts that are present in all frames.
Tab.1 shows a comparison of our results for both sequenced/loreover, the flow boundaries are rather sharp and can be
to the best results from the literature. As one can see, ourused directly for segmentation purposes by applying a sim-
variational approach outperforms all other methods. The Ple thresholding step.

corresponding flow fields presented in Fig.1 give a quali-

tative impression of these raw numbers: They match the ]

ground truth well. 6 Conclusion

In a second experiment we compare the results of our new

linearisation-method to those which are based on the lin-In this paper we have present a new numerical scheme for
earised modell using the optical flow constraint (2). Both the minimisation of a continuous, rotationally invariant en-
modells include the same smoothness assumption so differergy functional for optical flow computation based on two
ences in the result are only ascribed to the later linerisationterms: a robust data term with a brightness constancy, com-
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Table 2: Comparison between our numerical linearisation-
method and algorithms using the optical flow constraint as
a linearisation of the model. AAE = average anngular er-
ror. STD = standard deviation. 2D = spatial smoothness
assumption. 3D = spatio-temporal smoothness assumption.

Yosemite with clouds

our method ofc-method
Techniqgue AAE STD| AAE STD
2D 463 6.89 | 6.12 849
3D 3.94 6.28 | 543 8.2%&
Yosemite without clouds
our method ofc-method
Technique AAE STD| AAE STD
2D 1.72 1.3P | 240 1.9%¢
3D 1.09 1.13 | 157 148

o

Figure 1: (a) Top left: Frame 8 of theY¥osemitesequence
without clouds.(b) Top right: Corresponding frame of the
sequenc&vith clouds.(c) Middle left: Ground truth without
clouds. (d) Middle right: Ground truthwith clouds. (e)
Bottom left: Computed flow field by our 3D method for the
sequence without clouds(f) Bottom right: Ditto for the
sequenceavith clouds.

Figure 2: (a) Left: Computed flow field between frame 5
and 6 of thekEttlinger Tortraffic sequencelb) Right: Com-

. . . o ) ) puted magnitude of the optical flow field.
bined with a discontinuity-preserving spatio-temporal TV

regulariser. It should be stressed that we have avoided any

linearisations in the data term in order to allow also for large

displacements. We have shown that their combination out-ACKNnowledgements
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Abstract 2. Object detection

The algorithm presented in this work tries to detect an ob-
ject in an image using its shape information. In [8], shape
'is defined as

This paper presents an algorithm for the automatic detec-
tion of 2D objects in an image even in the presence of noise
occlusion, cluttering and/or deformations. This method is
based on shape information extracted from the edges gra-Definition 1 Shapeis all the geometrical information that
dient and only needs a template of the object to be located.remains when location, scale and rotational effects are fil-
This shape information is invariant to rotation, scale and tered out from an object.

displacement. This algorithm can be used in contour-based

shape retrieval applications. These effects are the Euclidean similarity transformations

of displacement, scaling and rotation.

Object detection can be accomplished by using some
feature invariant to these transformations. The similarity
transformations are invariant to lengths, angles and areas,

licati like i datab ieval q [10]. In [4], a particular angle calledpatial angleis pro-
Some apF|> |cat|onbsi ' i L;nage_ atabgse rgtmlav: ge,e auton,nsed to obtain a signature of the image that is invariant to
matic tools capable of detecting objects included in com- o Giilarity transformations.

plex scenes where the presence of other objects, noise or
the deformable nature of the object hinder the process. Typ-Definition 2 Let a;; be the spatial angle between the
ically, the only available information is its 2D shape and few straight line that joins two edge points; and ej, and the

1. Introduction

physical features can be assumed. gradient angle ot;,
There are different shape descriptors available, like the .
ones defined in the MPEG-7 standard. In this standard, @jj = arctan uzei 1)

three descriptors are proposed [1], one based in region in- Ti = Tj

formation, gnothe_r based in contour information, and a third where(z;, ;) and(z;, ;) are the coordinates af; ande;,
one based in 3-D information. The contour-based shape de-o_ is the angle of the gradient vector of anda./b means
scriptor uses the Curvature Scale-Space (CSS) representqﬁe positive angle betweenand b ’

tion of the contour [9]. This descriptor have very good fea- '

tures, like its robustness to deformation or that it emulates  The edge points are the local maxima of the gradient in
well the shape similarity perception of the human visual the edge normal direction ([3]). In this work, an edge point,
systems. It has some drawbacks too, like its poor robustnes%i, is characterized by its spatial coordinatesandy;, and
to occlusion and cluttering or that it needs closed-contours. the angle of its gradient vecta; = ®(z;,y;). The un-

In this work it is presented an algorithm for the automatic ordered set of edge points in an imageHs= {e;|i €
detection of 2D objects in an image even in the presence of[1, N|} whereN is the number of edge points. These edge
noise, occlusion, cluttering and/or deformations. The object points form the contours of every object in the image, and
can be curved or polygonal, closed or open, and simply-there is no geometric restriction on these objects (they can
connected or multiply-connected. The rest of the paper isbe curved or polygonal, open or closed, simply-connected
organized as follows. In the next section a brief overview of or multiply-connected).
the algorithm is presented. In section 3 some examples are It can be shown that the spatial angle is invariant to the
shown and, finally, in section 4 a discussion and an outline similarity transformations of displacement, scale and rota-
of future work is given. tion.
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Figure 2: Geometrical description of thg «;;, and{ an-
Figure 1: Spatial angles histogram of digits 0 to 9 gles
2.1 Image signature obtaining the histograms is lesser. A comparison using a

_ ) . method like the earth mover distance [11] between the sig-
The spatial angle can be used to obtain a signature of &,,¢res of two shapes can be done to detect the presence
shape. If a seP is constructed, with every pair of edge f the ghject of interest in the other image. In this work a
points inkE, correlation function has been developed to compare these
., histograms.

P ={(ei,e;)li # 5, eie; € B} Sampling errors, noise or small deformations can spread
then the spatial angle can be computed for every pair andthe spatial angles ground it; ideal values. To take this into
an histogram of these spatial angl&si(, Spatial Angles accpunt, a small Wlndpw will b_e used. The proposed nor-
Histogram) can be used as the signature of the shape. |dnalized cross-correlation function can be defined as
Figure 1 theSAH for several images are shown. The im- Y. SAHy(I)W[SAHy (T)]
ages are the digits 0 to 9. For example, the histograms for C= NIsNT ©)
digits 6 and 9 are near identical as one digit is a rotated ver-
sion of the other, but the histograms for digits 6 and 7 are
significantly different.

Unfortunately, when there is a large number of edge NT = /¥, SAHy(T)W[SAHqy (T)]
points, it can be unpractical to obtain this histogram and WIF(i)] = 5, Fitw)
very difficult to differentiate different objects in it.

A more shape-representative information can be ob-where SAHy(I) is the SAHy for the image, and
tained if a subset of spatial angles is selected. This subsetSAHy (T for the template. The window function performs
must have enough information to discriminate the shape ofan unidimensional summation jrW, W]. The spatial an-
the object. The description in Figure 2 can be used to definegle is periodic, thus the window function must take it into
a difference anglg¢, equal to the positive difference be- account.
tween the gradient angles of two edge points. Given a set of
fixed values for the difference anglg, it can be obtaineda 3, Examples
setPy with every pair of edge points such that

NI = /3, SAHy()W[SAHy ()]

The correlation values obtained for the digits example are

Py = {(ei,ej)|i # j, es,e; €E,0; — 6, =&, £ € U} shown in Figure 3.b. Obviously, the diagonal values are 1

(2) and the table is symmetric. The maximum correlation is

The difference angles must be carefully selected to obtain afound between 6 and 9 and the minimum between 3 and 7.
good signature of the object ([5]). In Figure 3.a are shown As another example, a database composed by 1101
the histograms§ A H ) for digits 0 to 9 using only the edge  trademark images has been selected [7]. A similar exam-
pairs inPg with ¥ = {90, 180}. The histograms of differ-  ple was used in [1] to test the performance of region-based
ent digits are still different but the computational cost for shape descriptors. A new trademark, similar to some of the
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existing trademarks, has been drawn and compared with thg11] Rubner, Tomasi, and Guibas. The earth mover’s distance as
set. The images in the database have been ordered using the a metric for image retrievallJCV: International Journal of
correlation valueC' obtained, and the best 8 matches and Computer Vision40, 2000.

the worst 4 are shown in Figure 4. The leftmost image is

the new trademark, and the most similar trademarks have a

correlation value over 0.95. The comparison process takes

between 1-2 s for the entire database.

4. Summary and Conclusions

The shape descriptor proposed in this work can be used to
detect objects that suffer similarity transformations even in
the presence of noise, occlusion, cluttering and/or deforma-
tions. It uses gradient information and has no restriction
about the object shape.

In the future we are planning to improve the method in
two directions. On the one hand, we want to incorporate
local information to improve the shape similarity percep-
tion. On the other hand, we want to reduce the amount of
information that needs to be stored for every shape.
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Figure 3: a) Spatial angles histogram of digits 0 to 9 using {90, 180}. b) Correlation values
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Figure 4: Trademarks example
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Abstract on the Hough Transform (hashing methods). We can take

advantage of the Hough Transform’s useful properties, such

In this work a new method to detect the affine transforma- as its relative insensitivity to noise and robustness to occlu-

tion that relates two views of a planar object is presented. sions. However, it demands high computational and storage
It is a generalization of a previous work that uses invari- requirements.

ant tables generated from contour information to detectthe  |n this paper the method presented in [3] for the detec-

similarity transformations that a planar shape has suffered tjon of the similarity transformations will be generalized to
with respect to a template. Several improvements for in- cope with the affine transformations. It is based on evidence
variant table generation and comparison have been carried gathering methods that use invariant contour information in
out in order to reduce the computation complexity of the order to reduce the computational complexity of the compu-
process. Different search strategies have been implementegation. In previous works [2] this method was successfully

and compared for the non-invariant parameters estimation. ysed to detect the perspective and orthoperspective projec-
Experiments performed with images of real objects confirm tjon parameters.

the applicability of the method. The rest of the paper is organized as follows. In next

section, the method presented in [3] to detect the similarity
transformations relating two planar shapes will be reviewed.
Section 3 introduces the expressions that describe the mod-
ifications that points and tangent angles undergo when an
affine transformation is applied to a contour. A new method
for planar shape detection under affine transformations and
the optimizations that allow us to speed-up the process will
be shown in Sect. 4. Finally, in Section 5, several imple-
mentations of the original algorithm will be tested.

1 Introduction

Weak perspective is probably the more common approxima-

tion to model camera image generation in computer vision.

The affine transformation is a more generic2RD projec-

tion model and it is a good approximation to the perspective

projection under certain conditions [1]. Additionally, there

exist many applications where object deformation can be

modelled by this kind of transformation. For this reason, it

is interesting to establish methods to find the affine matrix . T
There are several methods to find the transformations be- Transformations

tween a planar template and an image where this template

is included and transformed with arbitrary parameters [5]. The contour points of a shape are characterized by the pa-
The selection of the most suitable method will be based ONrametersy = (z, v, ), wherex andy are the coordinates

cqnsiderations .s.uch as the !(ind of §hapes we are dealing)f the points in a two-dimensional space #his the angle
with aqd the a_b'l'ty to cope_W|th practical problems such as of the gradient vector in the image at this edge point. Two
occlusion, noise, etc. A simple approach to object detec- e angles will be used for the contour invariant informa-
tion is to find, for every possible parameter value, the tem- tion generation: theairing angle ¢, defined as the positive

plate transformation that produces a better matching with yittarence that must exists between the angles of two edge
the image shape. However, the search space can becomg,inis gradient vectors to be paired (i.e., two poiptsand

pveryvhelmingly large. The search space can be reduced ipj, will be paired if6; — 6; = £); and thedifference angle
invariant features are used. Several methods have been pro

) - «,;, defined as the positive angle)formed by the line that
posed to detect the transformation of a planar object baseqoins two paired pointsp; andp;, and the gradient vector

*This work was supported in part by the Ministry of Education and angle of the first pointp;. All these values are shown in
Science (CICYT) of Spain under contract TIC2003-06623. flgure 1.
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Figure 1: Graphical representation of the angles used in the”

invariant information generation

From this information, we can derive three contour trans-
formations, based on paired points in the shape edge, that
generates new information invariant for some similarity

transformations [3]: theZ transformation,7 (p;,p;) =

(0;, ij); the S transformation, that includes the distance

d;; between the paired points(p;,p;) = (6, aij, dij);
and theD transformation,D(p;,p;) = (6, asj,75,75),
where an arbitrary reference poir®, = (o,,0,), has to
be defined and two vectors are generated fromit,=
O — Pk, k= 1,7

The information generated by the application of these
transformations is stored in different tables in order to im-
prove the detection process speed. Thus, the contents of

these tables are calculated as follows:

Orientation table (O7). When a pairing is processed by
the 7 transformation©7 [«;;][;] is incremented, in-
dicating how many of the pairings have theag;( 6;)

values. The information stored in this table is invariant
to scale and displacement. Additionally, the rotation
of the shape in a plane causes a circular shift of the

corresponding columns of it§7 .

Distance table 7). This is a bidimensional table that
uses the information generated by tBdaransforma-

tion to generate linked lists, in the positions indicated

by a;; andd;, with thed;; values. Note that this infor-

mation is invariant to the bidimensional displacement

of the shape.

Displacement table 07). The D transformation is ap-

plied in order to build this table. Linked lists are cre-
ated for eachy;; and6; and the data stored at each

list position are the; andr; reference vectors for the
pointsp; andp; respectively.

P

Correlation : SCALE

ROTATION ;i ROTATION
Distance Reference SCALE
Comparison : Vectors: DISPLACEMENT

l-dimensional

testricted to - - . .
o 7| 2-dimensional

row rotation . )
voting voting

D O ©

Figure 2: Similarity parameters detection segmentation

stages, each one using the information generated in the pre-
ious step, as it is shown in Fig. 2:

e The orientation is computed comparing similar
columns in botli7 O7 (template®7) andZO7 (im-
ageO7) tables for different circular shifts. A match-
ing process between both tables is carried out for each
shift, generating a voting. The highest value indicates
the correct orientation.

e The scale calculation is carried out using the informa-
tion generated by th& S7 and theZS7 after elimi-
nating the effect of the previous transformation (a rota-
tion) in the contour of the template. If a different-from-
zero position of th& S7 coincides with the equivalent
one intheZS7T, distances stored in the linked list asso-
ciated with this position in thS7 are used to vote in
an accumulator. In this operation, each distance value
from theZS7T is divided by all the distance values in
the 7ST for this specific ;;, 6;) value. The calcu-
lated scale is used to vote in a one-dimensional Hough
space. The highest peak value will indicate the scale
of the image with respect to the template.

¢ In order to calculate the displacement, the value of the
reference vector for each entry of tdeD7 — multi-
plied by the scaling — is added to the coordinates of
the paired points stored in the linked list associated
with each entry of th& D7 . The positions pointed out
by these vectors are used to increment a bidimensional
space. The maximum position in this accumulator will
give us the situation, in the image, of the equivalent
reference point defined in the template shape.

3 Contour Modification under Affine

Transformations

Given animagéd’'(z, y), we can express the resulting image
G(u,v), after applying a generic affine transformatiorftp

The whole detection process can be segmented in threeas:
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Apply FOR ALL
(k. S,) @ (k. S,)
u; = a11-Ti+a12-Yi+by, v = ag1-Ti+aze-yi+by, (1)

where the transformation matri given by this expression f}n
must be invertible.

The algorithms presented here transform the gradient an-
gle information in order to reduce the computational com-
plexity. Thus, it is interesting to obtain the relationship be-
tween the gradient angle of an image shaféy, y), and
an affine transformation of this image, the image:, v) =
F(u(z,y),v(x,y)). Taking into account that the variables
u andv depend onz andy, as shown in (1), if the first
derivative function is applied we get:

ROTATION
SCALE
DISPLACEMENT

ROTATION
SCALE
.
-

kg
> =
%]

Rotation
computation
computation

Displacement
computation

IST

Ca
(CH

Figure 3: Block diagram of the detection method

transformations —shear amehaxis scaling— introduce a dis-
2 tortion in the original shape. The rest are similarity trans-
formations, changing either the position, the orientation or
whered 4 and@ are the values of the tangents in the affine the size of the distorted shape. Thus, if the effect of the
transformed image and in the original image, respectively. first two transformations could be eliminated, the method
An important consequence of expression (2) is the fol- based on invariant tables presented in Sect. 2 for similarity

as1 + asga - tan 6

tanf, =
A a11 + a1z -tanf’

lowing lemma: transformations computation could be applied.
Normally, the number of edge points in the template is
Lemma Let C be a contour whose points are lower than in the image, where several different shapes can
paired for the invariant tables generation using appear. Thus, we will consider that these transformations
the pairing angleg = 180°. If an affine transfor- are applied to a template (or reference) image in order to
mation is applied to the points in this contour, the obtain its instance in an test image.

original pairings are kept with the sanairing
angle & = 180°. .
4.2 Detection Process

4 Detection of the Affine Transfor- As it is shown in expression (3), the effects of the shigar
and non-uniform scaling,,, must be applied to the tem-

mation Parameters plate contour in order to use the method to detect similarity
_ o transformations. All possiblés(, s,.) pairs must be tested,
The method for the detection of the similarity transforma- a5 they are unknown. The template orientation tables will
tions will be generalized to the affine transformations group pe pyilt from the deformed contour with these parameters
in this .sect|on. Flrst,_ we need.to establish a flx_ed sequenceyng the associated rotation will be estimated by the corre-
of basic transformations, equivalent to any affine transfor- |ation with the image orientation table. After eliminating
mation. Then, the method described in Sect. 2 will be gen-ine effects of these parameters, the scale and the displace-
eralized for this chain of operations. Finally, several opti- ment can be computed using the rest of invariant tables. The
mizations in table generation and non-invariant parametersset of parameters that maximices the similarity between the
search will be presented. transformed template contour, using the detected parame-
ters, and the image contour will be considered the solution.
4.1 Affine Transformation Decomposition This process is summarized in Fig. 3. The similasitwill

] ) ] be measured using the expression:
An affine transformation can be defined by means of a ma-

trix A. Using the classical algebra results, we can express a

. : - 1
real matrixA as the following product: o(T,T) = -~ Zexp (_0.1 /A% n A§>-|cos (e, )|,

4)
A =T(D)-Eu(s) - R(B) - Enu(S) - Shy(k,),  (3) where the summation is over all pixels on the template con-
tour, np is the number of pixels on the template contour,
whereT represents a translatidn; E,, an uniform scaling (Az,Ay) is the displacement —in pixels— from the edge
s; R a rotation of 3 degreesE,, any-axis scalings.,; point (z, y) in the template image to the nearest edge point
and Sh, an z-axis sheark,. Note that only the first two  inthe image, and(x, y) is the difference angle between the
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gradient direction of the template @t, =) and the gradient  on a narrower interval around the solution estimated in the
direction at the nearest image edge. Note thaill always previous step. A good initial coarse estimation is computed
be in the range from 0 (very different images) to 1 (very using a resolution of 0.2. Subsequent steps use a resolution

similar images). of 0.1 and 0.05.
A stochastic search, UEGO(Universal Evolutionary
4.3 Invariant Tables Modification Global Optimize) [4], based on evolutive algorithms has

also been implemented. More precisa@lfsGGsearchs for

In a general situation, where titg ands,, values are un-  groups of solutions and these solutions are optimized using
known, invariant tables must be generated and comparedh Single Agent Stochastic Search meth84$9.
from the transformed contour for each,( s,.) possible Another important reduction in the computational com-
combination using the expressions (1) and (2). This processplexity can be achieved if the maximization criterion is the
require a high computational complexity. However, several jnvariant template and image orientation tables matching,
improvements have been carried out in table generation tomeasured as its maximum normalized correlation. An im-
obtain a good performance. mediate consequence of using this criterion is the lost of

TemplateOT building is based on both the calculation accuracy in the detection process. In this situation, all pos-
of the template gradient anglé, and the difference angle, sible (,, ,,.) pairs should be tested in order to find the ap-
a, of contour paired points. In order to reduce its compu- plied rotation. The scale and displacement —which are the
tation time, we have studied the modifications in an angle most Computa’[iona”y expensive tasks— will be Computed
value that arise under an affine transformation. This allows only once at the end of the process, after eliminating the
us to generate a@7 for a specific k., s,.) deformation  effect of the other parameters in the template contour.
by directly transforming the original templat&7", when it
was created using a paring anglefof= 180°. Particu-
larizing expression (2) for the affine transformation with a 5 Experimental Results
x-axis sheark,, and a non-uniforny-axis scalings,., we

get: We have used different images in order to test the behavior

for different implementations of the whole detection pro-
Sys - tand )

—_— 5 i i -
1+ ko - tand (5) cess. Tables 1 and 2 summarizes the most important accu

racy (o, in %) and computational time (T, in seconds) results
Similarly, an expression for the transformation of the dif- for the deterministic and stochastic search strategies respec-
ference angle when a shear and a non-uniform scaling areively. The accuracy of the detection process is checked by
applied to a shape can be obtained: using the functior given by expression (4) and by super-
imposing the transformed template contour onto the image
(second column of Thl. 1). The number of experiments
) £ 0. (6) whoseo values are greater than @Qr.« is indicated (in
%) by ogg. Times are given for executions in a SGI Work-

Thus, the generation of a transformed templ& for station with an R—10K@225 MHz processor. The light gray

any (c,, s,.) applied to it from its originalD7 can be per- color indigat.es.the non-precise detections.
formed by gathering the votes @7 [o][0] to the new loca- The similarity between contours (Contour) and the

table is very sparse and can be accelerated by using preoptimization criterion in both parameter search. The ver-
computed transformation tables. sion of the algorithm which directly transform the Tem-

plate Orientation Table was named -OT. For the determin-
istic search, the Sequential and Multipass approach were
implemented for comparison.

O = arctan (

Syp - tan(f + )
1+ k, -tan(f + «)

o = arctan (

4.4 Search Strategies

The search for the unknown parametggsands,, can be

accomplished in different ways. The more precise solution )

will be found if we implement an exhaustive search. How- 6 Conclusions

ever, we can perform this task in a more efficient manner

using a multipass approach and non-deterministic optimiza-A new method to detect the affine transformation that relates

tion algorithms. two views of a planar object has been presented. Several
In themultipassapproach, program execution can be ac- optimizations improve the computational complexity of the

celerated by reducing the search space size. Starting with grocess. Experiments performed with images of real objects

coarse estimation of the parameters, successive steps focusave shown the performance of several implementations of
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the algorithm. Highest computational times are required for
the more precise implementations.
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Table 1: Results obtained with a deterministic search of the solution

Contour InvTables

Template Visual Algorithm o Trot © Trot
Sequential 95.65 11.15 95.65 2.55
Multipass 92.45 1.21 92.72 0.27

Sequential-OT 23.97
Multipass-OT 58.54

9.18 24.38 0.70
0.96 25.05 0.07

Sequential 84.54
Multipass 84.54
Sequential-OT 22.76

Multipass-OT 85.36

9.01 85.36 1.98

0.93 68.95 0.20
7.70 8536 0.60

0.80 68.95 0.07

Sequential 87.91
Multipass 87.91
Sequential-OT 87.91
Multipass-OT 87.91

29.417.61 7.59
3.0824.56 0.79
24.139.64 2.14
2.5433.10 0.24

Sequential 75.98
Multipass 75.98
4 Sequential-OT 73.62
< Multipass-OT 73.62

314.00 55.96 94.68
32.76 55.96 9.65
235.27 53.89 23.28
2458 53.89 2.63

Table 2: Results obtained with a stochastic search of the solution

Template A|90“thm OMax OMin 090 TMean TMin TMax
Contour 96.10 65.08 60 3.77 3.34 4.23
Contour-OT 88.3217.47 5 3.12 2.76 3.48
InvTables 96.4119.15 75 1.78 1.64 2.06
InvTables-OT 35.97 9.45 15 0.49 044 0.53
Contour 86.85 7356 75 538 439 6.99
Contour-OT 86.65 72.77 75 2.82 239 311
InvTables 83.78 7254 85 144 129 1.56
InvTables-OT 86.10 76.36 95 0.48 0.39 0.1
Contour 89.70 83.64 100 10.15 8.27 12.33
Contour-OT 89.65 84.10 100 8.56 7.37 9.78
InvTables 57.3915.63 5 529 465 5.67
InvTables-OT 81.911652 35 154 134 174
Contour 74.67 69.10 100 110.74 98.85 121.06
Contour-OT 73.63 68.16 100 85.74 72.91 98.38
InvTables 73.0234.15 20 67.26 59.30 74.21

InvTables-OT 63.58 52.5635 20.10 18.71 21.91
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Abstract The underlying hypothesis associated to this morpho-
logical invariance is that the contrast between the different
In this paper, we present a geometric invariant shape repreobjects present in the image is not important at all, and
sentation using morphological multiscale analyses. Thethat all the information present in the image is described
geometric invariant is based on the area and perimeterby the geometry of the level sets of the image. In particular,
evolution of the shape under the action of a morphological the way a shape changes under the action of a morpholog-
multiscale analysis. In the case of similarity transforma- ical multiscale analysis depends only on the geometry of its
tions, the proposed geometric invariant is based on a scaleboundary.
normalized evolution of the isoperimetric ratio of the shape.  The main underlying idea we propose in this paper is that
In the case of general affine geometric transformations thejs e take any global invariant of a shape and we follow the
proposed geometric invariant is based on a scale-normalizedyyo|ution of such invariant under the action of a morpho-
evolution of the area. We present some numerical experi-jqgical multiscale analysis then, this evolution is also un
ments to evaluate the performance of the proposed modelsinyariant of the shape, but it contains much more robust

and discriminant information of the geometry of the shape
that just the invariant for the initial shape. In particular, we
propose in this paper to use the evolution of the area and/or
perimeter of the shape across the scales under the action of

Shape representation methods play an important role in,. : : .
X " . . _different morphological multiscale analyses as basic tools to
systems for object recognition and analysis. Shape descrip-

tion refers to the methods that result in a numeric descriptor]clnd out scale-space global shape representation. The main

of the shape and could be a step subseguent to shape reprglplvamtage of the morphological multiscale analyses with

; o . respect to the classical linear-scale space is that the evolu-
sentation. Another classification of shape analysis methods. :
. . on of the shape depends just on the geometry of the shape
is based on the use of shape boundary points as oppose

to the interior of the shape. The two resulting classes of and it is not depends at all on the contrast of the shape with

espect to the background or the relative location of other
methods are known as boundary (also called external) an . : o .
: . shapes presented in the image which is not the case in the
global (also called internal), respectively.

! linear scale-space where the way a shape evolves depends
In the last years, multiscale analyses have became a

: - . on the contrast and location with respect to other shapes
common tool for many tasks in computer vision. A multi- . :
) . . presented in the image.
scale analysis can be defined as an operatof) which ] ) o ]
provides for an original imagg a sequence of imagé@s( f) As it was proved in [2],[1] under some minimal archi-
which represent the image at a coarse stale tectural assumptions, all the morphological and similarity

In this paper we deal with morphological multiscale in.variant. muItische analyses are generated by the partial
analyses, which satisfy the morphological invariance, that differential equation:
is, the multiscale analysig}(f) commutes with any

1 Introduction.

increasing histogram modification of the image. It means Ou = B( curv(w)) | Vul| @
that for any increasing functiog(.) ot ’
Ty(f)og=Ti(fog). where curv(u)(z,y) is the curvature of the level line
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passing by the poin, y), that is: Definition 1 Let Sy be a bounded shape. We define
the scale-normalized isoperimetric ratio evolution

curo(u) = div (|§u||> . @ I3, | 4, (1) as the function
u

‘S<p,5_1ﬂl>(f \SOD‘
n

andg(.) is given by

I(‘?}?ﬁfl‘[jl)(f) = 471—
Coro_v.50 (E/]S
) B(1)s? if >0 @) ’ v (1/150])
S) =
B(=1)(—=s)? if s<0. We notice that/°,  ,,(f) < 1, andI3° () =1

(p,B-1,81)

wherep > 0. Therefore the model depends dmparame-  Only for the case Wheﬁ(f%f**lvfl)({ 0]) is acircle. Next,

ters,p, B_1, B1. If u(t, z,y) is the solution of equation (1), Wwe will show thatli‘fﬁflﬁl) (t) is a similarity invariant of
for the initial datumf, then the shape5.

u(t,z,y) = Ty(f)(x,y). Theorem 1 Let Tt(p’ﬁfl’ﬁl)(f) be a morphological multi-
_ _ o _ _ scale analysis invariant under similarity transformations,
Following the morphological principle, we will consider 5, S/ be two bounded shapes such that there exists a simi-

that a shapé is given by a level set of the imagethat is: larity transformationH with H(S}) = So, Then:
So ={(z,v): flz,y) <A}, 1%, (=12, (&) fori>o.

for some), where for a setd, we denote byA the closure Proof: See [1]
of A, that is, the minimum closed set including We will
denote byS(¢) the evolution across the scales%yf, that is:

S(P~1’—1=51>(t) = {(x’y) : Tt(f)(mvy) < )‘}'

We will also denote byC'.s ,.5,)(t) the boundary of . . o
Sts 1o ().  For the caseCiu.s ,.0p(t) is a family We consider a general affine transformation given by

of single Jordan curves, we can interpret the evolution

3 Morphological Affine Invariant
Representation of a Shape.

of Cw.s_,.61)(t) in terms of curve evolution. In fact, I . T a
Cw.s_,.61) (t) is a solution of the curve evolution equation (z,y) = y + ;
ac(p, _1.81) _
# = B(k)N, (4)  wheredis a2 x 2 matrix with |A| # 0.

. [2] show that the only affine invariant morphological
whereN represents the unit inward normal direction to the multiscale analysis is given by

curveC,.5_, .5 (t) andk is the curvature. In the last years,

a lot research have been devoted to this curve evolution Byst if §>0
equation see, for instance, [3], [4], [6], [7], [8], [2], [5]. B(s) = . -
The organization of the paper is as follows: In section B-1(=s)s if s<0,

2, we analyze the similarity invariant shape representation, ]
and we propose as geometric invariant a scale-normalized¥heref1 > 0 and_, < 0. In this case we have that
isoperimetric ratio evolution. In sectioh we study the

affine invariant shape representation, and we propose as H (Tt'(H’t)(f)) = Ti(H(f)),
geometric invariant a scale-normalized area ratio evolution.Where
In sectiond, we present some numerical experiments. t(H,t) = \A|% "

. . ) ) On the other hand, given two bounded shafgsSy,
2 The scale-normalized isoperimetric  such that there exists an affine transformatitin with

ratio evolution. H{(Sp) = So, we have that:

We will use as similarity invariant of a bounded shape ol ’S(p,a,lﬁn( |A] )’
Sy the scale-normalized isoperimetric ratio evolution [Stwsr0 ()] = |A|

foranyt > 0.
I, ., () given by the following definition (5)
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One of the main advantages of our approach is that we usés the shape can be split in several shapes, two boundary
a two parameters family of affine invariant scale spaces. Incurves can touch each other and become a single curve,
our knowledge we are the first to enjoy of such possibility, etc...
usually people take directly the classical case which corre-  Next, we will present some experiments using the scale
spond to3; = —(_;. With this two parameters family, we normalized isoperimetric ratio evolutidﬁ?s_lﬁl)(f). We
can get much more information about the shape geometrywill use some synthetic shapes given in figure 1. All the
that just using the classical affine invariant multiscale anal- shapes (except the circle) have similar initial isoperimetric
ysis. ratio (in fact theoretically the isoperimetric ratio is exactly
In the case of the affine invariant representation, we canthe same for all shapes. However, in practice, because
not use the scale-normalized isoperimetric ratio because thef pixel noise and numerical errors, the computed isoperi-
perimeter is not invariant under affine transformations. We metric ratio is not the same), therefore the isoperimetric
propose a geometric invariant based just on the area evoluratio for the initial shapes, is not useful at all to classify
tion. However we note that we could use any other global this synthetic shape database. However, as we are going to
affine invariant of the shape. see, when we follow the evolution of the isoperimetric ratio
Next, We will introduce the scale-normalized area ratio. under the action of a morphological multiscale analysis we
can discriminate easily between the different shapes. The
Definition 2 For a bounded shap#, we define the scale-  shapes are organized as follow: For each shape we have
normalized area ratio evolutionRfy, , ,,(f) asthefunc-  evaluated a similarity transformation where we have rotated
tion and changed the size of the original shape. So shapes
- 3—4,4—5,5—6and7 — 8 are equivalent modulus a simi-
ARS: 0 = ‘Smﬁ,l,m)(t |SO|)‘. larity transformation. Shap is sim!lar to sha_pé’_ but in
(#18-1,81) |So| shaped, we have changed the location of the inside square.
_ ; o . We will comparel5°,  , (%) for the different shapes for
~ Next, we will show thatAR:, | 5, (t) is an affine 7 [0,0.3]. We recall that
invariant of the shap#sj.

(3 B ) _ _ Lim IS5, (f) = 1.
Theorem 2 LetT, 3" """ (f) be a morphological multi- {ﬁ(\/;)
scale analysis invariant under affine transformatiops=
%), So, S, be two bounded shapes such that there exists an

- T )
affine transformatiortl with H(S,) = So, Then: Thereforet = \/; ~ (.56 is the upper bound for the

scale comparison. In practice, we are not interested in

ARSo 7) = ARS0 n i>0. taking this upper bound as final scale because the isoperi-
EERTRIL o (@) Jort = metric ratio is going to be close tbfor any shape when
Proof: See [1] we approach the upper bound scale and it is not discrimi-

nant from a geometric point of view. In the experiment we
present we have taken the final scale equad,® which
4 Numerical experiments seems a reasonable choice, however we have not studied
how to optimize the choice of the final scale and we have
The numerical algorithms that we use to implement numer- not tested different final scales.
ically the morphological multiscale analysis are based on In figure 2, we present the evolution (bﬁ?,l,l)({) for
the techniques studied in [3]. We use a simple explicit finite the shapes of figure 1. First, we notice that the simi-
difference scheme to discretize equati@?)( We have larity invariant is very well preserved because the graphs
focussed our attention on the qualitative behavior of the of the similarity equivalent shapes evolves very close each
proposed models and we have not devoted a lot of time toother. We observe that at the initial scales the pixel noise
study the efficiency of the numerical algorithms. Of course, introduced in the discrete representation of the synthetic
we could use more efficient algorithms to estimate the shapeshapes produces some perturbations in the isoperimetric
evolution like accurate curve evolution algorithms for equa- ratio estimation, however, we can realize that when we
tion (??). However the application of these curve evolu- move across the scales these initial perturbations disappear
tion type algorithms could be delicate in some cases due towhich is a very good behavior. We can also realize that
on the one hand, the boundary of a shape could be definedve can discriminate very well between the different shapes
by several curves (in the case the shape has holes) and ofollowing the isoperimetric ratio evolution. We can observe
the other hand, as we are going to see, the evolution of thethat the isoperimetric ratio of the shapes convergdsamit
shape under the action of a morphological multiscale anal-was shown in [6] We notice that shapes8—9 have similar
ysis can develop singularities in the shape evolution, thatevolutions because the evolutionltﬁ?_l,l)(f) is not altered
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Figure 3: Evolution 017(1 ».1, () for the shapes of figure 2.

Figure 1: Test shapes used to evaluate the scale-normalized
isoperimetric ratio.

disappears (two boundary curves become a single one). On
the other hand, looking at the evolution of shafie$ we
can observe that in this case the isoperimetric ratio does not

=y ) converge tol as in the case of the mean curvature motion
0.9 k — evolution.
0.8 -4' Jﬂ/*ﬁ A In figure 5, we present the evolution diﬁ?_l,o) (t) for
/ the shapes of figure 1. In the appendix we will show that
0.7 L the asymptotic state of the shape for this multiscale analysis
06 / is the convex-hull of the initial shape, so, in particular, the
isoperimetric ratio converges towards the isoperimetric ratio
05 of the convex-hull of the shape.
0.4 Next, we will present some experiments for the scale
000 003 006 009 012 015 018 021 024 027 0.30 normahzed area ratlo eVOlUtIOFlRS“ 31)(5)' In thiS

(%.8-
case, we want to discriminate shapes following general
Figure 2: Evolution of[(l ot t) for the shapes of figure 2. affine transformations, so we will use a synthetic shape
database composed by affine equivalent shapes. This collec-
tion of synthetic shapes is presented in figure 6. For each
shape we have evaluated an affine transformation where we
by the location of the inside square. We can observe that,have changed the horizontal and vertical sizes in a different
since the curvature of the contour of the hole goes to infinity way. So shape$ — 2,3 — 4,4 —5,5 -6, 7 — 8 and
at the scale where the hole vanishes, a singularity (a pointd — 10 are equnvalent modulus an affine transformation.
where the evolution is not smooth) appears at such scale. In/Ve will compareAR(Sf oo, (B) for the different shape for
fact, in some way, we could "characterize” the holes of the 7 ¢ [, 0.3].
shapes following the singularities of the isoperimetric ratio
evolution, but the studying of such behavior is beyond the
scope of this paper.

In figure 3, we present the evolution &1, ,, () for the
shapes of figure 1. We notice that in this case sh&pes
and9 have different evolution following the location of the
inside square. This behavior is illustrated in figure 4 where
we show some steps of the evolution $f, ,1)(t) across

In figure 7, we present the evolution AtRff i (t) for

Lo,
the shapes of figure 6. Each shape has associated two graphs
which correspond to the evolution (AfR(Sf 1 (t) forthe

EA
different transformations of the shape. We can observe that
initially the area ratio is always equal 1oand it decreases
across the scales. We note that the affine invariance of the

multiscale analysis is very well preserved, it means that the

the scales for shapeand9. We observe that shagesplits evolution of _tWO affine equivalen_t shapes go so close that
in 4 different shapes when the exterior contour touches theMOSt Of the time seems to be a single graph in figure 7.
inside square. For shapewe observe that a singularity in In figure 8, we present the evolution ﬂfR<1 o (1) for
the isoperimetric ratio evolution appears at the scale wherethe shapes of figure 6. We notice that in th|s case, only
the exterior contour touches the inside square and the holghe convex region of the shape evolves, so this behavior
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Figure 6: Test shapes used to evaluate the affine invariant
scale-normalized area ratio evolution

-
o
HOG
&o -

Figure 4: From left to right and from top to down: Evolution

of Sa.0,1) (t) for shapes and9 of figure 2.

A~
0.4 Figure 7: Evolution of AR% () for the shapes of
0.00 0.03 0.06 0.09 0.12 0.15 0.18 0.21 0.24 0.27 0.30 . (z.—1L.1
figure 7.

Figure 5: Evolution oﬂ(f?,l‘o) (t) for the shapes of figure 2.
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produces a strong discrimination between the evolution of
shapes following the geometry of their convex and concave
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Figure 9: Evolution ofARffﬁflﬁo) (t) for the shapes of
figure 7.

processing Arch. Rational Mech. Anal., Vol. 123,
199-257, 1993.

regions. This effect can be observed if we compare the [3] Alvarez L. and Morel J-M., Formalization and

evolution of shape8 and7. The evolution ofAR(Sg_,OJ) (1)
for these two shapes is very different, but the evolution of
AR@AJ)(E) for the same shapes are much more similar.
So in practice, it means that using the information of the
area evolution with different values 6f ; and3; we obtain
a better discrimination power between different shapes.

In figure 9, we present the evolution AfRffﬁlyo) (t) for
the shapes of figure 6. The evolution with the multiscale

1 _
analysisTt(i"’ 9 is more sensitive to pixel noise than the
ones corresponding t6; > 0. The reason is that in this

case we do not have a regularization effect on the boundary. [6]

For instance the evolution of the triangles given by shapes
5 and 6 are quite different because of some pixel errors
introduced by the application of the affine transformation to
shapes. The regularization effect on the boundary is a well-
known property of the morphological multiscale analysis, it
means that the multiscale analysis smooths the contours, by

lowering the curvature value (see for instance [4] for more [g]

details).
Acknowledgments. This work has been partially
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Abstract

Estimation of edge features in an image (sub-pizel po-
sition, direction, curvature and change in intensity at
both sides of the edge) starting from the calculus of the
gradient vector in each pizel is not exact, even in ideal
images. In this paper we present a new edge detec-
tor based on an edge and adquisition model that does
not assume continuity in the image values. Edge fea-
tures are obtained with high precision using this detec-
tor, even in noisy images. When noise is too high, we
also propose an iterative method to enhance the image
quality, and keep precision in the features obtained. Fi-
nally some synthetic and real examples are shown.

1. Introduction
1.1. Previous Work

Edge detection is one of the low level tasks more im-
portant in image processing, as a previous stage to es-
timate other high level information. Most of previ-
ous work are focused on a pixel level. However, when
higher precision is required, sub-pixel information is
needed. Some works in this field has been done by
Braggins [1], Naidu [4] and Trujillo [8].

On the other hand, adquisition process adds noise
to the image values. Therefore, a smoothing process
is needed in order to reduce noise. Work in this field
can be classified in methods that assume a known noise
model, and those that does not consider any previous
model. Important contributions in the first group are
the works of Rosenfeld & Kak [6], based on the prop-
erties of Fourier transform, and the work of Castleman
[2] based on Wiener filters. In the second group are
the works of Perona & Malik [5] about anisotropic dif-
fusion, and the work of Lindeberg [3] about multiscale
analysis theory.

1.2. Proposed hypothesis

Most of works in literature assume that a digitized im-
age F' is the sampled version of a function f(x,y) over
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a rectangular grid of pixels. In order to apply differ-
ential calculus techniques on the image, it is assumed
also that f is continuous and differentiable inside its
domain. We will use a different hypothesis.

We will assume that an edge is a discontinuity in the
intensity values of the function f. Besides, if an edge is
crossing over the pixel (i,7), the intensity acquired in
that pixel will be:

AS, + BSp
h2

where A and B are the intensities at both sides of the
edge, S4 and Sp are the region areas filled by both
intensities respectively inside the pixel, and A is the
lenght of a pixel side.

We can use a traditional mask to compute partial
derivatives, like the ones proposed by Sobel or Prewit
[7], in order to look for the maximum values along the
gradient direction to detect what pixels belong to an
edge. However, with the gradient value obtained is not
possible to obtain the exact value of the direction of
the edge, nor the change of intensity at both sides. In
the next section we propose a new method to estimate
these features with higher precision.

Fij=

2. Edge detection

Let us consider that in the neighborhood of a pixel (i, j)
there exists a straight edge with slope between 0 and
1.This edge is represented by the equation y = a + bz
that divides the plane in two regions of intensity A and
B. Assuming that a,b, A, B are unknown, the value of
neighour pixels are shown in figure la, where pixels
drawn with light grey color are those that could have
an intermediate value between A and B.

Let us consider a 523 window centered on the pixel
(4,7). Let us be Sy the sum of the 5 pixel values in the
middle column of the window. This value will be:

A-B
SM:5B+TM

where M is the area inside the column under the
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straight line (see figure 1b). This value is given by:

h/2
(a +bx + 5h/2) dx
—h)2

M =

Using the equation of Sy; we could obtain the expres-
sion of the coefficient a as follows:
_ 2S5y —5(A+B)

A-B)

Proceeding with the left and right columns of the win-
dow in the same way, we obtain the value of b as follows:
_ Sr—5L

b_2(A—B)

To estimate A and B we could use these expressions:

1
A= g(Fz‘,j+2 + Fiyij42 + Fig1541)

1
B = g(Fiijq +Fi_1j2+Fij2)

Once we know the coefficients of the straight line that
represents the edge, we could obtain the sub-pixel po-
sition (a units in vertical from the center of the pixel),
and the normal vector, given by the expression:

A-B oy
ire

The magnitud of this vector represents the exact
change of intensity at both sides of the edge.

2.1. Second order edges

If we approximate the edge as a second order curve,
y = a+bx +cx?, we could remake the expresions of the
previous subsection. In this case, a system of 3 equa-
tions will be obtained using the sums of the 3 columns
of the window. Then, the values of coefficientes a, b, ¢
are obtained solving the system. Using these values,
the edge features (sub-pixel position, direction and cur-
vature) could be computed with higher precision that
in the linear case.
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3 Edge detection in smoothed
images

The adquisition process adds noise to the image, and
this noise produces small errors in the image values.
The traditional way to diminish this error is convolving
the image with a smooth mask, like a gaussian mask.
The simplest mask is a 323 mask like the following:

ailr  @o1 a11
H=1 ao1 apo ao1
ailr  apr ai

where agg > ag1 > a11 > 0 and agg + 4agr + 4a11 = 1.

Let us be G the result image of convolving the orig-
inal image F' with the smooth mask H. We are inter-
ested in obtain the edge features in image F' but using
only the values of G.

Let us be P; ,; the area inside the column 7 of the
image F that is under the edge line. This column is
composed of the pixels (i,s), (i,s + 1), ...,(i,t). If we
assume that the edge line cross the column from left to
right, its expression will be as follows:

(i+1)n 1
2
Pi,s,t:/ (a+bx+cx +<t+> h) dx
(i-4)n 2

2
Let us be M; 5+ the sum of all the pixel values of that
column in the image F. Its expression will be:

t
Z 1
Mi,s,t = Fi,j = ﬁ(A_B)PZ,S,t'i_B(t_S‘i'l)
Jj=s

Finally, let us be .S; 5 the sum of the same pixels, but
using the smoothed image G. Due to the convolution,
the value of each pixel of G depends of a 3z3 neighboor-
hood of that pixel in F, and therefore the expression
of S will depend of different M. In this way, a three
equations system could be proposed using the sum of
the 3 columns of a window centered on the pixel (4, j),
called from left to right Sp, Sy and Sg, as follows:

S = Sic1,j 41,5+l
Su = Si,j+m1,j+m2
Sp=25

i+1,j+r1,j+r2

where l1,m1,71 < 0 < I3, mg, 72 are those that the
absolute value of partial derivatives in the pixels (i —
1aj+l1)a (i_17j+l2)’ (i7j+m1)7 (i7j+m2)? (7;+1,j+’l”1)
and (i + 1,7 + ro) of the image G are miminum in
each column. The coefficients of the curve are obtained
solving the system, and edge features in the original
image F' are computed starting from them.

Figure 2 shows the result of applying this method to
an ideal synthetic circle with noise added. To visualize



Figure 2: From left to right: noisy image, restored
image, detected edges using the restored image

/L

Figure 3: From left to right: noisy image, restored
image, detected edges using the restored image

the result, a zoomed image has been generated, and
inside each edge pixel a small straight line is drawn.
This line indicates the direction and sub-pixel position
estimated for that pixel.

4. Image restoration

When noise is too high, the usual method consist of
defining an iterative process that modifies the image
gradually, removing noise in each iteration. In this way,
at the end of the process, an image with better quality
is obtained. Finally, edge features are computed using
the values of the restored image.

The algorithm we propose in this paper is the fol-
lowing: first, the original image Fj is smoothed using a
3z3 smooth mask, obtaining the smoothed image Gy.
Secondly, the edge detector of the previous section is
applied to this image. This methods will estimate the
edge features at every edge pixel using a different neigh-
boorhood for each one.

In those pixels where an edge is detected, a syn-
thetic subimage could be generated that contains an
ideal edge, using the values of the obtained features
(sub-pixel position, direction, curvature and change in
intensity at both sides). In this way, we could gener-
ate a complete synthetic image Fi, combining all these
subimages. In those pixels where there is no neighbor-
ing edge, we keep the same value that in Gy.

The image F} will have better quality than Fp, and
therefore edge features computed with it will be more
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Figure 4: Detected edges on an angiography

precise. In fact, this scheme could be applied n times to
obtain an image F;, with much better quality. Applying
the proposed edge detector to the smoothed image G,,
we obtain much better estimations of these features.

Figure 3 shows the result of applying this scheme to
a synthetic image with noise added. Figure 4 shows
the result to a real angiographic image.

5. Summary and Conclusions

We have presented an edge model that does not as-
sume continuity in the image values, and an adquisition
model based on regions of different intensities inside
each edge pixel. Next, using these models, we have de-
veloped a method to estimate with high precision edge
features as sub-pixel position, direction, curvature and
change in intensity at both sides of the edge. Finally,
using this detector, an iterative scheme has been pro-
posed to improve image quality, in order to estimate
features with higher precision in noisy images.
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Abstract

In recent years, because cameras have become inexpensive and ever more prevalent, there has been increasing intere:
modeling human shape and motion from image data. Such an ability has many applications, such as electronic publishing
entertainment, sports medicine and athletic training. This, however, is an inherently difficult task, both because the body is
very complex and because the data that can be extracted from images is often incomplete, noisy and ambiguous.

In this talk, | will present the approach we have developed to overcome these difficulties. We start from sophisticated 3-D
animation models and reformulate them so that they can be used for data analysis. We use them, not only to represent fac
and bodies in motion, but also to guide the interpretation of the image data, thereby substantially improving performance
Using complex video sequences, | will highlight the effectiveness of our approach to video-based shape and motion captur
and demonstrate the applicability of our technology for Augmented Reality purposes. Finally, | will present some open
research issues and discuss our plans for future developments.
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Tracking facial points from calibrated stereo
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Abstract. This paper proposes an approach to track facial landmark points through a color stereo image sequence. We assume a
calibrated and rectified stereo pair. The approach only uses the color information of the images; neither new hypothesis nor

graphic models of the face are required. The approach uses the disparity space representation as the main space where carrying
out all fitting process. A robust iterative linear agorithm based on the algorithm RANSAC is used to estimate the rigid motions
of the face through the image sequence. This approach is based on the fact that the disparity information is essentially robust
against facial local motions. So we transform the stereo image sequence in adisparity space sequence, and we estimate therigid
motion between each two consecutives images from a homography between the corresponding disparity spaces. Here, the dense
disparity map is used as a feature from which to estimate the homography parameters. After compensating the rigid motion
effect, an accurate estimation of the local motion is given from alocal matching process on the color information of the image.

The approach has severa potential advantages on the use of mesh graphical model. Firstly, no graphical template is used to
track the landmark points, and as a consequence we do not have theinitialization problem; secondly, the set of points we want to
track is not fixed beforehand as happen in a mesh graphical model. In our case any point can be tracked once the corresponding
homography is estimated.

1 Introduction

Characterization of facia expressions from geometry in monocular image sequences has been one of the most active topicsin
the computer vision community [15]. The increase in the importance of applications based on the facial motion has developed
different approaches, to this problem, depending on the application requirement [1-4] [6][12-14][15][19]. The vast mgjority of
these approaches are based on the tracking of a set of facial landmark points through the image sequence [2][9][11]. In order to
track the set of landmark points, mesh graphical models mixing different types of information, extracted from the facia surface,
have been proposed [6][9][10]. The local motion estimation of each landmark point, from one image to the next, is given by the
Euclidean distance between the image coordinates of the landmark point and the image coordinate of its corresponding nodal
point in the template. There are, however, two important shortcomings in this approach. One is that an adequate graphical
template must be available before starting the tracking process. The ather isthat the rigid mation of the head hasto be estimated
from the motion of the template nodes that we assume are located on rigid patches of the face. Unfortunately, the skin of the
human face deforms in a very free way and it is difficult to define templates including nodal points that can be considered static
in general. Therefore, alternatives to the traditional use of mesh graphical models must be considered. Other associated inherent
difficulties to the graphical templates use are: i) estimation of the initial position of the template on the first image of the
sequence, and ii) automatic adaptation of the template to a new facial pose when not all the landmark points are visible.

In this paper, we propose an approach based on stereo images that have several potential advantages on the use of mesh
graphical model. Firstly, no graphical template is used to track the landmark points, and as a consequence we do not have the
initialization problem; secondly, the set of points we could track is not fixed beforehand as happen in amesh graphical model. In
our approach any point can be tracked once the corresponding homography is estimated.

Our approach is based on the fact that the disparity information is essentially robust against facial local motions. So we
transform the stereo image sequence in a disparity space fquence, and we estimate the rigid motion between each two
consecutives images from a homography between the corresponding disparity spaces [7][8]. Here, the dense disparity map is
used as afeature from which to estimate the homography parameters.

Since we are interested in studying 3D object motions close to the camera, we use the general perspective cameramodel in order
to analyze our images. An important instance of this situation appears in 3D videoconferencing systems, where the 3D shape of
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the head and face of each participant must be refreshed in each instant of time, and the usua short distance between cameras and
surfaces introduces strong perspective effects. In the case of monocular images, affine deformations have been successfully
approached [1] [3][4], but the case of perspective deformation in our knowledge remains open.

In Section 2, we introduce the geometrical concepts of the stereo images. In Section 3 the tracking algorithm is presented. In
Section 4, the disparity map estimation is discussed. In Section 5, experiments carried out and the results are shown. Summary
and conclusions are presented in section 6.

2 Stereo Images

Let us consider a calibrated rectified stereo rig, i.e. the epipolar lines are parallel to the x-axis. There is no loss of generality

since it is possible to rectify the images of a stereo rig once the epipolar geometry is known [11]. We aso assume that both
cameras of the rectified stereo rig have internal parametersthat are similar and known.

Let us consider a rectified image pair, and let (x,y) and (x',y") be the two corresponding points in that image pair. Since the
corresponding points must lie on the epipolar line, the relation between the two pointsisxX'=x - d, y'=y whered is defined as
the disparity of the point ). From rectified stereo images, we can define disparity spaces that are equivadent to a 3D
reconstruction of the points up to a homography of the 3D space [8]. The equations relating the coordinate vector (X,Y,Z) of a

3D point to its disparity coordinate vector ()‘( y.d )T in the case of oriented and rectified cameras are [19]:
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where X, Yo, X ¢ are the principa point coordinates of the left and right image, respectively, a and a” are the focal distance of
the left and right cameras, respectively and B is the baseline of the stereo rig. All image coordinates are expressed in terms of
pixels. From expression (1), assuming a=a’, the homographic relationship between the 3D coordinates of a point X=(X,Y,Z)"

and its associated disparity vector (x,y,d)" can be expressed as
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or in ashorter way as
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2.1 Rigid motionsin thedisparity space

Let usapply arigid motion on the 3D data. If X and X" represent the 3D coordinates of a point before and after the motion, then
aX'0_aR T@EXo 5
g lg go 1$1 2
From expressions (4) and (5) we obtain
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Equation (6) describes the 3D homography G relating the disparity homogeneous coordinates of a point before and after the
motion .

(6)
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3 Tracking Algorithm

3.1 Noiseon thedata

The source of the noise in the disparity space is known. The disparity coordinates x and y are affected by the noise produced
by the discretization effect and without additional information can be assumed equal for al pixels. The noise on d is associated

to the change in the gray level of the pixds in the stereo matching process and could be estimated from this process. We can
therefore assume that the associated noise to x,y and d are independent. Although there is no reason to consider the variance

of d equal to the variance of the discretization error, the covariance matrix of the noise on each point of our disparity space can
be taking as W=s? |44 in case we do not have additional information. Other important noise source, in our case, is the local
motion of the points. All the correspondences between points affected of local motion are erroneous according to the
correspondences defined by the 3D rigid motion. So, in order to estimate the rigid motion, a robust agorithm selecting
correspondences free of this noise must be considered. An important consequence of the local motion noise is the difficulty of
using set of interest points in our estimation algorithm, since we do not know in advance if these points are affected or not by
this contamination.

3.2 Rigid motion estimation

Let (t;,t’;) be aset of point correspondences. The problem of estimating the rigid motion parameters (R, T) from the set of
points(t;, t ') amountsto minimizing the error

E = é d(tli :Gti)2 ' d(tli aGti)z = (tli- t'iG)TO_l(t'i‘ tliG) Y

where t'6=(tS/tS t S/t tS/tC) isthe estimated Euclidean coordinate vector for t'; from (6), and W is the
covariance matrix of the disparity vectors [7]. Here we assume an i.i.d noise model. Equation (6) shows that this error function
is not linear in the parameters for (R,T), so an cuasi-linear iterative algorithm has been used to estimate the vector of six
unknowns by parameterizing the rigid motion. Here we are interested in small rotations (< 5 degree), so the rotation matrix can
be expressed as R=1+[w],, where | is the identity matrix and [w], represents the skew-symmetric matrix associated to the
vector w. Aninitia solution for the vector (w,T)" can be calculated from equation (6), solving the linear system that appears by
considering the eguations associated to Euclidean coordinates of all the points t and t” and assuming all | =1. In the next
iteration we recalculate the value of | from the above solution and again solve equation (6) for a new solution. We iterate until
convergence of the vector (w,T)". In our experience, three or four iterations are sufficient

Nevertheless, the presence of outliers in the correspondences between the disparity maps degrades the estimation considerably.
In order to circumvent this problem a RANSAC based algorithm is proposed in Table 1.

Iterative robust algorithm
I. To estimate and normalize the set of disparity vectors
1. To cluster the disparity vectors in classes according to its
di sparity val ue.
111. Repeat N iterations
i . To random n>2 cl asses. To take one vector from each cl ass.
For each vector to calculate lj, Ay and bj
ii. Solve the full system|AX=b for X

iii Count the number of inliers on all the correspondences.
1V. To take as solution that with the highest nunber of inliers.

Tablel.
We cluster the disparity vector in classes in order to benefit samples with different disparity points. The regions with higher

disparity have an definitive influence in the accuracy of the rigid motion estimation, but these regions in genera are smaller in
number of pixels.
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3.3 Local matching

The estimated homography, between each two consecutive disparity spaces, compensates the rigid motion of the head from one
image to the other. But in order to estimate the local motions of the face we carried out a matching step by local search. We
start transferring, by the homography, the image coordinates of the points from the first image to the second. Then a
crosschecking cross correlation matching on a 17x17 size search window around each transferred coordinated is carried out.
The 13x13 size correlation window is adapted in each point from the rectified color values defined by the homography.
Although, the searching pattern defined by the correlation window it is not the real one, it can be assumed that it is very closeto
it. Inlocal patcheswith low texture, however, thisfitting step can produce small oscillations around the true location. Asfigure
of merit to minimize we use the normalized cross correlation.

4 Disparity map estimation

We egtimate two dense motion maps in this approach. Firstly, we estimate the disparity map for each stereo image, and
secondly, we estimate the dense motion vector map associated with every two consecutive left and right images, respectively.
From the disparity map we segment a region of interest by applying a binary threshold on the disparity value range. The
threshold is fixed to define our region of interest. From the mation vector map we segment a new region of interest defined by
the pixels where the motion vector norm is higher than a fixed threshold. The intersection of both regions segments the subset
of moving points of the scene with disparity value higher than the fixed threshold. In order to remove isolated small regions we
apply asizefilter to the intersection region. Figure 1 shows an example of the region of interest estimation process.

] .
(b) (d)

{
@
Fig. 1. This example corresponds to rotation left-right of the head. Picture () represents the estimated stereo disparity map, picture (b)

represents the x-mation dense map, picture (c) represents the y-motion dense map, and picture (d) represents the result of the union of picture
(b) and picture (c) intersection with picture (a).

g,

Dense disparity maps estimation from two images is a very active field of research with many different techniques classified as
local o global approaches [5][16]. We have combined a local approach to obtain the maximum possible accuracy with a
smoothing surface-fitting step to fill the holes. We start applying a crosschecking adaptive multiple window algorithm,
minimizing the normalized correlation, on a fixed number of scales. We caculate the disparity of each pixel in al the scales
and we take out that with higher correlation value. Once we get this first disparity raw estimation, we fit a smooth surface using
a penalized conjugate gradient algorithm [17]. We also have experimented with global methods based on cut graphs algorithms
[16]. In our experience, however, athough these methods aways return a dense disparity map, the estimation is too smooth to
be useful in the rigid motion estimation. In Fig.2 we show some of the obtained disparity map estimations.
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Fig. 2. Thisfigure, from left to right, shows samples of the estimated disparity map sequence for the image sequence shown in figure.3. The
first two rows show the raw disparity maps. The second two rows show the result of fitting a surface to the above raw estimations. All these
images correspond to the left image of the stereo pair. The higher gray level the higher disparity.

From Figure 2 we can evaluate the quality of the estimation obtained. It can be appreciated, as the disparity maps are coherent
with the 3D rigid motion of different parts of the face. Some estimations present noisy patches that could influence the rigid
motion estimation. But, in our experience the algorithm RANSAC has managed this situation very properly. The combination of
estimations obtained from the different scales has mainly beneficed the disparity estimation of the texturelessregion of the face.

5 Experimental results

Experiments to estimate 3D facial motions have been carried out from different 640x480 stereo image sequences captured by a
factory calibrated Pointgrey stereo camera (Bumblebee) with 4mm focal length lens, watching an actor moving his face freely to
a distance to the camera lower than one meter. A fixed window inside the captured images fixed the sub-images of interest. Our
algorithm was applied to the image sequence defined by the sub-images. The proposed a gorithm was applied on every two
consecutive stereo images in the sequence. In order to assess the quality of the rigid motion estimation process we synthesized a
new sequence of images by interpolating from the estimated motions and the origina sequence. In the cross-correlation
disparity calculation we use the scales defined by odd size correlation windows ranging from 7 to 15.

Figure 3 shows six equally spaced samples taken from an image sequence of fifty images. It can be seen the strength of therigid
and local facia motions respectively. Figure 4 shows how accurate the estimated rigid motion for this particular sequenceis. We
compare the norm of the difference between two consecutive images, with the norm of the residual calculated by the difference
between an original image and its corresponding synthetic. The large decrease in the norm of the difference image from the first
case to the second case, showsthat the rigid motion is compensated enough.

Fig. 3. Thefirst and second rows show a summary of the left and right images respectively of a stereo sequence of fifty images. Strong rigid
and local motions can be appreciated along the image sequence.
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The first row of figure 5 shows the result of applying the proposed agorithm on the stereo image sequence shown in figure.3.
The landmark points, in white, were selected by hand in the first image of the sequence and the proposed algorithm
automatically calculated their locations in the rest of the images. It is shown, as the locations of the landmark points are stable
independently of the facial changes, although some of the selected points present difficulty in tracking. In particular, the point
just on the tip of the nose is a difficult point since the disparity of this point is usually underestimated in the disparity fitting
process. As aconsequence, higher transfer error is obtained by the homography. There are, however, unsolved difficultiesin our
approach. The most important is the recovery of the landmark point location after an occlusion. This situation is present in
figure 5 from the third sample. It can be seen how the right extreme of the right eyebrow disappear as consequence of the head
rotation. In this case the fitting process follows the texture of the eyebrow but eventually loss the point, as it can be appreciate
in the last picture. It also can be observed how some of the points oscillate around its true location. This is a consequence of the
use of cross-correlation and the texture variation with the motion. A possible improvement to the use of gray values cross-
correlation, in this second step, would be the use of illumination and motion invariant vectors characterizing the matching area.
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Fig. 4. Thisfigure shows four graphs each of which is the norm of the gray level difference pixetby-pixel from two images. The graphs Init.I-
error and Init.r-error show when the images are two origina consecutive right images and |eft images, respectively. The graphs Fitt_|.error and
Fitt_r.error show when the two images are the origina and synthesized, by the estimated homographies, for the right and left images,
respectively.

The proposed technique is time efficient since the costliest step is the disparity estimation by cross-correlation which can be
implemented efficiently. In the algorithm RANSAC step of the homography estimation process a maximum of 300 samples of
three elements each were sampled.




Fig. 5. Thisfigure shows, from left to right, a subsequence of images from the original sequence. In white, shows the estimated location of the
selected set of landmark. The first image (top-left) shows the initial locations. All images belong to the left camera of the stereo pair

6 Summary and Conclusions

A new approach to the moving and static facial point-tracking problem from stereo geometrical information has been given. A
robust agorithm to estimate the rigid motion of the head between consecutive images has been proposed. We have shown that
the dense disparity map isarobust and useful feature in order to estimate the rigid motion parameters. The use of a homography
to transfer static and moving points between images, it is a clear improvement in comparison to the approaches to the same
problem in monocular sequences, where a similar transfer mechanism for points in motion does not exist. In this approach only
the observed image data and the camera calibration data has been used in order to regularize al the fitting process. Furthermore,
the set of points to track does not need to be fixed in advance as happen when a graphical templates is used. Any point in the
region of interest can be tracked once the homograhies are estimated. But in order to have a definitive approach the recovery of
the landmark location after occlusion must be solved. In the same way, more sound and elaborated window matching
mechanisms, invariants to 3D rigid and local motions, have to be approached in order to increase the accuracy of the loca
matching step.
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Abstract

In this paper we describe a new method for detection and
initial pose estimation of a person in a human computer
interaction in indoor uncontrolled environment. We used
the Koepfler-Morel-Solimini mathematical formulation of
Mumford-Shah segmentation functional adapted to color
images captured from two cameras. The idea is to obtain
a system to detect the hands and face in a sequence of
binocular images. The skin color is predefined and a
procedure is parameterized to segment and recognized
the homogeneous regions. Also we fit our results to a
restriction that the two hands and face must be detected
at the same time. Also we used a biomechanical
restriction to reach this initial estimation. So the centroid
of the blob is computed for every region. The process is
carried oout from two calibrated cameras that allow the
system to reach a 3D reconstruction.

1 Introduction

In actual computers systems the interaction is going to a
non-contact devices. That’s means that allow the user to
interact without physical contact with the machine; this
communication can be carried out with voice or user
gesticulation capture. We are especially interested in
visual information, so recognize the human presence in
colour video images. Also we would like to define a
general, robust and efficient system that can be used with
non-expensive cameras and digitalizing cards. Capture is
carried out from colour cameras. The process is over 2D
images, also we have done experiments with two
calibrated cameras and a 3D reconstruction module build
a 3D scene in real time.

The global process must detect a new user entering the
system and analyse him/her to determine parameters such
as hair colour and clothes. Once, the user who is going to
interact with the machine has been detected, the system
starts to track interesting regions such as the head, hands,
body and joints, using information obtained in the user
detection task. The input data for the gesture
interpretation process are the position and orientation of
these regions. This process will determine which gesture
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the user has carried out. Next, these gesture data are sent
to the execution process, which ends the process by
performing the action that has been specified, and so
completing the feedback process.

In the following section, we explain briefly the
mathematical background of the segmentation process.
Section 3 introduces the main method to detect the user in
front of the camera and carefully explains the analysis
process and parameters needed for a future tracking
process. Section 4 explains 3D reconstruction module
from two calibrated colour cameras. Finally, we conclude
with some new and extended results including a set of
colour images and conclusions, future works and
references. This work is a new version of [8] improving
the segmentation process and the result ratio in
classification process.

2 Multichannel Segmentation Algorithm

Image segmentation is the first step in data extraction for
computer vision systems. Achieving good segmentation
has turned out to be extremely difficult, and is a complex
process. Moreover, it depends on the technique used to
detect the uniformity of the characteristics sought
between image pixels and to isolate regions of the image
that have this uniformity. Multiple techniques have been
developed to achieve this goal, such as contour detection,
split and merging regions, histogram thresholding,
clustering, etc. A Survey can be found in [1].

In color image processing, pixel color is usually
determined by three values corresponding to R (red), G
(green) and B (blue). The distinctive color sets [7] have
been employed with different goals, and specific sets
have even been designed to be used with specific
segmentation techniques [1].

We define a color image as a scalar function g = (g', g%,
g’), defined over image domain Q — R’ (normally a
rectangle), in such a way that g: Q — R°. The image will
be defined for three channels, under the hypothesis that
they are good indicators of autosimilarity of regions. A
segmentation of image g will be a partition of the
rectangle in a finite number of regions; each one



corresponding to a region of the image where components
of g are approximately constant. As we will try to
explicitly compute the region boundaries and of course
control both their regularity and localization, we will
employ the principles established in [2, 4, 6] to define a
good segmentation. To achieve our goals we consider the
functional defined by Mumford-Shah in [3] (to segment
gray level images) which is expressed as:

3
EwB)= [ ' g ) du+ 24(B)
o i=l
where B is the set of boundaries of a homogenous region
that define a segmentation and u (each ") is a mean
value, or more generally a regularized version of g (of
each gk) in the interior of such areas. The scale parameter
A in the functional (1) can be interpreted as a measure of
the amount of boundary contained in the final
segmentation B: if A is small, we allow for many
boundaries in B, if 4 is large we allow for few boundaries.
A segmentation B of a color image g will be a finite set of
piecewise affine curves - that is, finite length curves - in
such a way that for each set of curves B, we are going to
consider the corresponding u to be completely defined
because the value of each u' coordinate over each
connected component of Q \ B is equal to the mean value
of g in this connected component. Unless stated
otherwise, we shall assume that only one u is associated
with each B. Therefore, we shall write in this case E(B)
instead of E(u, B). A segmentation concept which is
easier to compute is defined as follows:
Definition 1. A segmentation B is called 2-normal if, for
every pair of neighboring regions O; y O; , the new
segmentation B’ obtained by merging these regions
satisfies E(B”) > E(B).
We shall consider only segmentations where the number
of regions is finite, in other words Q \ B has a finite
number of connected components and the regions do not
have internal boundaries.
A more detailed explanation of the concepts and their
mathematical properties can be consulted in [2, 4] and we
can see the properties of the functional in [3,4]. The use
of multichannel images (eg. color images) can be seen in
[4, 5]. We shall use a variation of segmentation algorithm
by region merging described in [2] adapted to color
images.
The concept of 2-normal segmentations synthesizes the
concept of optimal segmentation we are looking for, and
it lays on the basis of the computational method we use.
The 2-normality property is well adapted for the
construction of an algorithm based on region growing by
merging neighboring regions. Two regions will be
merged if this operation reduces the energy. At each step
we need to compare the balance of energy if we remove a
common boundary 8(0;, O)) of two neighboring regions
0;, O;. If B is 2-normal, one has E(B) < E(B - 9(0;, 0))),

)
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which, in the case of a piecewise constant function u,
implies the balance
teX .‘0 ‘ 3

J k_k 2
ST S f )
‘Oi‘ +‘0j‘ k=1
where || is the area measure and u;, is the approximation
of g on O; to compute the data for evaluating the balance
for each region O; we associate its area |O; and we can

compute ulk =J. gk /|01.| for k=1, 2, 3.
OI

M(8(0,0;)) < ©)

We call equation (2) the merging criterium. We decide to
remove the common boundary 9(0;, O;) of O; and O; if
this equation is not satisfied. By repeating this step, that
is, by comparing the balance energy for deciding to join
any two neighboring regions, we finally obtain a 2-
normal segmentation for the scale parameter A, a
segmentation, i.e., where no further elimination improves
the energy. Then, we have implemented a multiscalar
algorithm and data structure similar to that used in [2] but
adapted to color images and real time processing.

The algorithm used the RGB components, because the
segmentations obtained are very accurate to our goal. But
the system is able to use another color space or color
descriptor as we can see in [1]. Moreover, if it is needed it
can weigh the channels used in order to obtain the
segmentation.

3 User Detection and Initial Pose

The image is captured and segmented with the algorithm
explained in the previous section and is then analyzed to
determine whether it is a user or not, as we can see below
in a work related with this topic [6]. If a user has been
detected, the system studies him and obtains some
parameters that will be useful in the tracking and analysis
process [7]. By applying this process directly to
segmented images without using information from
previous frames, the system is robust to background
changing and variable illumination. The parameters
obtained from the segmentation task are fixed in order to
user interactions with upper torso (body, arms, hands and
head). The system obtains the upper torso configuration:
shirt, hair, hands and face. User detection process is
waiting for a user located opposite the camera, with hands
separated and at the same height that head, then it
recognizes and later analyzes user configuration.

This module receives a segmentation of the captured
image, analyzes every region and marks as skin region if
its RGB medium value is in a characteristic color range of
skin. To achieve more homogenous regions, neighboring
skin regions are merged. This merging is carried out to
avoid detecting a hand or the face in two neighboring
regions, following the merging criteria:



VO;,0,;/Neighbour(0;,0; ) A
Skin(O; ) A Skin(0; ) = 0; VO,

where Neighbor(O;, O;) means that two regions are
neighbors and Skin(O;) means that is a skin region.

After this, we obtain a skin region set, called f, where any
pair of skin regions are separated.

For all ordered set of three regions included in S, we
identify each one as face Z, left hand Y; and right hand Y,
then we evaluate a criteria to determine whether this
configuration is correct.
%ggcio(oi,oj,ok).- V0,,0,,0, € fj>a

(€))
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where o is a threshold probability and we call ¢ the user

detection function. In this function we take into account

the following:

— Central region, face, must be the biggest.

— Lateral regions, hands, have a similar area.

— Face region area A(Z) must be between a minimum Z~
and a maximum Z *

— Hands area A(Y;) and A(Y,;) must be between a
minimum Y~ and a maximum Y ©

— Vertical position Y; and Y, should be similar and
nearest possible to Z

The user detection function returns a value between zero

and one that measures the probability that a user has been

detected. From all possible combinations of Z, ¥; and Y,

the one with the greatest value, greater than a reference

minimum value o, is chosen as the best configuration.

In order to apply the above algorithm, we need to fix the

following values: a color range of skin to detect hand and

face regions, a threshold probability a to discriminate non

expected initial positions. To avoid high differences of

hands we include an area similarity criterion, a maximum

size of hand area is also necessary. All these parameters

are used in order to discriminate bad detections.

All threshold values are established in relation with

camera to user distance and image resolution. This

distance is predefined by initial application setup.

After a user has been detected, the same image is

analyzed to determine hair and shirt color. Region

proposed as hair, X is the upper neighboring region of Z if

A(X) / A(Z) relation is greater than a threshold, hair is

discarded and is considered that it is a bald user.

To analyze shirt, the following algorithm is applied.

Initially, shirt region W is the greatest region whose upper

boundary is included in the boundary of Z (see Figure 1).

Afterwards, neighboring regions of W are joined until Z is

connected with Y; and Y, through W. A candidate region

T; chosen at every step i to be joined to W is in relation

with: color space distance between mean color of 7 and

W, and distance in pixels from 7'to Y; and Y.

With this process, the system detects a user and obtains

useful data for the tracking system.
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Figure 1. Shirt region detection

4 3D Reconstruction

To achieve a 3D reconstruction we merge data obtained
from two calibrated cameras. We label camera 1 and 2.
Every camera do separately the segmentation and user
detection porcess. Calibration is done with a classical
calibration algorithm without distorsion.

We use a non distorsion calibration because OpenGL
doesn’t allow distorsion in its graphics pipeline, OpenGL
is a graphics library developed to work in real time,
others real-time graphics libraries don’t implement
distorsion. To generate an approximated distored image is
necessary to generate distorsion from the image generated
by OpenGL, and the image quality and frame rate is
decreased.

The 3D reconstruction receives as input data the regions
detected obtanied from user detection. For every region:
face, left hand and right hand we compute the center in
the 2D image space from the two images. With regions
center compute the 3D position intersecting the two lines
that cross region center and camera position. This two
lines practicaly never will intersect, then is computed as
3D position the point that is nearest to two lines.

At this point we have the 3D position for the face, right
and left hand, and we need more information for obtain a
3D volume, the volume selected to model the regions is a
sphere.

We have computed the center of the sphere, and the other
parameter needed is the radius. First, the radius is
computed in the image space as the circle that has the
same areas that the region has been detected.

Second, the 3D radius is estimated for camera 1 and
camera 2 taking into account the distance from the camera
to the 3D position, and the radius of the region.

Last step merges 3D radius obtained from camera 1 and
camera 2, 3D radius is the mean value for the two
cameras.

Now, we build a 3D scene with 3D positions and 3D
radius for left hand, face and right hand. The user
navigate trought scene. All process is done in real-time,
only a little delay is produced due to basically to
segmentation process.

5 Results

We have implemented the above algorithm in C++. It has
been tested in 320x240 resolutions (Figure 2) and
640x480 standard video resolution (Figure 3). We



initialize the multichannel segmentation algorithm with
an initial segmentation wich is a grid of size T x Ty on
the image, usually we take T, = T, = 1, 2 or 4. From this
initial segmentation, the algorithm determines a 2-normal
segmentation following the merging criterion described in
(2) and the specifications of the algorithm described at the
end of section 2. The stopping criterion can be: if the last
level A = 2" has been reached or if there is just one region
left or if the desired number of regions is reached. In our
displayed experiments the stopping criterion is to achieve
a fixed number of regions. Then, we apply the algorithm
described in section 3 where the selected parameters are
detailed: Skin range color in HLS ([0-10], [20-230], [62-
255])

In the two sequences of pictures we can see in Green the
boundaries of hair region. The color Red is used for
boundaries of hand and face regions, the centroid of these
regions is visualized with a solid red square. In Pink we
display the upper-torso boundary and finally we use
Black and White for other regions detected for the
segmentation algorithm.

In the first sequence we take a 2x2 initial segmentation
and the system runs at 5 frames/second in a P4 1.6GHz.
We display several different initial positions and cloth
configuration; and we can see how the proposed method
detects the interesting regions. In the second sequence,
Figure 3, we display the same initial pose image and the
results obtained with different size of initial segmentation,
from top to bottom we use 1x1, 2x2, 4x4 respectively.
Left column pictures are 320x240 and right ones are
640x480. In the first case, the system runs at (.32
frames/second, 1.41 frames/sec and 6.70 frames/sec; and
in the second 0.08 frames/second, 0.30 frames/sec and
0.82 frames/sec respectively.

Figure 4, we display from a population of 30 persons,
where 29 persons have been perfectly detected. Figure 5
displays 3D reconstruction images generated by OpenGL.

6 Conclusions and Future Work

In this paper we have proposed a new system for user
detecting for HCI that does not use background
substraction, therefore the system is robust to
environment and illumination changes. Moreover, it
analyzes the user to determine parameters that will be
useful for a future tracking process. The region
segmentation process based on the Koepfler-Morel-
Solimini algorithm adapted to multichannel images is
sufficiently good and beneficial for our aims. Besides, the
process is carried out in real time. The software
implementation is efficient and OOP. The result of this
process is the input of a tracking and reconstruction of an
intelligent human computer interaction system. It remains
as future work to do tracking of interesting body parts and
to interpret movements in order to carry out action
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recognition that the user is performing. At the moment,
we are working on particle filter tracking with a
biomechanical model to reduce the search space
solutions. Moreover, a stereo version is proposed to
improve final results.

This paper is subsidized by the project IST-2001-32202
HUMODAN and CICYT TIC2001-0931.

7 Referecnes

[1] H.D. Cheng, X.H. Jiang, Y. Sun, JinGli Wang “Color
Image Segmentation: Advances and Prospects”,
Journal of Pattern Recognition 34, (2001), pp. 2259-
2281

G. Koepfler, JM. Morel, and S. Solimini,

“Segmentation by minimizing a functional and the

merging methods”, SIAM J. on Numerical Analysis,

Vol 31, No 1, Feb. 1994

D. Mumford and J. Shah, “Optimal approximations

by piecewise smooth functions and variational

problems”, Communications on Pure and Applied

Mathematics, XLII(4), 1989

J.M. Morel and S. Solimini. “Variational Methods for

Image Segmentation”, Birkhauser Verlag. 1995

M. Gonzalez “Segmentacion de imagenes en Color

por método variacional”. Proc. Del XIV C.E.D.Y.A.

y IV C.M.A. pp 287-288, 1995.

C. Ballester, V. Caselles and M. Gonzalez, “Affine

invariant segmentation by variational methods”,

SIAM J. Appl. Math., Vol. 56, No 1, pp. 294-325,

1996

G. Wyszecki and W.S. Stiles “Color Science:

Concepts and Methods. Quantitative data and

Formulae” Wiley, 2" Edition, 1982

[8] I. Haritaoglu, “W4: Real-Time Surveillance of

People and Their Activities” IEEE Transactions on

Pattern Analysis and Machine Intelligence, vol 22

No8, pp 809-830, 2000

H. Sidenbladh, M.J. Black and D.J. Fleet “Stochastic

Tracking of 3D Human Figures Using 2D Image

Motion” ECCV 2000.

[10]J.M. Buades, M. Gonzalez, F.J. Perales. “A New
Method for Detection and Initial Pose Estimation
based on Mumford-Shah Segmentation Functional”.
IbPRIA 2003. Port d’Andratx. Spain. June 2003. pp
117-125

(9]




Figure 2. Some results obtained in real time with a
Sony VFW-V500 camera. Images are 320x240
resolution in RGB color.

Figure 3. Some results obtained with different size of
initial segmentation.
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Figure 5. 3D Reconstruction. Captured images, frames
0, 50, 60 and 65, from camera 1 (left image) and
camera 2 (right image), down OpenGL image build
with 3D scene. For frame 65 (right column) three
difernts points of view.
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Abstract

In this paper we present a real-time face tracking system.
It performs robustly under reasonable environment condi-
tions (e.g. those in an office) and with a minimal initialisa-
tion: a skin colour patch, and an image sequence with the
user performing a set of facial expressions. Depending on
the initialisation (e.g. face resolution), the system may per-
form robustly at more than 30 frames per second, in spite of
oclussions and illumination changes.

1 Introduction

Automatic face analysis has a broad range of applications
ranging from human-computer interaction to video confer-
encing or computer graphics. A good face analysis system
should be non-invasive, that is, the user should not have
any artificial marks on his face, nor wear any special de-
vice. Given the performance of present desktop comput-
ers, the inexpensive cost of digital cameras and the matu-
rity of many of it’s techniques, Computer Vision is possibly
the most promising approach for buiding an automatic face
analysis system.

Although very attractive from an application point of
view, a face it is not an easy object to analyse using Com-
puter Vision techiques. This is mainly due to the non-
rigid nature of motion of some of its most expressive parts,
namely, mouth, jaw, eyes and eyebrows. Tracking algo-
rithms try to represent non-rigid motion by modeling tar-
get appearance in various ways. Some use texture [1],
colour [2] or shape [3] statistics, or both [4], others em-
ploy textured 3D models [5], and finally, many use linear
subspace models of texture [6, 7] or shape and texture [8].

In this paper we present a real-time human face ex-
pression analysis system for video sequences consisting of
head-and-shoulder images. It is based on a tracking ar-
chitecture made of a set of different tracking algorithms
and a control automata which coordinates their execution.
This allows the adaptation of the tracker to variations in
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the environment conditions (illumination, oclussions, etc)
by choosing the most appropriate visual cue for tracking.
This means that the precision on the estimation of target
pose will vary depending on scene conditions.

2 System overview

The system is organised in four levels, or trackers, with a
finite automaton co-ordinating their execution (see Fig. 1).
Each level represents a tracker with different tracking cues.

Suocess Failure

Suooess Random }

area selector

Suooess Colour based

tracker

Template based

Appearence
tracker

tracker

Success
Failure

Figure 1: Tracking system state diagram

Failure Failure

The first level is a random area selector. When the sys-
tem is in the initial state or when it has lost the target, it
randomly looks for the face in the camera field of view. The
second level is a colour-based tracker which uses a modified
version of the well known Grey World colour constancy al-
gorithm for modeling skin colour. Next level is a param-
eterised optical flow-based tracker that estimates the head
3D pose from an initial image template of the user. And
finally, the user’s facial expressions is estimated through an
appearance based tracker that estimates both, pose and the
parameters of a linear subspace model of the most expres-
sive parts of the face (the eyes and the mouth).

In the following sections we will present this facial ex-
pression analyser.

3 Colour based tracking

Skin colour is the most frequently used feature for face de-
tection and tracking [9]. The primary problem in automatic
skin detection is colour constancy. The colour of an image
pixel depends not only on the imaged object colour, but also



on the lighting geometry, illuminant colour and camera re-
sponse. This means that the RGB (Red, Green and Blue)
values of a patch of skin can be very different depending
on the camera used to capture the image, the colour and in-
tensity of the illumination, the relative orientation between
camera, skin surface and light source, or the existence of
shadows or highlights in the image. Colour constancy al-
gorithms model these effects and try to obtain colour in-
variants that facilitate the identification of a given colour
under varying environmental conditions. For example [10],
if the scene light intensity is scaled by a actor s, then each
perceived pixel colour becomes [sR, sG, sB]. On the other
hand, a change in illuminant colour can be modelled as a
scaling o, B and ~ in the R, G and B image colour chan-
nels. In this case the previous normalisation fails. The
Grey World (GW) algorithm [10] provides a constancy so-
lution independent of the illuminant colour by dividing each
colour channel by its average value:

aR aGG aB
SR EyG Iy, B

In this section we introduce a colour constancy algorithm
that can be used for real-time colour-based image segmen-
tation. The algorithm is based on GW and exploits the re-
dundancy of the image sequence in order to compute the
relative change in illumination between the images of the
sequence.

[aR, 3G, yB] — | J-

3.1 Dynamic GW based tracking

According to the effect on the [RG B] values of geomet-
ric and colour changes in the illumination, two pixels I(ij)
and I(kl) of an image would have the following [RG B] val-
ues: [sijarij, sijB39ij, 8ivbisl, [Skiarkt, skiBgts Skvbral,
where [r;;, gij,bi;] and [rx;, g, bii] represent surface re-
flectance; i.e. real object colour, independent of the illumi-
nant.

Let us define the image average geometrical reflectance,
fi, 8s

o= [ur, g, o]
1 1 1
= |5 Z SijTijs Z SijJijs Z sijbij |
igel ijel ijel

where n is the number of image pixels. It represents the
average [RGB] image values, once the colour illuminant
component has been removed.

If we assume that the average geometrical reflectance is
constant over the image sequence, then the following nor-
malisation, called Projective GW Normalisation, removes
the illuminant colour and intensity changes:
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This normalisation is still valid just for static scenes. The
dynamic extension to the basic GW is based on the fact that
when a change in the average geometrical reflectance (i) is
detected, the GW colour descriptors for the present image
I;gl; can still be computed with the the average pixel values

of the previous image, ,zi;;l. In this situation we segment
the present image with the the average pixel values of the
previous one, and let the present image be the reference im-
age.

The problem now is how to detect a change of sub-
sequence. We do this just by searching for a change in
the average geometrical reflectance. This cannot be accom-
plished by analysing ﬂﬁgb, as it also changes with the illu-
minant colour. We solve this problem by monitoring the
average GW descriptors of some face pixels. As they are
invariant to illuminant colour changes, a change in these
descriptors is necessarily caused by a change in average ge-
ometrical reflectance.

4 Template based 3D planar tracking

Let P be the image of a planar object. Assuming no changes
in the scene illumination, the following minimisation®

HL_IHHI(f(iaﬂ)vtn) _I(i'vtO)H27 (1)

can be solved linearly by computing i incrementally while
tracking. We can achieve this by making a Taylor series
expansion of (1) about (4, ¢,,) and computing the increment,
dfi, between two time instants [11]:

o= —(MTM) " M1, 1) - 1@, 50)] ()

where M is the Jacobian matrix of the image w.r.t. & and
the dependence of I on ¢ has been dropped for convenience.

While tracking, matrix M must be recalculated in each
frame, as it depends on . This is computationally expen-
sive, as M is of dimension NV x n, being N the number of
template pixels and n the number of motion parameters. In
the sequel we will factor M in order to simplify this com-
putation [7].

M can be written as

VII(@, ﬂ())sz(:fla ﬁ)ilfﬂ(i'lvﬂ)

M(z) = , (3)

V.I(Zn, ﬂo)fo(éN, 1)~ fu(@N, )

11(z, t) isacolumn vector constructed scanning P.




where V.1 is the template image gradient, f, is the deriva-
tive of the motion model with respect to the pixel coordi-
nates and f,, is the derivative of the motion model with re-
spect to the motion parameters.

Depending on the motion model, M may be factored into
the product of two matrices [7],

V. I(Z1, fio) "T(Z1)

M(p) S(p)=MoX(n), (4)

VoI(Zn, o) "T(Zn)

a constant matrix Mg of dimension N x m and a matrix
3 of dimension m x n, that depends on . As M, can be
precomputed, this factorisation reduces the on line compu-
tation to

6f = —(X "My MX) 'S ™M [1(z, fn) — 1(Z, fio))-

(®)
Matrix M, is the Jacobian of the template image. It is our
a priori knowledge about target structure, that is, how the
grey level value of each pixel changes as the object moves.
It represents the information provided by each template
pixel to the tracking process. Note that we cannot track
any object, as in order to solve (4), a non singular M M,
matrix is needed. This is a generalisation of the well known
aperture problem in optical flow computation.

4.1 Projective model for planar tracking

Hager and Belhumeur [7] did the Jacobian matrix factori-
sation for the translation-scale, affine and one non linear
motion model. Although is said elsewhere that it is not pos-
sible [12], in this section we introduce the factorisation for
the projective case.

Let = (u,v)" and z, = (r,5,\)" be respec-
tively the Cartesian and Projective coordinates of an im-
age pixel. They are related by: 7, = (r,s,\)" — = =

(r/X\,s/A) " = (u,v)"; X # 0. The 2D projective linear
transformation can be written as
a d g r
f(i'h,ﬂ) =Hz, = b e h s |,
c f 1 A

where the motion parameter vector is now [
(a,b,c,d,e, f,g,h) . Taking derivatives of f with respect
to z and [z ?,

f/i’h (a_jha/-_j‘)71 = Hﬁl’ (6)
r 0 0 s 0 0 A O

fa@p,p)=10 r 0 0 s 0 0 A 7
00 00 s 0O

°The derivative of I wurt. Zn, is Vg, IL@) =

P P P P T
o1 2O1 o1 o1
[0 5 —ufe —v 8]
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and introducing them into equation (4) the projective fac-
torisation of M arises:

D(Zh) = [rIsxs | slsxs | tlsxs],
! 0 0
= 0 H! 0
0 0 Hy

S(8)

Note that the planar tracking algorithm has to iterate over
the equation (5) until convergence. In the current imple-
mentation we make the processing at two resolution levels
and two iterations per level at video frame rate.

4.2 3D pose estimation

The tracking model presented in the previous section com-
putes the homography H{ between the present image and
the stored template. In this section we are going to show
that it is possible to estimate the 3D pose of the tracked
patch from H{; by using a calibrated vision system.

So far we have only computed 2D information. In order
to have 3D information we have to compute two more ho-
mographies: one from P to the image plane at ¢,, HY,, and
another from P to the image plane at ¢,,, Hj},, see Fig. 2.

Imageplaneatto Image plane at t,,
Figure 2: Projective transformations involved in 3D plane
tracking.

Let (Xp,Yp) " be the Cartesian coordinates of a known
pointin P and let (zo,%0) " be Cartesian coordinates of the
projection of (Xp,Yp)" onto I at ¢, (i.e. at the template
image). HY, can be computed off line from:

[wo yo 1] = Hiy [Xp Yp1]" . ®)
given the projection of, at least, four known points on P.

On the other hand, Hf;, can be computed from the cam-
era projection matrix by choosing the scene coordinate sys-
tem to have X and Y axes on plane P and axis Z perpen-
dicular to it (see Fig. 2).

[0 yn 1]T = AK[Fy 72 ] [Xp VP 1] 9)
——

n
H w



where R and ¢ are respectively the orientation and the po-
sition of P in the camera coordinate system, 7; is the ith
column of matrix R, \ is a scale factor and K is the camera
intrinsics matrix.

Now, from (8) and (9) we get

[Tn Yn 1]T = AK[r 72 ﬂ(H?/V)il [z0 Yo 1]T

Hy

(10)

From which we obtain the relation between the homog-
raphy computed in the previous section, H{, and the pose
of P. So, if the intrinsics K and the homographies HY;, and
H{ are known, we can compute H*,

H* =K 'H{H), = \[Fy 72 1] (11)
The translation is obtained directly from the third column of
H* but in order to obtain the rotation matrix we still have to
impose some constraints:

e | 7 ||=|| 72 ||= 1, as R is a rotation matrix. In this
way we get 7, and 7.

e 73 | 7y and 73 L 7o, from where we get 73.

4.3 Pixel selection for faster tracking

In this section we will further improve the tracking proce-
dure presented in the previous section by reducing the num-
ber of template pixels used for solving equation (5). This
improvement comes not only from having a smaller ma-
trix My, but mainly from diminishing the number of pixels
warped to compute I(z, fiy,).

The Jacobian matrix M of image I can be expressed as:

M= (Iﬁw‘[ﬂw'” (12)

= m is a column vector with an entry for

where I, I

every pixel in I. It represents the changes in image bright-
ness induced by motion i; (see Fig. 3). Thus, M relates
variations in motion parameters to variations in brightness
values. Note that equation (5) works in the opposite di-
rection, i.e. it uses M to compute motion from observed

changes in brightness values. Let us call 1] () the row in

Figure 3: Jacobian matrix for a translation (z, %), rotation
(6) and scale (s) motion model. In reading direction each
image represents respectively I, I, Iy, L.
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M corresponding to image pixel I(z). Each row entry is
the derivative of image pixel I(z) with respect to a model
parameter fi; (Vi = 1...n). Intuitively, a pixel with a small
||z (z)|| provides almost no information for solving (5). So,
agood pixel for tracking is one with a large ||1;(Z)||. Given
two image pixels I(z,) and I(Z5), one of them is redundant
if I;(Z1) =~ I(Z2). So, a good set of pixels for tracking is
one such that M. "M is not singular.

Selecting the “best” set of p pixels is a combinatorial
search problem, as all (%) sets of pixels should be con-
sidered in order to select the most informative one. In the
context of image registration, Dellaert selects p pixels ran-
domly from the top 20% of pixels with highest ||7;(z)||
[13]. In our experiments we have found that the best set of
pixels for tracking is the one with highest ||1;(Z)||, lowest
redundancy and most even distribution on the image. In the
sequel we will present a procedure to select a set of pixels
with high ||Z;(z)|| and low redundancy.

If we consider each row vector I;(Z) as a point in n-
dimensional space, then the points in the convex hull of
this cloud are those with highest ||Z;(z)|| and lowest re-
dundancy. Let us call this set of points the Jacobian cloud.
Computing the convex hull of a Jacobian cloud with thou-
sands of points in a 8-dimensional space (the projective mo-
tion model has 8 parameters) can be time consuming. On
the other hand, as can be seen in Fig. 4 (right), the distribu-
tion of points for this model is highly correlated, with two
space directions representing 99.96% of the total variance
in the cloud. So, a good approximation to the convex hull
of the cloud would be to compute the convex hull of its pro-
jection onto the two main directions (see Fig. 4, left). If we

o
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Figure 4: Eigenvalues of the Jacobian cloud’s covariance
matrix (left) and view of the projection of the Jacobian
cloud onto the two principal directions (right).

choose the points from the outer convex hulls (like peeling
off an orange) then only the pixels in the strongest edges
of the image would be selected. In order to achieve a more
even spatial distribution of the selected pixels we choose all
pixels of a randomly selected set of convex hulls from the
outer 30% of them (see Fig. 5).
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Figure 5: Points in the outer 30% convex hulls in projected
space.

5 Appearance based tracking

Let P be the image of a target. Appearance based track-
ing consists on estimating for each image in the sequence
the values of the motion, i, and appearance, ¢, parameters
which minimise the error function

E(i,¢) = [[I(f(z,[),t) - [Be())(2)]?,

where Z is the vector of co-ordinates of a point in image
1, B is the PCA subspace base matrix, ¢ is the vector of
PCA coefficients, and I(f(z, n),t) is the image acquired
at time ¢ rectified with motion model f(z, ) and motion
parameters fi. By [B¢](x) we denote the value of B¢ for the
pixel with position z in the image. Matrix B is of dimension
N x k, where N is the number of pixels per image and % is
the number of basis vectors.

In general, minimising (13) can be a difficult task as
it defines a non-convex objective function. Several pro-
cedures have been proposed to solve this problem which
can be grouped into those using gradient descent [6] and
those using Gauss-Newton iterations [12, 7, 14]. Black and
Jepson [6] presented an iterative solution by using a gradi-
ent descent procedure and a robust metric with increasing
resolution levels. Their algorithm lacked efficiency as, for
example, the Jacobian of each incoming image had to be
computed once on every frame for each level in the multi-
resolution pyramid.

We have developed a real-time procedure for minimising
equation (13) [15]. It is based on a factorisation of M, sim-
ilar to 4. By using it, we can make a modular eigentracking
[16] of the eyes and the mouth at 30 frames per second.

(13)

6 Experiments

The current implementation of the system has been tested
extensively in our lab in a great variety of conditions. In
this section we are going to show how the system performs
in a difficult sequence in which the user moves and performs
facial expressions at the same time (See Fig. 6).
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The visual results of the tracking process are shown in
Fig. 6. Overlayed over each image are the area of interest
of each of the algorithms used. In yellow (and only in the
first image) is the random search result, in white, with a
cross in the centre,is the result of colour-based tracking and,
the difference from the template based from the appearance
based tracker, is one red quadrangle over the face versus
three red quadrangles over the eyes and mouth.

Figure 6: Full system processing results. In this case the
system works at 30 frames per second processing 1668 im-
ages stored on disk. The system performs using the best
algorithm for each situation.

The system has been calibrated in different illumination
conditions (and even with a different camera) to the test se-
quence. It accurately tracks the face from the beginning of
the sequence (see first frames in fig. 7 processed in the ran
dom search state) until the user is too close to the camera
to correctly track him (see last frames in fig. 7). This can
be validated from the fact that the lower layer that is used,
apart from the beginning and the end of the sequence, is the
colour tracker as shown in Fig. 7.

7 Conclusions

In this paper we have presented a facial analysis solution
based on the cooperation of a set of trackers. This allows
the adaptation of the system to the environment conditions
by choosing the best tracker at each time instant. With the
current implementation we can track a face at 30 frames per

=
??

P
?7?



Frame number vs layer index

Layer index

1000 1500
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0 500

Figure 7: Full system processing layers. The layer index 0
represents the random area search, 1 the colour tracker, 2 the
template based tracker and 3 the appearance based tracker.

second achieving video-rate performance.

The system is not yet finished. Now we are working on
the appearance to animation parameters translation problem
and on introducing efficient illumination invariance within
the appearance-based tracking paradigm.
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Some experiments on incremental image alignment
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Abstract image acquired at time Let R = {x1,xs,...,xy} be
a set of N image points of the object to be trackadrget
Incremental image alignment is a research topic which has region), whose brightness values are known in a reference
recently received very much atention for its applications imagel,.(x). These image points together with their bright-
in real-time and deformable object tracking. In the paper ness values at the reference image representefeesnce
we compare some additive and compositional incremen-templateto be tracked.
tal alignment procedures pointing out their limitations and As the target moves, the relative motion between camera
strengths. We also present and compare an alternative ap-and object causes the target region to shift and deform in
proximate additive procedure which should be further re- the image. Let us represent this deformation byation
fined in order to be useful for tracking. model f(x, u) parametrised by = (p1, 2, ..., fin) ',
with N > n andf differentiable both inx and . Let
. the vectoru; represent the set of parameters of the identity
1 Introduction transformationf(x, pu;) = x, and the vectoy,, represent
the position and deformation of the target region in the ini-
Tracking planar patches is a subject of interest in computertjal image of the sequencé, (x) = I(f(x, ug), o), Which
vision, with applications in augmented reality],[ mobile we will assume to be known.
robot navigationf], face tracking ], or the generation of Finally, let us also assume that variations in brightness
super-resolution image8][ to name a few. One of the most  yalues are only caused by image motion, i.e. thairrege

usual approaches for patch tracking is based on incrementagonstancy assumptidiolds for all pixels inR
registration. This is achieved by defining an image warping

function and by minimising image discrepancies througha  I.(x) = I,.(f(x, ;) = I(f(x, ;) t) Vx € R, (1)

non linear cost function. Different approaches to solve the

minimisation problem have been proposed in the literature Wherep; is the actual image deformation at tihe

depending on the minimisation procedure, on whether the For us, tracking the object means recovering the motion

variation in model parameters are additively or composi- parameter vector of the target region for each image in the

tionally updated or on which term of the cost function the sequence. This can be achieved by minimising the follow-

linear approximation is made. In this paper we will compare ing least-squares objective function for every image in the

some of these approaches. sequence
In the following section we will briefly introduce the in-

cremental registration problem and the associated cost func-

tion. In sections 3 to 8 we present different approaches for

minimising the mentioned cost function. Finally, in section whereI(x) is a column vector with all the pixel values in

9 we make some experimental comparisons and in sectionimagel(x).

10 we draw conclusions. In general, (2) is a difficult minimisation problem, which
cannot be linearly solved. In the computer vision litera-
ture it has been traditionally computed by using the conti-

2 Incremental image alignment nuity of motion to estimate a starting point for the minimi-
sation [?, ?, ?, ?]. If at some initial time ¢y, the parameters

Let x represent the location of a point in an image and of the motion modely,,, are known, then (2) can be locally

I(x,t) represent the brightness value of that location in the linearised by making a Taylor series expansionat, (o).

min || 1(EGe, ). 1) — () | @

55



In this way, the position of the target region at timet+ ¢ of (x, ) of (x, )
can be linearly estimated, provided the displacement of the fu(x, 1) = O, B [ ow,, B ’
target region between both time instants, represented by a Hep b ©)

variationdp in the model parameters, is small. By repeat- tpe main limitation of this algorithm, when used for track-

ing this process for every new image in the sequence, theq s the computational cost of computing Jacobian vector
model parameterg, at any timet > ¢, can be estimated. for each pixel inR with respect tqu.

3 Lucas and Kanade’s Algorithm 4 Hager and Belhumeur’s Algorithm

Here we describe the alignment procedure introduced bypager and Belhumeur proposed an efficient procedure to
Lucas and Kanade in their seminal worR.[ Let us as-  compyte the image Jacobiar® [First they avoid the com-
sume tha.t we h_ave an estimate of the motion model param- tation ofVeI(£(x, p,), t) for each image in the sequence.
eters at time/, i.e. we have somg, such thatl, (x) ~ This is achieved by expressing it in terms of the gradient of
I(f(x, p,),t). The tracking problem can be stated as that e reference template. If we assume that the present esti-
of estimating from/ (z, ¢ + 6t), an offsetu,, in the motion mation of the motion parameters is exaaf, = p, then

parameters such that differentiating (1) gives us:
IT(X) ~ I(f(X, p’t+6t)7 t—I—(;t) = I(f(X, Ky +5ll’a)7 t+5t)' T af(x, /J’t) -t T

. | e g Tl (FGED) =0T (0)
Note that the increment in the model parameters is addi- ox

tively composed with the previous parameter estimates, i.e

Higse = By + 01,
Then the minimisation in (2) can be rewritten as

‘The partial derivatives of the image values w.r.t. the motion
parameters can be now expressed as:

= Vil (x)T (af(;u)>‘ 8f(52“)

)

min || I(E(x, g, + 0, ).t +0t) —L(x) |2 (3) AU(f(x, 1), t)
dpg op
(11)

which means thaM(u,t), at any time instant, depends
only on the motion model and on the spacial gradients of
min || M(p,, £)0p, + I(£(x, ), t 4 6t) — L.(x) ||?, (4) the reference template (which are constant during all the se-

Ba qguence). SAVI(u,t) will be independent of and we will
denote itM(p). Unfortunately, in general, the other two
terms in equation (11¥, ! andf,, , are not constant. How-
ever, iff is chosen such that

This equation can be linearised by making a Taylor series
expansion at théu,, t) The following minimisation results

whereM(u,, t) is the Jacobian of the image values in the
target region w.r.t. the motion parameters:

OL(f(x1,p),t) -1
)
m — <8f(x, [,Lt)> <8f(x7 H)) =T(x)2(p), (12)
M(Ntvt) = . (5) Ix 8“ n=p
%ﬁ’“m whereI'(x) is a matrix that depends only on the position

Hp of the pixel and®(y) is a matrix that depends only on the

This equation can be solved posing it as follows (note that motion parameters, then we can wik& as
itis linear in the unknowns g, ):

Vel (x1) 'T(x)
M(py,t)op, = €t + dt), (6) M(p) = : B(p) = MoZ(p)
wheree(t + 0t) = I.(x) — I(f(x, ), t + 6t). Parameters Vel (xn) T (x)
incremen®p,, can be computed in a least-squares sense: (13)
whereMj is constant.
Sty = (M(ay, 1) "M (g, 1)) M(pay, t)e(t + 6t), (7) Now the least-squares solution is of the form

M(u,,t) can be estimated from the image gradients at in- Sy = () TAS ()] S () TM] e(x, t + 6t). (14)
stant t:
wheree(t + 6t) = L.(x) — I(f(x, ), t + 6t) and A =

-
Vel (£(x1, ) t)  ful(x1, 1) M, TM, is a constant matrix, which can be precomputed

M(py, t) = : , (8) offline. The size of this matrix depends on the factorisa-
Vel (f(xy, p’t)vt)TfH(XNv ;) tion (12), but in general it is small and relatedrtoln this

56



case the on-line computation performed by this algorithm is 6 Baker’s forward com positional al-

much smaller than the original one proposed by Lucas and

Kanade. The main limitation comes from the factorisation
of (12) which, in general, is not possible.

5 Szelisky’'s compositional algorithm

Tracking problem can be introduced in a different way. R.
Szeliski proposed in] a compositional approach in which
we can find an updat&u,. to the motion parameters in the
following way:

I, (X)%I(f(xa H'tJrét)a t+6t):I(f(g(X7 H’I+5u’c)7 u‘t)a t+5t)a

(15)
whereg(x, ;) = x. Note that we write the composition
with a different functiong to highlight the fact that it can be
different fromf.

Then the minimisation in (2) can be rewritten as

min || I(E(g(x, ks +0pe), pe), ¢+ 0t) — L (x) 1%, (16)

c

Using a first order Taylor series expansioriat, t) we get

Iglin | Mes(pty, t)ope + I(E(x, p1y), t + 61) — I(x) ||2»
122

17)
which is linear in the unknown&p, and can be solved by
least-squares

5l‘l’c = (Mcs(utu t)TMcs(Hp t))_lMCS(IJ/t, t)E(t + (5{;)7
(18)
wheree(t + §t) = L.(x) — I(f(x, pt;), t + 6t). Mes(pay, 1)

gorithm

In [?], S. Baker proposed a compositional approach in
which theg function is equal tof. The minimisation in
(2) can be rewritten as

min [| (E(ECK, oy + Opre)s ), + 08) — i (x) 1%, (21)
wherep; is the identity for functiorf. Performing a first
order Taylor series expansion(at;,t) we get

min || M (g, £)0pe+T(E(x, o), t408) ~L(x) [|%, (22)
He

which is linear in the unknowngu,.. It can be solved using
least-squares

He = (Mcb(“tv t)Mcb(/’l’t’ t)T)_lMcb(/J’w t)&'(t + 52%33)
wheree(t + 0t) = I.(x) — I(f(x, p;), t + 6t).

As with the Shum and Szeliski’s algorithm we avoid the
computation of the Jacobian of the image (which can be
precomputed) but we still need to compute the gradient of
I(y,t) for each image in the sequence.

7 Baker’'s Inverse compositional al-
gorithm

There is a second compositional algorithm proposed by
Baker in [?]. This is, in contrast with the forward composi-
tional , as efficient as the Hager and Belhumeur's method .
In this case, the term in 2 is expanded.

Then, the minimisation in (2) can be rewritten as

can be computed from the gradients of the image values in Iglin | I(F(x, p,), t+61)—L.(F 1 (x, puy+op,)) ||* . (24)
73

the target region

vf](f(xlv I‘l’t)v t)TgH(le /J’t)

Mes(py,t) = )
Vfl(f(XNv )u’t)7 t)TgI—L(XN’ H’t)
(19)
[ Og(x, p) Jg(x, )
(X, 1) = ( | “) .
(20)

Comparing the Shum and Szeliski algorithPhvith the
Lucas and Kanade procedufg,[we avoid the computation

of the Jacobian of the motion model (that can be precom-

puted) but we still need to compute the gradient of, ¢)

c

Performing a first order Taylor series expansion of the ref-
erence template &ju;, t) we obtain

L(f7 (¢, +0p.)) = L(E71 (%, 117)) + Me(p)dp + hoot.
(25)
The variance of the template brightness values w.r.t. the
motion parameters is represented by:
AL (F71 (x1,1))
o
oL (f~ ! (xn,p))
o
Note that this Jacobian only depends on the motion param-
eters at the initial instanf ;. So, M. is a constant ma-

for each image in the sequence. So, this algorithm is not ASix. Equation (25) can be solved for the unknowis, in

efficient as the Hager and Belhumeur appro&hAnother

limitation is that the set of motion models that can be used

must Verifyf(X, l'l't+6t) = f(g(X, K + 6“0)7 Nt)
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a least-squares sense as follows

6“’(: = (MCMI)_lMCE(t + 6t) (27)



M. can be computed as follows 9 Experimental Results

Vxlr(xl)Tfljl(xl,u) In order to compare the above algorithms, some experi-
M, = : ’ (28) mental tests will be carried out. The im_age used to make

V.1 (XN)T.f_l (v, 1) the tests was generated synthetically using pov-r@jiree

xr w ’ algorithms have been implemented in MATLAB: forward
B 9F1 (x, 1) 96 (x, ) c_ompositi_onal _registration (s;ee section 6), invgrse compqsi-
£ (x,p) = ( et ) ) . (29 tional registration (see section 7) and approximate additive
Iy o, registration (see section 8).
ande(t + 6t) = I(f(x, p,), t + 0t) — L(x). For each algorithm we iteratively minimise the least-
With this algorithm the Jacobian can be precomputed, Sduares equations described in their corresponding sections

but we need a motion modef, being closed under com- a@ndu is updated withi . until convergence is assured. This
position, invertible and having a parameter vector for the Minimisation will stop wherjy is bellow a certain thresh-
identity transformation ;. That is, we are looking for mo- ~ old. We will compute at most 20 iterations of each algo-

tion models that conform a group. rithm. This will prevent us from computing too many itera-
tions.
In this experiments we compare the performance of the
8 Approximate Additive Algorithm three algorithms in terms of re-projection error, percentage
of converged iterations, computation time and number of
Assuming that theébrightness constancy constraihblds, iterations.
we will derive a new assumption by just differentiating both ~ The motion modely = f(x, ), that is used in this ex-
sides of (1) with respect to the motion parameters: periment represents the homography between a point in the
original target regionx, and its corresponding point onto
OI(f(x, ), to) L LG ), t) (30)  image at instant, y. This homography can be parame-
o P op =, ’ terised using 8 components in the following form:
whereI(f(x, j1), to) = I(x). Now we can then re-write (. _ 1 (1+ pa)x + psy + ps

the Jacobian of the image with respect to the motion param- 14zt sy | e+ 1+ pa)y+pe |
eters in terms of the gradient of the template image:

wherex = (z,y)" is a pixel position in the target region,

w R, andp = (1, fi2, 143, fa, is, e, fi7, fig) | IS the vector
H H=Hq of parameters of the homography.
M(p,t) = : . We proceed as in?]. We take the positions of the four
OL(£ (%, 1), to corners of our square target regidg, in the image. These
(F(xn 1) to)
o w=p positions will be perturbed randomly and the image will we

warped according to the obtained quadrilateral. In this ex-
The partial derivatives df with respect tq: cannotbe eval-  perimento will take values between 1 and 10. Then, we
uated directly. Applying the chain rule we have: will compute the motion parameterg, that transform the

initial target region into the distorted one. Figure 1 shows
M :M M . this procedure. For each we will average 100 different

op du u=F(x, 1) op p=p, trials for each one of the three algorithms.

_ _ ) Comparison of the obtained results with ground truth is
Note that the gradient of the template image is computed 50 by computing the Euclidean distance between the four
with respect to its coordinate frame, amrped using  omers of the deformed target region and those computed
f(x, to)- Also note that the derivatives of this Jacobian are using the estimateg. This distance is plotted against the
evaluated at, and for the initial motion parameters. There- noise variance in figure 2(a). It shows thatcamcreases,
fore_M(u, t)is mdepe_ndent from the bnghtness values of e forward compositional algorithm obtains a very poor re-
the image and the motion parameters atinstabétus call g1t \when the perturbation level is 10, we get an average

the a_bove_JacobiaMO. ) . error of almost 30 pixels whereas this error is less than 3
With this approximation we have a constant Jacobian, pixels for the other two algorithms.

that can be precomputed off-line, which is the best feature
of the inverse compositional algorithm. At the same time
as it is additive with no factorisation, it could be aplied to
any warping function. Iwww.povray.org

H=kq

We also compute the frequency of convergence for each
' algorithm. We consider that an algorithm has converged if
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Computation Time vs. Noise.

Number of terations vs. Noise

mu

numberterations
compu!atiqntime

- &

Original template sigma T 0 i)
Distorted template im1 9 im2 s ;gmsa T

. R . . o (a) Number of iterations vs. nois@®) Computation time vs. noise for
Figure 1: Initial setup for this experiment. The original tar- test image shown in fig .1.

get region is marked in green colour. This target region is
distorted using Gaussian noise with standard deviation  gigyre 3: Average iterations number and computation time
The resulting target region is marked in red. for test image shown in figure 1.

the error between the initial positions of the template cor-
ners and those computed using the computed parameteriihm  |n order to do this, we plot the RMS of the error
is less t.ha.n 1.0 pixels. Results from these_experlments areagainst the number of iterations (see figure 4).

shown in figure 2(b). They show that the final motion pa-

rameters computed for the inverse compositional and ap-  Results plotted in these figures show that, although the
proximate additive algorithms produced “correct” pixel po- forward compositional algorithm is the fastest and most ac-
sitions in more than 95% of the cases. However, for the curate when it converges, it quickly degrademcreases.
forward compositional algorithm the percentage decreases

aso increments its value, reaching a 65% of correct pixel

positions foro = 10. This is the explanation for the poor T T m——— T —
performance shown in figure 2(a) :

Points Error RMS vs. Noise.

(s

_ Rms

10 i £ £ o g 0 1
iterations iterations

(a) Point Error RMS vs number @) RMS vs number of iterations
iterations foro = 2. foro = 5.

convergence atio

o ] I R S R N ST
sigma sigma

(2) Points error RMS vs. noise {tm Frequency of convergence vs. g ra 4: RMS of the error points vs. number of iterations
test image shown in fig .1. noise for test image shown in fig .1. for ’ ’
o

Figure 2: Average RMS of points error and frequency of

convergence for test image shown in figure 1. The above results also show that the inverse composi-

tional and approximate additive algorithm have similar per-

We also compute the number of iterations and the COM-¢ormance. Note that the experiments are evaluated in the

putation time. Figures 3(a) gnd 3.(b) show, respectively, Fheideal conditions for the approximate additive algorithm; i.e.
average of the number of iterations and the computation

time for each algorithm.Remember that the number of it- :Ee JaCObtﬁn for our algi_orlthm ésoe_valuatetdpat: Ho:In
erations can be at most of 20. is case the approximation in (30) is exact.

As we expected (see the figure 3(a)), the number of iter-  Let us evaluate both algorithms for a set of motion pa-
ations increases with. Moreover, it is always smaller in  rameters different fronu,. In this casep represents a dis-
the forward compositional case than in the other two algo-placement of the template of 3 units in theaxis. Figure 5
rithms. This means that the convergence of this algorithmshows the average values for 30 iterations of the RMS of
is faster than the inverse compositional or the approximatethe points error versus the number of iterationsdor 2
additive one in terms of iterations. The computational costands = 5. As we can see, results for approximate addi-
of each iteration is bigger, though. tive algorithm are poorer than for the inverse compositional

Finally, we examine the convergence rate of each algo-one. This can be caused by an incorrect approximation of

the Jacobian in (30).
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Translation [0.3 0 0 ] No Rotation Translation [0.3 0 0] No Rotation
Point Eror RMS vs. Number ferations 6=2) ,, PointEror RUS vs. Number leraions 6=5)

0o, o

10 i £ % B i 15
iterations iterations

(a) Point Error RMS vs number @) RMS vs number of iterations
iterations foro = 2. foro = 5.

Figure 5: RMS of the error points vs. number of iterations
for u representing a translation of 3 units in x-axis.

10 Conclusions

Experiments suggest that the forward compositional algo-
rithm performs the best in terms of accuracy and number
of iterations. On the other hand, it lacks computational ef-
ficiency. The inverse compositional algorithm has similar
performance to the forward compositional one but with bet-
ter throughput. Unfortunately, all compositional algorithms
together with the Hager and Belhumeur’s one impose severe
restrictions on their motion models.

On the other hand, incremental additive algorithms like
the Lucas and Kanade's technigue and the approximate ad-
ditive registration do not impose such restrictive require-
ments on the motion model. However, Lucas and Kanade’s
algorithm lacks computational efficiency and the approxi-
mate additive algorithm does not converge properly when
conditions are not ideal. Future lines of work toward im-
proving the convergence of this algorithm are being ex-
plored in our research group.
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Probabilistic models of image motion for recognition of dynamic content in video
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Abstract The analysis of image motion is widely exploited for the

segmentation of videos into meaningful units or for event
We present new probabilistic motion models of interest for recognition. Efficient motion characterization can be de-
the detection of meaningful dynamic contents (or events) inrived from the optical flow, as in [4] for human action
videos. We separately handle the dominant image motionchange detection. In [5], the authors use very simple lo-
assumed to be due to the camera motion and the residuakal spatio-temporal measurements, i.e., histograms of the
image motion related to scene motion. These two motionspatial and temporal intensity gradients, to cluster temporal
components are then represented by different probabilistic dynamic events. In [6], a principal component represen-
models which are further recombined for the event detec-tation of activity parameters (such as translation, rotation
tion task. Two solutions are investigated for the residual ...) learned from a set of examples is introduced. The con-
motion. The motion models (both for camera motion and sidered application was the recognition of particular human
scene motion) associated to pre-identified classes of meanmotions, assuming an initial segmentation of the body. In
ingful events are learned from a training set of video sam- [7], two simple low-level motion features are used to char-
ples. The detection scheme proceeds in two steps which exacterize the activity level of video sequences.
ploit different kinds of information and allow us to progres- In this paper, we propose new probabilistic motion mod-
sively select the video segments of interest using Maximunels of particular interest for the detection of meaningful dy-
Likelihood (ML) criteria. The efficiency of the proposed ap- namic events. The motion information is captured through
proach is demonstrated on sport videos. low-level motion measurements which convey more elabo-
rated motion information than those used in [5], while still
. locally computable contrary to optic flow. They can be ef-
1 Introduction ficiently and reliabily computed in any video whatever its
) o genre and its content. Our approach consists in handling
One of the actual challenges in computer vision is to SOMe-geparately the scene motion (i.e., the residual image mo-
how approach the “semantic” content of video documents tion) and the camera motion (i.e., the dominant image mo-
while dealing with physical image signals and numerical {jon) in a sequence. Indeed, these two sources of motion
measurements. One objective can be to handle tasks SUCBring important, different but complementary, information
as video summarization, video retrieval or video surveil- \yhich have to be taken into account for event detection or
lance. The main difficulty lies in the detection of “semantic |5ssification.
concepts” from low-level features. The characteristics of a \y,e nave investigated two different probabilistic motion
semantic event has to be expressed in terms of video priminggels to specify the residual motion information. With
tives (color, texture, motion, shape ...) sufficiently discrim- ¢ first model, we evaluate temporal cooccurrences of the
inant w.r.t. content. This remains an open problem at the |5ca| motion-related measurements which are first quan-
source of active research activities. tized. The resulting cooccurrence matrix is then viewed
Different kinds of video features have already been con- 5 5 op histogram and represented by a 2D Gaussian mix-
sidered in several approaches. In [1], the pixel Chromi- y;re model. On the other hand, the second model directly
nance components in the image are used to select keygypioits the local motion measurements, along with their
frames maximally distinct and carrying the most informa- temporal contrasts in order to capture the temporal motion
tion. [2] introduces statistical models for components of o\o1ution. Their histograms are computed over the video
the video structure to classify video sequences into differentsegment and are represented by a specific mixture model.
genres (sports, news, movies, commercials, documentariesa, original probabilistic model is also proposed to cope
...). Recently, in [3], a semantic classification method based,yith the camera motion. It exploits 2D histograms of veloc-

on SVM (“Support Vector Machine”) using a motion pat- jiy vectors issued from the estimated affine motion models
tern descriptor has been described.
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accounting for the image dominant motion. The image dominant motion is represented by a determinis-
We apply this statistical framework to the detection of rele- tic 2D affine motion model which is a usual choice:

vant events in a video following a two-step approach. The

first step consists of a pre-selection of candidate segments wo(p) = ( a1+ a + azy ) , (1)
among the successive segments of the processed video. It Qg + 5T 1 agY

involves two pre-learned groups representing respectively

N S . X P wheref =
possibly important dynamic content” and “ definitively not

important dynamic content”. The second step is a classifi- : .
. . : model can handle different camera motions such as pan-
cation stage to recognize the relevant events (in terms of dy- _. : . . . .
ing, zooming, tracking, (including of course static shots).

namic content) among the segments selected after the firsg. . : .
) ifferent methods are available to estimate such a motion
step. Such a two-step process allows us to restrict the recog-

L o . model. We use the robust real-time multiresolution algo-
nition issue on a limited and pertinent set of classes, to save. . . . .
. . : rithm described in [9]. Let us point out that the motion
computation time and to make the overall detection more : .
- model parameters are directly computed from the spatio-
robust and efficient.

) : . . temporal derivatives of the intensity function.
The paper is organized as follows. In Section 2, we briefly . . .
; . > Thus, the camera motion vecter; (p) is available at each
present the motion measurements used. Section 3 describes . t .
- ; o . ime ¢t and for each pixeb. Then, the local motion-related
the two statistical modelings of scene motion in a video that

we have explored. Section 4 is dedicated to the probabilis-measuremem“’es (p,t) IS defined as the local mean of nor-
) . : : mal residual flows weighted by the square of the norm of
tic model for the camera motion. We present in Section 5

the full scheme for dynamic event detection. Experiments the spatial intensity gradient. The normal residual flows are

on sport videos are reported in Section 6 and Section 7 con-CQmPUtEd from _the Dlsplacgd Frame_ D|fferen_¢EF(D i) )
tains concluding remarks. given by the estimated dominant motion. We finally get:

VI(q,t)|.IDFDy (q
Vres(pr 1) = S per o IVI(@,.IDFD;, (9)]

2 Motion Measurements Norgy- mas (12, e i IV2(0.0))

(2)
As stating above, we are investigating the probabilistic WhereDFD; (q) = I(q + ws,(q),t +1) —I(q,t). F(p)
modeling of the motion content of a video. Such a model- iS @ local spatial window centered in pixeland Nz, is
ing enables to derive a parsimonious motion representatiorfh® number of pixels iF(p). VI(qg,t) is the spatial in-
while coping with errors in the motion measurements and tensity gradient of pixey at timet. »” is a predetermined
with variability in a given kind of motion content. Further- constant related to the noise level. Such measurements have
more, no analytical motion models are available to accountalready been used for instance for the detection of indepen-
for the variety of dynamic contents to be found in videos. dent moving objects in case of a mobile camera.
We have to specify and learn them from the image data. Figure 2 displays three images of an athletics TV program,
Let us also stress that we aim at recognizing “broad” eventthe corresponding maps of dominant motion support and the
classes and not particular “quantitative” motions. The pro- corresponding maps of local motion-related measurements
posed framework therefore exploits only low-level motion Vres-
features for generality and efficiency purposes. Although
the motion estimation step is not the purpose of this paper, T
we have first to briefly describe the motion measurements3 Probabilistic models of scene mo-
that we use. tion
Itis possible to characterize the global image motion as pro-
posed in [8], by computing at each pixel a local weighted We have explored two types of statistics derived from the
mean of normal flow magnitude. However, the image mo- motion measurements defined in (2). The first one exploits
tion is actually the sum of two motion sources: the dominant temporal cooccurrences of the motion measurements which
motion (usually assumed to be due to camera motion) andhave to be first quantized. This choice enables to capture
the residual motion (related to the scene motion). We be-not only the motion magnitude but also the global temporal
lieve that more information can be recovered when dealing evolution of the motion magnitude. The computation of the
with these two motions separately rather than only with the cooccurrences being expensive in practice, we have defined
total motion. Thus, we compensate for the camera motionan alternative approach where we directly consider the lo-
(more precisely, we cancel the estimated dominant imagecal motion-related measurements and their temporal gradi-
motion) in the sequence of images, in order to compute lo- ents (contrasts). These two options for scene motion charac-
cal motion-related measurements revealing only the resid-terization and the respective designed probabilistic motion
ual image motion. models are presented in the following two subsections.

(a;yi = 1,...,6) is the model parameter vec-
tor andp = (z,y) is an image point. This simple motion
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3.1 GMM from temporal cooccurrences motion magnitude would be lost. Consequently, the addi-

. , ! tion of the local motion-related measurements is required.
With the first approach, the measures defined by (2) areThey are also modeled by a mixture model of a Dirac func-

quantized on a se, so that foravideo segmentoflendth 5"t 0 and a zero-mean Gaussian distribution, but the

and of spatial image suppdﬂ, the motion F:ontent ISTeP-  Gaussian distribution is here truncated to take into account
resented by the set of quantized local motion measurement%nly the positive values since by definition.s(p, ) > 0.

y = {y(p,t),p € R,t =1...T}. The temporal €00C-  The miytire weight and the variance of the truncated Gaus-

currenclzes d'St”bUt'OﬂT(_y) (,)f the.se quantities Is a matrix g4 gistribution are evaluated using the ML criterion. The

{T(¥: V"|y)} v)en> Which is defined as follows: global probabilistic residual motion model is then defined
as the product of the two described models as follows :

T-1
T,V [y)=> Y 6(v,y(p,t) - 6/ y(p.t +1)), Peontr. = Pav,e.-Po,.. (6)

t=1 peR Let us notice that in that case we do not need to quantize
Ures @aNdAwv,.., and we directly deal with the computed real

wh;reé(i,j) |shthe .Kronecr:]ker symboII (equal to 1if= j . values. Naturally, this model does not allow us to capture
and to zero otherwise). The temporal cooccurrences matrix, o\, the motion information is spatially distributed, but it
I'(y) is then considered as a 2D empirical histogram, and

del itb i . del h is not necessary for the objective we consider here. In the
we moade it by a 2D Gau53|an_m|xture moae (GMM). The sequel, this Dirac Gaussian mixture model will be referred
log-likelihood of the sequencgis thus given by:

to as DGMM.
In Peooe. (¥) = 2 0yen2 P V' [y) Ing(v,v')  (3)

_ " 4 Probabilistic model of camera mo-
with q(v, V") = > mep(v, V'smy, Ey),

tion

whereK is the number of components in the mixture model We have to design a probabilistic model of the camera mo-
and ¢(v,v'; my, Xi) is the 2D Gaussian density function tion to combine it with the probabilistic model of the resid-
with mean vectorn, and covariance matriX,. The num- ual motion in the recognition process. It could be possible
ber of componentd< is determined with the Integrated to characterize directly the camera motion by the parameter
Completed Likelihood criterion (ICL, [10]), and the Max- vectoré defined in Section 2 and to represent its distribution
imum Likelihood (ML) estimate of the model parameters over the sequence by a probabilistic model. The main diffi-
is approximated using the Expectation-Maximisation algo- culty in that case is to propose a valid probabilistic model.
rithm. Indeed, if the distribution of the two translation parameters
a1 anda, can be easily described (these two parameters are
likely to be constant within a video segment so that a Gaus-
sian mixture could reasonably be used), the task becomes
As an alternative to the computation of temporal cooccur- more difficult when dealing with the other parameters which
rences, the temporal contradts,.., of local motion-related ~ are not constant anymore and which are not of the same na-
measurements are considered. The contrasts are defined &dre. For this reason, we propose to build the map of the

3.2 DGMM from temporal contrasts

the temporal difference of the variables , given by (2): camera motion vectors obtained at each pixel of the image
once the affine motion model is estimated, and to exploit
AVres(Pyt) = Upes(Pyt + 1) — Vyes(p, t). (4) these measurements as a 2D histogram. More precisely, at

each timet, the motion parametets of the camera motion
We have computed the histograms of these expressions ovemodel (1) are estimated and the vecterg (p) are com-
different video segments and it has been found to be quiteputed for each point of the image support. The values of
similar to a Gaussian distribution except a usually promi- the horizontal and vertical componentswf, (p) are then
nent peak at zero. Therefore, we model the temporal con-finely quantized, and we form the empirical 2D histogram
trasts distribution by a specific mixture model with density: of their distribution over the considered video segment Fi-
nally, this histogram is represented by a mixture model of
Pauv,..(7) = B0 (7) + (1 = B)p(1:0,6*)Lx  (5) 2D Gaussian distributions. The number of components of
the mixture and their parameters are estimated in a similar

whereg is the mixture weightj, denotes the Dirac func- way as explained in subsection 3.1.

tion at 0 Po(y) = 1if v = 0 anddp(y) = 0 otherwise)

andg(v; 0, 02) is the Gaussian density function with mean . .

0 and variance2. The parameters ando? are estimated 5 Event detection algorlthm

using the Maximum Likelihood criterion. Nevertheless, if We exploit now the designed probabilistic models of motion
we consider only the temporal contradts,.., the absolute  content for the task of event detection. We proceed in two
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steps.

We suppose that the videos to be processed are segmented
into homogeneous temporal units. This preliminary step is
out of the scope of this paper which focuses on the motion
modeling and recognition issues. To segment the video,
we can use either a shot change detection technique or a
motion-based video segmentation method. The first step
of the event detection algorithm permits to sort the video
segments in two groups, the first group contains the seg-
ments likely to contain the relevant events, the second one igFigure 1: Skating video:Left to right and top to bottom: audi-
formed by the video segments to be definitively discarded. ence, scores, skating and different dance figures.

Typically, if we consider sport videos, we try to first dis- T

tinguish between “play” and “no play” segments. This
step is based only on the residual motion which accounts
for the scene motion, therefore only 1D models are used
which saves computation. To this end, a motion model is
learned off-line in a training stage for each group of seg-
ments. Then, the sorting consists in assigning the label
“play” or “no play” to each segment of the processed video
using the ML criterion. In practice, because of the large
diversity of content in “play” or “no play” video segments

in some videos, it can be useful to learn several models per
group.

The second step of the proposed scheme consists in retriev-
ing several specific events among the previously selected
segments. Contrary to the first step, the two kinds of motion Figure 2: Athletics video: Three images at different time in-
information (residual and camera motion) are required sincestants and their corresponding maps of dominant motion support
the combination permits to characterize more precisely a(in white) and of local related-motion measurements, (zero-
specific event. For a given genre of video document, an Value in black). Top to bottom: pole vault, close-up of track race
off-line training step is again required. A residual motion and interview.

model MJ__ (cooccurrence-based GMM or contrast-based

TES

DGMM) and a camera motion modgh’_ have to be es- 6 Experimental results

timated from a given training set of video samples, for each ] ) )
type j of event to detect. Lefsy,...,sy} be the previ- In subsection 6.1, we give the results of the first step of the

ously selected video segmentsy, ... , 2y } are the corre-  designed methpd for two different sport programs. Resul_ts

sponding motion measurements. If we consider the GMM Of event detection are shown and commented in subsection
approach described in subsection 3,1= y; wherey; are  6-2. Finally, we report experimental comparisons in subsec-
the quantized local motion-related measurements for segfion 6.3. We have carried out experiments on several video
ments,. If we consider the DGMM approach (subsection Programs. Due to page limitation, we report here results

3.2),z = (yi,2;) wherey; are the temporal gradients of ©btained on two different sport videos.

the local motion-related measurementsfor segments;. ) ]

The video segments retained after the first step are then 1a6.1  Selecting video segments

beled with one of the/ learned models of dynamic events
according to the Maximum Likelihood criterion. Thus, the
labell; of the segment; is defined as follows :

The first video is a figure skating (dance) TV program.

We want to distinguish between “play” segments which cor-
respond to skating (simple skating motion, artistic effects,
dance movements) and “no play” segments involving low-

li = arg max S P, () X P, (wi) o (7) P R
GMM | 1 |0.83
DGMM | 0.95| 0.90

wherew; represents the motion vectors corresponding to
the estimated 2D affine motion models for the segmgnt
andP,,; is either given byF,soc. (3) or by Peontr. (6)
according to the chosen option.

Table 1:Skating videoResults of the first step of the event detec-
tion algorithm for the two considered models (GMM and DGMM).
P = precision rate an®® = recall rate.
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P R Assigned labe Assigned labe

GMM | 0.79| 0.94 Pv Pr Rw Rg Pv Pr Rw Rg

DGMM | 0.84 | 0.94 Pv|2 0 0 O Pv|2 0 0 O

Pri0 2 0 O Pri0 2 0 O

Table 2: Athletics video: Results of the first step of the event Rwi 0o 1 3 1 Rwi 0 1 4 1
detection algorithm for the two considered models (GMM and Rc|0 O O 6 Rc|0O 0 O 6
DGMM). P = precision rate and® = recall rate. NPJO 1 0 O NPIO 1 0 O

- . ) ) . ) Table 3: Athletics video:Classification matrix obtained with the
level activity (views of the audience, static shot like waving two-step event detection method. Left: with the GMM model.

at the beginning and the end of each show, skaters waitingright: with the DGMM model.
for the scores) as illustrated in Figure 1. The first 23 min-

utes of the video (two shows) are used as the training set | e .

and the last 9 minutes (one show) form the test set. The

video segments of the test set are sorted as described in sec-||I 4 ' |} |
tion 5. Here, each group (“play”, “no play”) isrepresented || | RN 1PEPPEE B

by sgvgral motion models.,; then the ML criterion involves to Figure 4:Athletics video:Top: ground-truth, middle: results ob-
maximise also over the different models of each group. Thetained with GMM model, bottom: results obtained with DGMM

precision rate” and the recall rat& are defined as follows:  model. Grey: “no play”, red: pole vault, yellow: replay of pole

vault, green: wide-shot of track race, blue: close-up of track-race
f#£correct #£correct

= - - dR = .
#correct+ #intrusive #correct+ #missed

) ) motion). For this second step, we introduce the probabilistic
wherecorrect is the number of video segments labeled as 53 mera motion model. The 2D histograms of the estimated

“play” segments and which e“ffectivel,)'/ belong to this group, camera motion vectors for different classes are plotted on
#intrusive is the number of “no play” segments labeled as rigyre 3. The four events we try to detect are the follow-
play” segments a?d#m|ss?d is the number of “play S€0- ing: pole vault Pv), replay of pole vault®r), wide-shots of
ments labeled as “no play” segments. Table 1 contains they5ck race Rw) and close-up of track rac®¢). Let us point

first-step results obtained _respectiv:_aly with the GMM and .t that the class “Replay of pole vault” contains the run-
DGMM models for the residual motion. Results are com- up and the jump, whereas the class “pole vault’ contains

parable and quite satisfactory. . ~only the jump. On Figure 4, the processed video is repre-
We have also processed one athletics TV program which issented by a time-line exhibiting the duration of video seg-

formed by 25500 images. The training set is 10 minutes ments. Figure 4 represents in a combined way the results of
long and the test setis 7 minutes long. The “play” segmentShe tyo-step event detection method, also reported in a dif-
are formed by jump events and track race shots and the “nOgrent and separate way by Table 2 (first step) and Table 3
play” segments contain interview shots and large views of (second step). “No play” is displayed in grey and a color is

the stadium. Some representative images of this video are;sgociated to each event class. The first row represents the
displayed on Figure 2. We present in Table 2 the first-step grqynd-truth. The second and the third ones show the re-
results obtained on that video. Again, satisfactory results g its obtained respectively using GMM model and DGMM
are obtained. model as for the residual motion. The detection also in-
volves the camera motion model. From Figure 4 and Table
2 and 3, we can infer that the majority of events are appro-
The aim is now to detect the relevant events of the athleticsPriately detected. Let us note that the intrusive segments
Video among the Segments Se'ected as “p|ay” Segments (1@ppeal’ on the lin&lP in Table 3. The classification errors
segments selected from the first step when using the GMMcONcern two segments (two short segments at the end of the
model and 17 when using the DGMM model for the residual Video sequence) belonging to the class “wide-shot of track
race”. The misclassification is due to the fact that the first
segment involves a scene which is between wide-angle shot
and close-up, and the second one is quite similar to the run-
up of pole vault in terms of movement.

6.2 Detecting relevant events

6.3 Experimental comparisons

Table 4 contains results when considering the camera mo-
tion only. Conversely, Table 5 gives results obtained when

Figure 3:Athletics video2D histograms of the estimated camera using the residual motion model only. These two tables

motion vectors. Left: pole vault, right: wide-shot of track race.
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Assigned labe Assigned labe

Pv Pr Rw Rg Pv Pr Rw Rd
Pvi2 0 0 O Pvi2 0 0 O
Prio0 2 0 O Pri0O 2 0 O
Rwi/ 0 1 2 2 Rwi/ 0 1 1 4
Rc|l 0 0 5 Rcll1 0 0 5
NP|O 1 0 O NP|O 1 0 O

Table 4: Athletics video: Classification matrix obtained when

lected after the first step based on the GMM model. Right: on the
segments selected after the first step based on the DGMM model.

Assigned labe Assigned labe

Pv Pr Rw Rg Pv Pr Rw Rg
Pvi2 0 0 O Pvi2 0 0 O
Pri0 2 0 O Prif0 2 0 O
Rwio 0 5 O Rwi2 3 1 0
Rc|0 0 2 4 Rc|2 0 0 4
NPIO O 1 O NP[O O 1 O

Table 5: Athletics video: Classification matrix obtained when

considering the residual motion only. Left: with the GMM model.

Right: with the DGMM model.

demonstrate that the combination of both motions (resid-

tical framework, it is flexible enough to properly introduce
prior on the classes (then, skipping to MAP instead of ML
criterion) if available, or to incorporate other useful infor-
mation. A complete event detection scheme should also in-
tegrate colour (the dominant colour is useful for instance to
account for the presence of the play field or the tennis court
in sport videos), or audio features which are also of obvious
interest when processing videos. Such developments are in-
considering the camera motion only. Left: on the segments se-deed in progress for a video summarization application.
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A Nonparametric Estimation Method for Poisson Noise Reduction and Structure
Preserving in Confocal Microscopy
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Abstract algorithm, which is a maximum likelihood estimator for the
intensity of a Poisson process, incorporates a non-negativity

In domains like confocal microscopy, the imaging process constraint in the algorithm. This algorithm is generally ca-
is based on detection of photons. It is established the ad-pable of partially reducing the distortions found in confo-
ditive Gaussian noise model is a poor description of the cal 3D images. However, it is sensitive to noise [18] and
actual photon-limited image recording, compared with that additional methods (Gaussian prefiltering) are necessary to
of a Poisson process. This motivates the use of restora-produce better restoration results [19].
tion methods optimized for Poisson noise distorted images.
In this paper, a novel restoration approach is proposed for
Poisson noise reduction and discontinuities preservation in
images. The method is based on a local modeling of the im-

age, with an adaptive choice of a neighborhOOd (WlndOW) In this paper, we also address the adaptive image
around each pixel in which the applied model fits the data restoration problem and present a nonparametric estima-
well. The restoration technique associates with each pixeltion method that smooth homogeneous regions and inhibits
the weighted sum of data points within the window. We de-smoothing in the neighborhood of discontinuities. The ob-
scribe a statistical method for Choosing the Optlmal window served data are imperfect and in the form of Poisson pro_
size, in a manner that varies at each pixel, with an adap- cess. Since we do not address the image formation of
tive choice of weights for every pair of pixels in the window. the confocal fluorescence microscope, ideally modeled as
Itis worth noting the proposed technique applied to confo- 5 convolution of the object function with the point spread
cal _microscopy is data-driven and does not require the hand fynction [12], the proposed method can be seen also as a
tuning of parameters. sophisticated prefiltering method before starting the more
complexdeconvolutiorprocess using the Lucy-Richardson
. algorithm [19]. The proposeddaptive window approach
1 Introduction is conceptually very simple being based on the key idea
of estimating a locally regression function with an adaptive
Confocal systems offer the chance to image thick biolog- choice of the window size (neighborhood) for which the ap-
ical tissue in 2D or 3D dimensions. They operate in the plied model fits the data well [14]. At each pixel, we esti-
bright-field and fluorescence modes, allowing the formation mate the regression function by iteratively growing a win-
of high-resolution images. At each point of the image, the dow and adaptively weighting input data to achieve an op-
emitted fluorescence for the object is focused on the detectimal compromise between the bias and variance [9, 8, 10].
tor. This light is converted by a photomultiplier tube (PMT) The proposed algorithm complexity is actually controlled
into a an electrical signal and represented by a discreteby simply restricting the size of the larger window and set-
value after an A/D conversion [12]. Finally, the PMT essen- ting the window growing factor. In contrast to most digital
tially behaves as a photon counter and the distortions causediiffusion-based filtering processes for which the input noisy
by the quantum nature of the photon detection process arémage is “abandoned” after the first iteration [13, 3], the
better described by Poisson statistics. Operations that in-adaptive window approach recycles at each step the origi-
vert these distortions of the microscope are then necessaryal data. Other related works to our approach are nonlin-
to improve the quantitative analysis of images. Generally ear Gaussian filters [7] and their recent evolutions [17, 1])
restoration methods yield an estimate of the original image that essentially average values within a local window, but
given an imaging model, a noise model and additional cri- changes the weights according to local differences in the
teria. In previous work [15, 18, 19], the Richardson-Lucy intensity [17, 1].
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2 A nonparametric approach iteration, a larger neighborhodd V) with ") c U{") cen-
tered atX; is considered, and every poikt; from UZ.(1> gets

In photon-limited imaging, the major source of errors is iqhtw'? which is defined b ing th timat
Poisson noise due to the discrete nature of photon detection? WEINtws; - WHICN 1S detined by comparing the estimates

Unlike Gaussian noise, Poisson noise is signal dependent@io) and 11;-0) obtained at the first iteration. Then we re-
which makes separating signal from noise a very difficult calculate the estimaté!" as the weighted average of data
task [11]. However, by applying the Anscombe transform points lying in the neighborhoodfi(l). We continue this

[16], the Poisson datg; ~ Poisgy;) of intensity v; are . . . . . k).
transformed to data with a Gaussian distribution with vari- way, increasing wittk the ConS'dE’EZEd nelghborhoég( ’

ances? = 1. Such an assertion is asymptotically correct as fOr €achk > 1, the ML estimatei;~ and its variance are

v; — oo. The Anscombe transform is given by: given by
(K k ak) 4 k)12
v it o W= X dveit-r T[] o
‘ ! 8 XjEUi(m XjEUi(k)
This transformation allows one to use well-studied methods (k)

where weightsy;;” are continuous variable$ (< wg") <

for Gaussian noise on data corrupted with the much trick- . - :
. . . . 1), computed by comparison of the preceding estimates
ier Poisson noise. Then we applied a method developed ;) (k—1) . o

anda; . Inthe next section, statistical arguments

for Gaussian noise. After denoising, the inverse Anscombe®:

transform is applied. for calculating weightsuﬁf) are given. To stabilize the pro-
cedure, we also add a control step to valid the window size
2.1 Image model and basic idea for each pixel, by comparing the new estim@ﬁé) with

2"~1) obtained at the preceding iteration [14].

We ob " ion functiomith adit the estimate,
= ODSBIVE TS TegresSIon KIS A - o In equation (3), the weight functiomﬁ’.“) does not depend

- — ; : ) — e . d =
rore;: ¥i = u(X;) &, ! L, 2 T were.x; G.R 4 . on input data but are only calculated from neighboring lo-
2,3, represents the spatial coordinates of the discrete image . . . 2

. . . : . cal estimates, which contributes to the regularization effect.
domainS of n pixels andY; € R is the observed intensity . -
. : Finally, a global convergence criterion is introduced to op-

at locationX;. We suppose the errots to be independent . L)
. . A ) . timally stop the estimation procedure.
identically distributed zero-mean random variables with un-
known variances, i.e., véat;) = o%. However, to cope with ] )
more complex degradations, the noise variance is also an2.2 Adaptive weights
unl;no?/vn pi)ar?rr?er:er :Jfrt:etrrinethg% tion roach is b dIn our approach, we may decide on the basis of the esti-

classical nonparametric estimation approach is based .. (k-1) and”y"_l),whetherpointsX’l- andX; e Ui(k-)

on the strugtural a??“f“p“on th"’.‘t regression funciir) are in the same region or not and then prevent from sig-
is constant in the vicinity of a point. An important ques-

X S ) nificant discontinuities oversmoothing [14]. In the local
tion under such an approach is first how to determine for Gayssian case, significance is measured using a contrast
each pixel the size and shape of the neighborhood underlﬂ('kq) B a(_k71)|_ If this contrast is high compared to the
concern from image data. The regression functign) can ! Y S(k—1) o
be then estimated from the observations lying in the esti- 10cal variance);” ', thenX; should not participate to the

mated neighborhood of by a local maximum likelihood ~ estimation ofa{* and wz(Jk) — 0. Hence, motivated by
(ML) method. the robustness and smoothing properties of the Huber M-

Our procedure is iterative and mostly realizes this idea. €Stimator in the probabilistic approach of image denoising

i . . 2], we introduce the following related weight function (but
For the first step, suppose we are given a I%E:al wmﬁ@% EJt]her weight functions are pc?ssible 3)) g (

containing the point of estimatioX;. By uE we denote
imati O (x, initi (k)
an approximation ofi'”’ (X;). We can calculate an initial w® — Y @
ML estimated” at pointX; (and its variancé ") by av- K > g
eraging observations over a small neighborhUé@ of X, x;eu®
as 1 if agk—l) _ a;kq)‘ <3 /égkfl)
(0 1 A0 52 (k) _ P
UE )= ©) Z Y; and 191(' )= OR (2) 9 3y/9f , otherwise
U] U] N
i X EU;D) i U, U €

. " . 4
wheres? is the unknown estimate of the noise variance and with ¢ positive and sufficiently small (of the orden™).

\UZ.(O)\ denotes the number of points; € UZ.(O). At the next Here3\/19§k’1) is related to the spatially varying fraction
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of contamination of the Gaussian distributidinu{e of 3

sigma” for Gaussian distributions.): for the majority of
points X; € U;, the differencesi* ™" — 4"~ can be
approximatively modeled as being constant (zero) with ran-
dom Gaussian noise. Large differences are assumed to b
outliers which should not have a large effect on the estima-

tor.

2.3 Localization by a window

Statistical inference under such a structural assumption fo-

cuses on searching for every poiXi the largest neighbor-
hood (window)U; where the hypothesis of structural homo-

2.4 Stopping rule

The stopping rule can be used to save computation time if
two successive solutions are very close and prevents from an
useless setting of the larger window size. In our approach,
@e adopt the so-called Csazs I-divergence [5, 19] to de-
tect global convergence defined as:

1@®,a* )y = 3" la log
i=1

alt
ﬁ§k+1)

~ (k) ~(k+1)
.+ . (7)

In practice, the I-divergence is normalized with its maximal
occurring value at iteratiok = 0. WhenI(a(®) 4(k+1)
sinks under a threshold (of the ordsy—3 for typical im-
ages) that sufficiently accounts for convergence, the algo-

geneity is not rejected. The classical measure of the closefithmis stopped at the final iteratidn = &, with k. < ks,

ness of the estimatai obtained in the window/J; to its
target valueu is the mean squared error (MSE) which is
decomposed into the sum of the squared Kias(i;)]?

and variance);. As explained before, we should choose a
window that achieves an optimal compromise between the
squared bias and variance. Accordingly, we make the rea
sonable assumption that the squared bias is an increasin
function of the neighborhood size and the variance is a de-
creasing function of the neighborhood size. Then, in order
to minimize the MSE we search for the window where the
squared bias and the variance of the estimate are equal. Th
corresponding critical MSE igH{]-] denotes the mathemati-
cal expectation):

mSsE (a*") [Bias(ag’“”)rﬂég’“) = 2. (5)

Now, let us introduce a finite set of;; windows
(U, ... U} centered atX; € S, with UM ¢
Ui(k+1), starting with a smaIUi(()) and the corresponding
estimates.” of the true image:(X;). Denote byy* " the
ideal window size corresponding to the minimum value of
the MSE. TherUi(k*) gives the optimal bias-variance trade-

off and the optimal windovUi(k*) can be obtained accord-
ing to the following statistical rule [8, 9, 10]:

12 ~A(1.]
k*:max{k;w<k;’aﬁ“—a?‘”’ <80§k>}. (6)

In other words, as long as successive estimaﬁ& stay

close to each other, we decide that the bias is small and the

wherek), is the maximal value fok set by the user. Finally,
the windows size increases at each iteratiohthe conver-
gence criterion is not met (dt < k), but the estimate

a§’“> at iterationk is frozen.

¢ Algorithmic procedure

3.1 The procedure

ghe key ingredient of the procedure is an increasing se-
quence of neighborhood@i(k),k 0,1,---,kp with
Ut ¢ % centered at each image pix&}. In what
follows, \Ui(k)| denotes the number of poinfs; in Ui(k),

ie. |Ui(k)| =#{X; € Ui(k)}. The procedure is as follows.

Initialization For each poinfX;, we calculate initial es-
timatesﬁgo) andégo) using equation (2) and skt= 1. Here

&2 is the noise variance robustly estimated from data as it is
explained in Section 3.2.

Adaptation ~ For all X; in Ui(k), we compute weights
wg‘) using equation (4) and new estimaﬁé%) and 195’“)
using equation (3).

Control  After the estimatell(.k) has been computed, we
compare it to the previous estima&g ) at the same point

X, for all k¥’ < k. From the rule (6), if there is at least one

) ﬁgk/)‘ > 2v2 /0" then

indexk’ < k such thaqﬁgk

: oo e ) ; k (k1
size of the estimation window can be increased to improve we do not ?CCE_?PfLE ) and keep the estl_mat@é ) from
the estimation of the constant model (and to decrease théhe preceding iteration as the final estimate at locafion

variance of the estimatégk)). If an estimated poinﬁgk/)

[8, 10]. This estimate is unchangedkif> k*.

appears far from the previous ones, we interpret this as the

dominance of the bias over the variance term. For each
pixel, the detection of this transition enables to determine
the critical window size that balances bias and variance.
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Stopping Stop the procedure ifk ks or if
I(a®, ak+1)) < 1073, otherwise increaseby 1 and con-
tinue with the adaptation step.



3.2 Implementation details

In this section, we discuss how the parameters of the proce
dure can be obtained.

The windowU(® should be taken possibly small. We
naturally chooseU(®)| = 1. The sequence of neighbor-
hoods{U(*)} is more or less pragmatical and not supported
by theory. The sequence should satisfy the two following
conditions: X; € U® andUu®*™" < U™. It can be
recommended to select sequen{:éfék)} in a way that the

number| Ui(’“)| of points in every such neighborhood grows
exponentially withk. In our experiments, we arbitrarily
use neighborhoods(*) corresponding to successive square

windows of sizgU*)| = (2k + 1) x (2k + 1) pixels with ) N o )
E=0.1.2.... k. all estimated:,” ’ coincide with the mean values of obser-

vationsY; with a very large probability, and the deviations

We can use the parametkf; to bound the numerical . .
@; — uo are of the orden.~1/2. Additionally, if the contrast

complexity of the procedure. However, increasing al- ; . C .
lows additional variance reduction in large homogeneous ©f the image is sufficiently large compared with the level of
() — 0 for all pairs (X5, X5)

regions but usually does not change the estimates where lohoise, we typically obtaimw;;
cal structure is present. In our experimerﬁ:ﬁ[’ = 15 sat- in two distinct regions with a probablllty close to 1. Fi-
isfies a good compromise and over-estimates the number ohally, Sinceaf-k) is restricted to a local neighborhodidk),
necessary iterations. In addition, the I-divergence criterion the estimation procedure does not yield a segmentation of
prevents from a precise tuning of this parameter. the image domain. But, if the noise is small compared to

The estimation procedure described earlier relies on thethe contrast of the image, then, for sufficiently lafge we
preliminary and off-line estimation of the noise variance. In havea|" ~ a\*).
most applications, the noise varianceis unknown and an The complexity of the whole procedure is of the order
estimates? can be obtained from data as n(JUD| + |UP)]| 4 ... 4+ |U*)]) if an image contains

L 1 y pixels andk,. < kj;. Since|U*)| grows exponentially in

==y e (8)  our set-up, the whole complexity is of ord@(n|U +<)|).

‘(a) J(b)

Figure 1: Corrupted synthetic image with Poisson noise (a)
and denoised image (b).

k*)

wheresS denotes the rectangular image domain and pseudo-4
residuals; can be computed as (we ndtg, ;, the obser-
vationY; at sitej = (j1,j2)) [6]:

Experiments

The potential of the adaptive window method is first shown
. AY 5 — (Yig1ge Vi 1y + Vi1 + Y5, 4,-1)  ON asynthetic image artificially corrupted with a Poisson
€ = /20 - noise (Fig. la, PSNR = 28.8 db). In Fig. 1b, the Pois-
son noise is drastically reduced in a natural manner and sig-
nificant geometric features such as object boundaries, and
©) original contrasts are visually well preserved (PSNR =40.1
db). In this experiment, it is confirmed the additive Gaus-

In presence of discontinuities, an estimate of the noise vari—sian noise is a poor description of the actual photon-limited
ance based on robust statistics is preferable. In this frame- P P P

work, high discontinuities correspond to statistical outliers image recording (PSNR = 39.6). In addition, Figs. 2a (Pois-

with respect to local image contrasts. As in [3], we suggest Egg;ﬁ:ﬁtgi)e:g? gcti(rﬁa?lugzlt?mnast;[grals\:\;?:éowsowvszehf::-
to defines? as the following robust estimate: P ’

coded small windows with black and large windows with

& = 1.4826 median(| |és| — medianég] |) (10) white. As expected, small windows are in the neighbor-
hood of image gradients in Fig. 2a but are more dispersed
whereégs = {é1,éq,---,é,} is the set ofn = |S| pseudo-  in regions with high intensity values (Fig. 2c, Gaussian
residuals of the entire image. statistics). Finally, Figs. 2b and 2d show respectively the
corresponding sets of average weig{ml(f*)} defined as
3.3 Properties R A ¥ x,cu w{¥"), where dark values

We study an idealized situation where the underlying image indicate the presence of high image discontinuities. Note
is constantu(z) = u,. In this situation, we can show that the average weights are notably more diffuse in Fig. 2d
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4 (a) confocal image
(a) locations/sizes of win- (b) image of average weights
dows (Poisson statistics)

wf.;*) (Poisson statistics)

(c) denoised image using Gaussian statistics

Figure 3: Denoising of a confocal image showing an indi-
vidual neuronal cell.

(c) locations/sizes of win- (d) image of average weights neous regions. The adaptive window method using Poisson
dows (Gaussian statistics) w{*") (Gaussian statistics) statistics has been also applied to 3D data: a typical 2D
image taken from a 3D stack of 20 images depicting mem-
branes of about fifty cultured human cells is shown in Fig. 4
(courtesy of INRA - UFDNH, Nantes, France). The image
is denoised using the set of parameters used in the previous
(Gaussian statistics). In this experiment, the final iteration experiments.
k. = 7 was determined autonomously by the I-divergence  The performance of the restoration procedure is also
criterion (5, = 15). The processing of thg56 x 256 im- demonstrated for a 3D fluorescence microscopic9 (x
age required typically 3 seconds on a PC (2.6 Ghz, Pentium144 x 16) stack. Figure 5a shows a typical 2D image taken
IV) using a standard C++ implementation of the algorithm. from the 3D stack of 16 images depicting moving chro-
In the subsequent experiments, we have tested the algoMm0SOmes (with dark values) standing over a spatially vary-

rithm (also implemented for processing 3D data) on confo- IN9 Packground, during mitosis (courtesy of Institut Curie,
cal fluorescence microscopy images that contain complexParis, France). Figure Sb shows the image denoised us-
structures. Some of the current applications in biological "9 Poisson statistics, where the location of chromosomes
studies are in neuron research. The biological study aims afdark spots) are well preserved. Figure 5c shows also the
examining the effect of intracellular calcium concentration '0¢ations and sizes of optimal estimation windows coded as
(C'a?) on neurite outgrowth in individual neuronal cells. In- Previously; small windows are mainly in the neighborhood

deed,Ca? is known to be implicated as an important regu- ©Of chromosomes.

lator of neurite extension. We have tested the proposed de-

noising algorithm on a 2D confocal microscopys x 512 .

image (Fig. 3, courtesy of INSERM 413 IFRM#P23, 5 Conclusion

Rouen, France) depicting a neurite in cultured cerebellar

granule cells. Fig. 3a shows the highly noisy image where We have described a novel feature-preserving adaptive algo-
high gray-level values correspond to elevated calcium con-rithm that reduces Poisson noise with a controllable compu-
centration. Figures 3b and 3c contain the denoised imagegational complexity. The proposed scheme can be seen also
using the adaptive window method combined with respec- as an alternative method to the anisotropic diffusion and bi-
tively Poisson statistics and Gaussian statistics; the imagédateral filtering or energy minimization methods. An ad-
denoised using Poisson statistics contains larger homogevantage of the method is that no hidden parameters need to

Figure 2: Visualization of estimation windows and weights.
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Figure 5: Denoising of a fluorescence microscopic image showing human chromosomes.
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Abstract tistical community for a number of decades. One important
contribution was the Least Median of Squares (LMedS) ro-
This paper presents a framework for the motion segmen-pust estimator but it has the break down point of 50%. This
tation and estimation task on sequences of two grey im-means that LMedS technique needs the population recov-
ages without a priori information of the number of mov- ered to have at least a majority of 50% (plus 1). Other ro-
ing regions present in the sequence. The proposed algohust estimators have been developed in order to overcome
rithm combines temporal information, by using an accurate this problem, which is frequently encountered in different
Generalized Least-Squares Motion Estimation process andcomputer vision tasks. They are Adaptive Least k-th Or-
spatial information by using an inlier/outlier classification der residual (ALKS) 9] and Minimum Unbiased Scale Es-
process which classifies regions of pixels, in a first step, andtimator (MUSE) P]. These techniques minimize the k-th
the pixels directly, in a second step, into the different motion order statistic of the square residuals where the optimum
models present in the sequence. The performance of the alyalue for the k is determined from the data. The problem
gorithm has been tested on synthetic and real images withof both techniques is the estimation of the correct value of

multiple objects undergoing different types of motion. k suffers high computation effort. Bab-Hadiashar and Suter
) presented a method named Selective Statistical Estimator
1. Introduction (SSE) ] which is a variation of the Least K-th order statis-

. ] ] ] } ) tic data regression where the user proposes the value k as
Segmentation of moving objects in a video sequence is bathe |ower limit of the size populations one is interested in.
sic task for several applications of computer vision, €.9. A|| the Motion Segmentation LKS-based algorithms start
a video monitoring system, intelligent-highway system, gelecting an initial model using random sampling, and clas-
tracking, airport safety, surveillance tasks and so on. In thiSSifying all the pixels into this model using a scale measure.
paper, Motion Segmentation, also called spatial-temporal\yith the remaining pixels the process is repeated until all
segmentation, refers to labelling pixels which are associ- e pixel have been classified. The main problem of these
ated with different coherently moving objects or regions in algorithms is that there are frequently pixels that can be

a sequence of two images. Motion Estimation refers t0 as-more suitable to belong to a model but they have been clas-
signing a motion vector to each region (or pixel) in an im- gified in an earlier model.

age.
Although the Motion Segmentation and Estimation Danuser and Strickef] presented a similar framework
problem can be formulated in many different way&,([?], for parametric model fitting. Their algorithm has a fitting

[?], [?]), we choose to approach this problem as a multi- step that is one component of the algorithm which also col-
structural parametric fitting problem. In this context, the lect model inliers, detects data outliers and determines the
segmentation problem is similar to robust statistical regres-a priori unknown total number of meaningful models in the
sion. The main difference is that robust statistical regressiondata. They apply a quasi simultaneous application of a gen-
usually involves statistics for data having one target distri- eral Least Squares fitting while classifying observations in
bution and corrupted with random outliers. Motion segmen- the different parametric data models. They applied their al-
tation problems usually have more than one population with gorithm to multiple lines and planes fitting tasks. The most
distinct distributions and not necessarily with a population important advantages with respect to LKS-based algorithms
having absolute majority. are the use of an exchange step, that permits change of ob-
The problem of fitting an a priori known model to a set servations among models, and the use of a inliers/outliers
of noisy data (with random outliers) was studied in the sta- classification process, which increases the accuracy of the
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segmentation.

In [?] a quasi-simultaneous motion segmentation and es-
timation method based on a parametric model fitting algo-
rithm was presented. The method accurately estimates the
affine motion parameters using a generalized least squares
fitting process. It also classifies the pixels into the motion
models present in two consecutive frames. This algorithm
uses each pixel of the image as observation. It suffers from
problems of isolated points because it does not use neigh-
bourhood information and need given good initial models
to obtain the final motion segmentation. Nevertheless, it
indicates that the quasi-simultaneous application of the in-
liers/outliers classification algorithm and the accurate mo-
tion estimator can be useful to be applied in Motion Seg-
mentation tasks.

This paper presents a Motion Segmentation and Estima-
tion algorithm that, in a first step uses regions of pixels as
observations in order to obtain good initial models that in a
second step will be improved using each pixel as observa-
tion. The use of regions in the first step makes the segmen-
tation more spatial consistent. In addition, the algorithm
uses neighbourhood constraints to collect new inliers to the
model, only regions (or pixels) that are neighbour of the
model are considered to be inliers. This algorithm over-
comes the need of a good enough previous segmentation of
the models (they are obtained in the first step) and allows
extracting the models without a priori information of the
number of moving regions present in the sequence.

The rest of the paper is organized as follows: Section 2
explains the complete Motion Segmentation and Estimation
algorithm. Section 3 presents a set of experiments in order
to verify the results obtained with our approach. Finally,
some conclusions drawn from this work are described.

2 Algorithm Outline

In this paper we use the teriodel as a structure with
two elements, the first is a parametric motion vector and
the second is a list of regions of the image that support the
parametric motion vector. We refer &egionto a set of
pixels with grey-level coherence.

The input of the algorithm are two consecutive images
of a sequence, the first orfg captured at time and the
second ond, captured at time + 1. The output of the
algorithm are a motion-based segmentated imagend a
list of motion parameters corresponding at each region in
I,. For the sake of clarity, we describe the first part of the
proposed algorithm if steps:

1. Preliminaries: In this step,/; is segmented using a
given grey level segmentation algorithm. The regions
obtained are used as input of the algorithm. An adja-
cency graph of the previous segmentation is created.
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Figure 1: Two examples of initial models

In addition the spatial derivates of the imagesand
I, are estimated.

The purpose of the grey-level segmentation process is
to classify the pixels into regions. Our Motion Seg-
mentation algorithm requires that each segmented re-
gion should not have pixels belonging to more than one
final motion models. Any grey level segmentation al-
gorithm that wherever possible tries to fulfil the previ-
ous constraint can be used.

2. Get Initial Model : The aim of this process is find the

best possible start point to the global Motion Segmen-
tation and Estimation algorithm. A good initial model

is make up of a set of regions that have a high likeli-
hood to belong to the same model. The process starts
selecting a region randomly. A model with this re-
gion and its neighbours is formed. The motion is es-
timated for this model using the process in subsection
2.1. A goodness measufe)M is calculated for this
model. The previous step is repeatgdimes. The
model with the best goodness measure is selected as
the initial model.

The goodness measure is calculated using the follow-
ing expressionGM = ((1—1aug) %24 (lpest —lworst))
wherel,,, is the average of the likelihoally;, (R) for
each regionR using the motion model/,, (see point

3), lyest is the highest likelihood of the regions and
lworst IS the lowest likelihood of the regions. There-
fore, the best initial model is the one which has the
lessGM.

Figure 1 shows an illustrative example of two pos-
sible initial models for a sequence with three differ-
ent motion models: static (left part of the image) and
two translational motion (the part of the image show-
ing a tree and the bottom right part). The pixels be-
longing to the region that have been selected randomly
have been painted using white color. The limits of the



model made up with the previous region and its possi-
ble neighbours are drawn with a continuous white line.
Note that in the left image the majority of the pixels
perform the same motion (the model of the three) and
only a small area performs a different motion. There-
fore, itsGM will have a very small value. In addition,
its GM will be lower than in the case of the right im-
age where there is not a majority of pixels performing
the same motion.

. Improve the model: An iterative classification pro-
cess is started in order to find the inliers and to reject
outliers between thé regions that make up the initial
model. With the set of resulting regions, we start an-
other classification process with the neighbours of the
last inserted regions not yet processed. This process
continues until there are not more new neighbour re-
gions to be processed.

The loop of the inliers/outliers classification consists
of:

(a) Estimate the motion parameters using all the pix-
els belonging the regions of the model (see sub-
section 2.1).

(b) Look for outliers into the regions of the model,
if there are outliers, improve the motion param-
eters. A regionR is considered outlier (with re-
spect to model,,) if the likelihood of regionR
belonging to a model/,, is lower than a thresh-

old.

Gaussian like function wherg,,, (p;) is the residual
for the pixelp; of the objective function using the mo-
tion parametric vector of the mod#f{,,,.

. Exchange of regions If a valid modelM,, has been

extracted, then a region exchange procedure is started.
The goal of this procedure is to reclassify regions that
have been captured by an early model, where

m < n. Aregion is moved if it lies closer to the new
extracted model and there is a neighbour relationship
between the region and the new model. If all the re-
gions of the modelV/,,, lie closer to the new Model
M, then the model\/,,, is deleted. When for each re-
gion of model},,, we can not decide if it lies closer
to the modelM,,, or to the modelV/,,, then the models
are merged, that is, it is considered both models have
similar motion parameters.

. Repeat Go to step 2 and repeat the same process with

another initial model if any. If there is any problem es-
timating the motion of some model, e.g. not enough
texture information, not enough number of observa-
tions, etc., the regions of this model are moved to a
set calledregions with problem§RWP).

. End: When all possible models have been extracted,

the models that only have one region are tested in or-
der to try to merge them with their neighbour models.

In addition, each region in the RWP set is tested in

order to move it into some of the models in its neigh-

bourhood.

(c) Test each outlier if it can be now considered

(d)

In order to estimate a likelihood of a regiéghbelong-
ing to a modelM,,, the next expressions are used:

At the end of the first part of the algorithm, a setréfi/
inlier according the new estimated parameters. motion models have been extracted. Each motion model is
If there are new inliers, the parameters are im- made up of a vector of parametric motion models and a set
proved again. A regiom? is considered inlier  of regions which support the motion. Our Motion Segmen-
(with respect to modelf,,) if the likelihood of tation algorithm requires that each region from the given
the regionR belonging to a model/,, is higher grey-level segmentation should not have pixels belonging
than a threshold. to more than one final motion model. It is very likely that
Go to step b and repeat until there are not changessome regior_ls WiII_ not fulfill this _constraint. The second part
in the set of regions of the model. of the algorithm is performed in order to improve motion

segmentation in these regions. In this step, instead of using
a region of pixels as observation, each pixel is considered
as observation. This process consists of:

1. Find Outliers: For each extracted modaél/,, (n =
1...NM), find all the pixels that can be considered
as outliers. They are the pixels which their likeli-
hood respect to the modé¥,,, Ly, (p;) is less than a
threshold. All the outlier pixels are included in a set,
together with the pixels belonging to the region which
have been considered outliers in the previous part.

Ly, (R) = (Y L, (pi)/Nr

PiER

@)

0.5 T ()
. )

Ly, (pi) = e

whereNr, is the number of pixels of the regid®. For

each pixelp; belonging to the regiot the likelihood 2.
Ly, (p;) of the pixel belonging to a modél/,, is cal-
culated. This likelihood (f]) has been modelled as a

Improve parameters. The motion parameters for the
motion models that have new outliers are improved
(see subsection 2.1).

75



3. Find Inliers: For each outlier, test if it can be in-
cluded in some of the motion models. A pixglwill
be included in the model with the greatest likelihood
Ly, (pi),n=1...NM, if itis bigger than a thresh-

AX = (AT(BBT)"'A) " AT(BBT)"'W
Bl 0 0 0

old and there is a neighbourhood relationship between B 0 By, 0 0

the pixelp; and the model,,.

4. Improve parameters. The motion parameters for the
motion models that have new inliers are improved (see
subsection 2.1).

5. Repeat Repeat 1 to 4 while there are changes in the
set of pixels.

At the end of the two parts of the algorithm the pixels
have been classified into the different motion models cor-

0 0 0 Br (rx(rxmn))
A1 w1
A | A w=| "2
Ar (rxp) Wr /' (rx1)
B — OFi(xt; Li) OFi(xt,Li)  OFi(xt, Li)
' oL; 7oLy T OLY ) (1
_ (OF;(xt, Li) OFi(xs,Lis)  OFi(xs, Ls)
Ai = 1 5 p) PR
Ox Ox N/ (axp)

w; = —F;(x¢, Ly)
3)

In motion estimation problems?]) the objective func-
tion is based on the assumption that the grey level of all the

responding to the moving objects in the scene. The pixelspixels of a region remains constant between two consecu-

that could not be included in any model will be considered
as outliers.

2.1 Motion Estimation

tive images. The motion parameters vecigrdepends on
the motion model being used. For each pairthe vector

of observatior; has three elements: column, row and grey
level of second image at these coordinates. The objective
function is expressed as follows:

0= (F(x. L)’ = > (h(xy) - Ia(wi, 1))

L;eS L;eS

The Generalized Least Squares (GLS) algorithm is used in S o _(4)
order to obtain the motion parameters of a model. The GLSWherel; (z;, ;) is the grey level of the first image in the

algorithm ?] is based on minimizing an objective function

O over a sefS of r observation vectorsy = {Ly,..., L, }.
0= (F(x. L)) @)
L;,eS
wherex = (x!,...,x?) is a vector ofp motion parameters
and L, is a vector ofn observationL; = (L},...,L"),
1=1...7.

The equation (2) is non-linear, but it can be linearized us-
ing the Taylor expansion and neglecting higher order terms.
This implies that an iterative solution has to be found. At
each iteration, the algorithm estimatdg, that improves
the parameters as followg:+1 = x: +Ax. The increment
Ay is calculated (see?]) using the following expressions:
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sequence at the transformed poifity;, andlz(z;,y;) are
the grey level of the second image in the sequence at point
xi,y;. Here,L; = (x4, yi, Io(2i, y:)).

The affine motion model is used in this work, which is
able to cope with translations, scaling, rotation and shear of
images and is defined with a vectorpf= (a1, b1, c1, as,
bg, Cg).

3 Experimental Results

In order to show the performance of the approach presented,
two types of experiments have been carry out. In the first ex-
periment, synthetic sequences have been used, where the fi-
nal motion segmentation and the motion parameters of each
model are known. In the second experiment real scenes are
used, where the final motion segmentation and the motion
parameters are unknown.
Figures 2(a,b) show both images of an example of syn-

thetic sequence. In this synthetic sequence three different
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Figure 4: Optic Flow computed from results of the synthetic
sequence

(c) Initial gray segmen- (d) Final segmentation
tation

Figure 2: Both images of the synthetic sequence and results

i

1

(a) 1stimage (b) 2nd image

Figure 5: Optic Flow computed from results of the real se-
guence

(c) Initial gray segmen- (d) Final segmentation
tation

Figure 3: Both images of the real sequence and results
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motion models can be found. The first one is the back- larger motion. The possibility of using sequences with more
ground, which performs a null-motion. The second motion than two images will be also studied.

model performs a change of scale and the third one cor-

responds to a rotational motion. Figure 3(a,b) show both

images of an example of real sequence.

Figures 2(c,d) and 3(c,d) show the result after the first
step of the algorithm and the final results for both se-
quences. The white pixels in figures 2c and 3c, are the
ones that have not been classified in any model. These re-
gions correspond mainly to regions belonging to occluded
areas due to the motion and to regions that do not fulfill the
requirement of belonging only to a model, i.e. some pix-
els belong to a model and some other belong to a different
model.

Figures 2d and 3d show the segmentation performed af-
ter the second step showing how segmentation has been im-
proved in previous regions. Now, white pixels are the ones
considered as outliers. They are mainly pixels belonging to
occluded areas due to the motion and pixels where our al-
gorithm could not estimate the motion due to lack of texture
or to the presence of too large motions.

Figures 4 and 5 show the optic flow for both sequences.
They have been computed using the motion parameters of
each model in all the pixel belonging to them. They are
presented in order to illustrate the motion models estimated.

4 Conclusions

In this paper, a motion segmentation and estimation algo-
rithm has been presented, which can extract different mov-
ing regions present in the scene quasi-simultaneously and
without a priori information of the number of moving ob-
jects. The main properties of our approach are:

e A GLS Motion Estimation is used, which produces ac-
curate estimation of the motion parameters.

¢ A classification process which collects inliers, rejects
outliers and exchanges regions among models allows
to improve motion segmentation.

e It uses, in the first step, regions of pixels and neigh-
bourhood information, that improves the spatial con-
sistency and provides a good initial point to start the
second step of the algorithm, which using pixels as ob-
servations improves the segmentation in the regions.

e The pixels considered as outliers are mainly pixels be-
longing to occluded areas due to the motion, thus, de-
tection of outliers provides valuable information about
occluded areas.

Future work must study hierarchical techniques in or-
der to improve the speed of the algorithm and to cope with
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Abstract

In the last years we have developed some methods for
3D reconstruction. First we began with the problem of
reconstructing a 3D scene from a stereoscopic pair of
images. We developed some methods based on energy
functionals which produce dense disparity maps by pre-
serving discontinuities from image boundaries. Then
we passed to the problem of reconstructing a 3D scene
from multiple views (more than 2). The method for
multiple view reconstruction relies on the method for
stereoscopic reconstruction. For every pair of consecu-
tive images we estimate a disparity map and then we
apply a robust method that searches for good corre-
spondences through the sequence of images. Recently
we have proposed several methods for 3D surface regu-
larization. This is a postprocessing step mecessary for
smoothing the final surface, which could be afected by
noise or mismatch correspondences. These regulariza-
tion methods are interesting because they use the in-
formation from the reconstructing process and not only
from the 3D surface. We have tackled all these prob-
lems from an energy minimization approach. We in-
vestigate the associated Euler—Lagrange equation of the
energy functional, and we approach the solution of the
underlying partial differential equation (PDE) using a
gradient descent method.

1 Introduction

This paper is about three different main topics: The
first topic is the 3D reconstruction from two views. The
second is the problem of reconstructing a 3D scene from
multiple views — more than two — that, in our case,
make use of the previous method. The third one deals
with the problem of regularizing a 3D surface. This
method takes into account the information from the
two previous topics.

For the first problem we present a variational ap-
proach to recover a dense disparity map from a set of
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two weakly calibrated stereoscopic images. To solve this
problem, we first make full use of the knowledge of the
so-called fundamental matriz to derive the equations
that relate corresponding pixels in the two views, and
then combine regularization and scale-space tools to es-
timate iteratively and hierarchically the disparity map.
The solution obtained at a coarse spatial scale is used
to restrict searching at finer scales. We minimize an
energy term that takes into account the epipolar line
constraint as well as the edge information constraint
through an appropriate regularization term. In order
to reduce the risk to be trapped within some irrelevant
local minima during the iterations, we use a focusing
strategy based on a linear scale-space. This method is
explained in paper [1]. We have also implemented a
symmetric method for computing the disparity map in
both senses (see [4]). In papers [2] and [3] we have pro-
posed methods for computing the optical flow between
two images which are very similar to the disparity map
estimation method except that we do not use any geo-
metric constraint as the epipolar geometry.

For the second problem — reconstruction from mul-
tiple views — we have developed a robust method to re-
cover a 3D model. After computing the disparity maps
for every two consecutive frames we search for the best
sequences of corresponding points through the set of
frames. We estimate sequences of corresponding points
across the multiple view image sequence. Basically, we
try to connect points between images following the dis-
parity map estimation. We select sequences of corre-
spondent points for which the forward and backward
disparity estimations are coherent. That is, if we take
the initial point and go through the sequence using the
forward disparity estimations and then go back using
the backward disparity estimations we have to arrive to
the same point (modulus a threshold parameter). From
each selected corresponding point sequence we recover
a 3D point by intersecting the projection lines of the
points in the sequence. By collecting the 3D points ob-
tained from each sequence we recover an unstructured



set of 3D points. Recently, a new accurate technique
based on a variational approach has been proposed in
[17, 18]. Using a level set approach, this technique opti-
mizes a 3D surface by minimizing an energy that takes
into account the surface regularity as well as the projec-
tion of the surface on different images.In this paper we
propose a different approach which is also based on a
variational formulation but only using a disparity esti-
mation between images and without defining explicitly
any 3D surface.

For the third problem we present a method for the
regularization of a set of unstructured 3D points ob-
tained from a sequence of stereo images. Typically, the
recovered set of 3D points is noisy, because of errors
in the camera calibration process, errors in the dis-
parity estimations, errors in the corresponding point
sequences computations, etc., so some kind of regular-
ization is needed. The regularization model we propose
is a variational approach. We propose a model based
on an energy. This method takes into account the in-
formation supplied by the disparity maps computed
between pair of images to constraint the regularization
of the set of 3D points. As in the first problem there is
a regularization term that relies on an operator that is
very similar to the Nagel-Enkelmann operator which
allows for the regularization of the set of 3D points
by preserving discontinuities presented on the dispar-
ity maps. One interesting advantage of this approach
is that we regularize the set of 3D points by only using
the 2D image projection information and, in particular,
we do not need to define any 3D triangulation on the
set of 3D points. In paper [5] we proposed a general
method for regularizing a set of 3D points according to
the information of the disparity maps, and in paper [6]
there is an explanation of a 3D regularization method
for cylindrical surfaces. In this paper we present the
first approach for general surfaces.

The paper is organized as follows: In Section 2.1, we
present the model for stereoscopic reconstruction from
two views. In Section 2.2 we explain the 3D recon-
struction method from multiple views. In Section 3 we
present the regularization model and in Section 4 the
conclusions.

2 Reconstruction model

2.1 Reconstruction from two views

In order to estimate a dense disparity map between
two images we present an energy based approach. This
energy also preserves discontinuities resulting from im-
age boundaries. We derive a simplified expression for
the disparity that allows us to easily estimate it from
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a stereo pair of images using an energy minimization
approach. We assume that the epipolar geometry is
known, and we include this information in the energy
model. Discontinuities are preserved by means of a
regularization term based on the Nagel-Enkelmann op-
erator. We investigate the associated Euler-Lagrange
equation of the energy functional, and we approach the
solution of the underlying partial differential equation
(PDE) using a gradient descent method. In order to
reduce the risk to be trapped within some irrelevant
local minima during the iterations, we use a focusing
strategy based on a linear scale-space.

In order to estimate the disparity (A(z,y)), one can
proceed in a classical way and try to recover this im-
portant information using a simple correlation scheme.
Unfortunately, this naive solution will not provide a
correct and accurate solution, in particular in the re-
gions where the disparity map may present some dis-
continuities, as is often the case close to image edges.
It is well known that the disparity map obtained using
this classical method tends to be very smooth across
the boundaries of the images. The idea we would like
to formalize and develop here is to estimate a A(z,y)
function which is smooth only along the image bound-
aries and not across them. This leads us to consider
the minimization of the following energy functional:

B /Q (T, 9) — To( + u(N),y + v(A))? dady

+ C/@(VIZ,V)\) dz dy (1)
Q

Q is the image domain, C is a positive con-
stant, and ®(VI;, V) determines the regularization
term. This function includes a diffusion tensor first
proposed by Nagel and Enkelmann that guides the
diffusion along the contours at image boundaries and
in all directions at homogeneus regions. The associ-
ated Euler-Lagrange equations give us a diffusion PDE,
which is then embedded into a gradient descend process
to reach the solution:

where

% = Cdiv(D (VL) VA + (L, y) — Iz, y))
o (%) @y -0 (%) @y

In Figure 1 we show an example of disparity map
computation from a stereoscopic pair of a human face.
We also show the result given by a common correlation
based technique.

In Figure 2 we show four views of the 3D reconstruc-
tion of the previous stereo pair.

(2)



Figure 1: Top: the original stereo pair. Bottom left:
the computed disparity map using a correlation win-
dow of size 13 x 13. Bottom right: the result from our
method, with the correlation result as initialization.

2.2 Reconstruction from several views

We have developed a robust method to recover a 3D
model from several views. All the views have been
taken at the same time and all of them pointing to
a common 3D scene. We make use of the previous
model for stereoscopic images. This method follows
these steps:

e For each pair of consecutive images, we estimate a
dense disparity map using the accurate technique
developed in [1]. We estimate such disparity map
forward and backward, that is, from one image to
the next one and in the opposite direction.

e We estimate sequences of corresponding points
across the multiple view image sequence. Basi-
cally, we try to connect points between images fol-
lowing the disparity map estimation. We select
sequences of correspondent points for which the
forward and backward disparity estimations are
coherent. That is, if we take the initial point and
go through the sequence using the forward dispar-
ity estimations and then go back using the back-
ward disparity estimations we have to arrive to the
same point (modulus a threshold parameter). We
keep trace of the pixels belonging to a sequence in
order to avoid that the same pixel is included in
different groups.
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Figure 2: Four views of the 3-D reconstruction of the
stereo pair in Figure 1, using the disparity map from
our method.

e From each selected corresponding points sequence
we recover a 3D point by intersecting the projec-
tion lines of the points in the sequence. By col-
lecting the 3D points obtained from each sequence
we recover an unstructured set of 3D points.

e Typically, the recovered set of 3D points is noisy,
because of errors in the camera calibration pro-
cess, errors in the disparity estimations, errors in
the corresponding point sequences computations,
etc., so some kind of regularization is needed. In
this paper, we propose a new variational model to
smooth the unstructured set of 3D points. This
regularization model is based on the 2D image in-
formation and does not require to define any kind
of geometric relation between the 3D points.

In Figure 4, we show the front and profile views of
the reconstruction of the Bust sequence.

3 Regularization model

In this section we present a method for the regulariza-
tion of a set of unstructured 3D points obtained from a
sequence of stereo images. This is a postprocessing step
to the reconstruction from multiple views explained in
the previous section. This method takes into account
the information supplied by the disparity maps com-
puted between pair of images to constraint the regu-



Figure 3: Some images of the Bust sequence and the
corresponding disparity maps associated to them. We
search for sequences of corresponding points which
have a small error going forward and backward, there-
fore we have to compute disparity maps for every pair
of images in both senses.

1§

Figure 4: Front and profile views of the 3D reconstruc-
tion of the Bust sequence.

larization of the set of 3D points. We propose a model
based on an energy which is composed of an attach-
ment term that minimizes the distance from 3D points
to the projective lines of camera points, and a second
term which relies on an operator that is very similar
to the Nagel-Enkelmann operator. This second term
allows for the regularization of the set of 3D points
by preserving discontinuities presented on the dispar-
ity maps. One interesting advantage of this approach
is that we regularize the set of 3D points by only using
the 2D image projection information and, in particu-
lar, we do not need to define any 3D triangulation on
the set of 3D points. We embed this energy in a 2D
finite element method to take advantage of the under-
lying float precision mesh. Delauny triangulations are
managed to give support to this finite element method.
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Figure 5: Notation

After minimizing, this 2D finite element method results
in a large system of equations that can be optimized
for fast computations over no-null values. We derive
an efficient implicit numerical scheme which reduces
the number of calculations and memory allocations.

The energy to be minimized for the regularization
of the set of 3D point is:

N.—1

; (/de:st()‘(C,RC)2 +

T yc 7cC c
;/ﬂv X°D(hE)VX )(3)

where « is a parameter that states the balance between
the two terms and dist(X¢, R°) denotes the distance
from point X¢ to the straight line R and is given by
formula

E (X0, XN-1)

Q

dist(X¢, R°)? =

2 2
— <Z lc,i (Xc,i _ Fc,i)) ) (4)
i=0

In Figure 5 is the notation that we have used for
equations (3) and (4) and in Figure 6 we show the
result of applying this method to the 3D reconstruction
on Figure 4.

2
(Xc,i _ FC,i)2
=0

4 Conclusions

Our method for 3D reconstruction from a pair of stereo-
scopic images combines some techniques developed in
the context of optic flow estimation [2, 22] with some
other techniques developed in the context of dense dis-
parity map estimation which take into account the geo-
metric constraints associated to a stereo pair. We think



Figure 6: Front and profile views of a regularization of
the 3-D reconstruction on Figure 4

that the combination of these ideas is fruitful in that
it produces new tools to estimate dense disparity fields
which benefit from the research efforts in stereo vision
as well as in optic flow estimation.

The method for 3D reconstruction from multiple
views is very robust in the sense that it intensively looks
for the best matching sequences of points. This yields
a set of 3D points that are probably the most accu-
rate ones and discards those points that have not good
matches or do not appear in enough views — maybe due
to occlusions.

In this paper we have presented a novel method for
the regularization of a set of 3D points. We have
established an energy in a traditional attachment—
regularizing couple of terms. In the regularizing term
we have made used of an operator similar to the Nagel—
Enkelmann operator for 3D regularizations.

This energy model has been embedded into a 2D
finite element approach to take advantage of the un-
derlying precision of data. Then we have managed to
derive this energy and propose a very efficient and op-
timal numerical scheme that allows us to speed up the
process and reduce the memory needs.

One of the main advantages of the method is that
it regularizes sets of unstructured 3D points without
using any geometric relation in 3D. We only use the
information of the projection of the points in the cam-
eras. In particular, this method could be used as a
preprocessing step before the construction of 3D sur-
faces fitting the 3D points. We notice that most of the
techniques for such surface reconstruction are very sen-
sitive to the noise in the 3D points representation, and
they require the set of 3D points to be regular enough
to work properly.
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ABSTRACT textures have been tested with two different databases of
. ) . textured images.

Textu_res are an important feature Wher_1 we try to |dent|f)_/ The paper in structured as follows: Section 2 shows
or classify elements in a scene. Analyzing the textures inqy textures can be described through their orientation his-
a given environment at different scales provides more infor- o qrams. Section 3 describes the classification of textures
mation than considering the features which can be extractedfom their orientation histograms. In section 4, multiscale
from a single one. Thus, the relations between the simplesty )y sis is introduced to improve the classification method,
the most complex or the intermediate patterns which are 5,4 ‘some considerations are analyzed in natural textures.

present in the texture can be studied in the texels, or re-ging)ly section 5 presents some conclusions of the work.
peated elements which constitute a textured region.

However, there are some aspects which differ from per-
fectly generated artificial textures and natural ones. Inthe 2  Texture Description through Ori-
first class, the information is limited by the generation of
the texture and an increase or decrease in the scale within
certain bounds does not produce a change in the elements,
but in its resolution. On the other hand, natural textures
produce, when the scale is increased, a parallel change in
the elements which are visible and thus, in the information
which can be extracted, since some elements appear whil
other disappear.

In this paper, we present a multiscale approach for clas-
sifying and indexing textures, and some considerations on
the analysis of natural textures, which must be taken into
account when analyzing similar scenes at different resolu-
tions, are introduced.

entation Histograms

In order to describe a texture in terms of the orientations of
éhe edges which are present in it, we must estimate the mag-
nitude and the orientation of the gradient in every point of
the region. With these values, we can build an orientation
histogram which reflects what the relative importance of ev-
ery orientation is. We have used the structure tensor method
to estimate both and build the orientation histogram.

In order to estimate the magnitude of the gradient, we
first calculate an initial estimation for every point using the
following mask for the horizontal componemnt:

—(2-v2) 0 (2-V?2)
In this paper, we present a method for texture analysis based m -2(v2-1) 0 2(vV2-1) (1)
on the distribution of the orientation of the edges across tex- —-2-v2) 0 (2—-V2)
tured regions. To this end, we estimate the gradient in ev-
ery point of the image and build an orientation histogram
to describe it. This allows performing satisfactory classi-
fications in most cases, but some of them are not properly ] —(2-v2) —2(v2-1) —(2—+?2)
classified. A multiscale analysis of the textures improves — 0 0 0 2
the results, considering the evolution of the textures along 4h (2—-+2) 2(v/2 - 1) (2-+2)
the scale. In natural textures, the changes produced when
a certain scene is observed at different distances introduce If we have an estimation of the gradiefat,, y,,) for a
new elements which must be taken into account when com-certain point, the vectqf, b) would be parallel to that gra-
paring the views. This method and the properties of naturaldient if the following product i®):

1 Introduction

and the following one for the vertical component
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ayn b = (a,0)(@n, yn) " = [|(@, b)[| | (@n, yn) |l cos(a)
®)

where « is the angle formed by the directions of
(%, yn)*" and(a, b). Thus, if we want to find the direction
which best represents the estimations for a set of points, we
must calculate the vectdi, b) which minimizes the fol-
lowing sum:

(a,b)< S0t = Tcer ) ( 3 ) @

= ic0 TiYi > im0 1712

For every component of the sum in the matrix, there are
two eigenvalues and two eigenvectors. One of the eigenval-
ues is0, and its corresponding eigenvector is the estimation
of the orientation of the gradieiit;, y;):

Figure 1: Examples of two textures and their corresponding
orientation histograms

( Y7 _-T;yi ) ( T ) _ < 0 ) (5) Fourier coefficients are modified as follows: gt andg,
Yi 0 be the orientation histograms of lengthcorresponding to

—XiYi T
Since any two-dimensional vector can be expressed as dhe same texture but shifted positions, i.e. the texture
linear combination of the two linearly independent eigen- Nas been rotated an angle= 27a/L, and letf, andg
vectors, the maximum variation will be achieved by the D€ thek"” Fourier coefficients of these histograms, then
eigenvector associated to the maximum eigenvalue. We carf = grx¢~ ' = . Thus, a measure of how similar the co-
see that this vector s-y;, z;), and its corresponding eigen-  &fficients of both textures are is given by:
value is(z? + y?), i.e. the square of the norm of the gradi-
ent estimation:

E(a) = (fk - gke_i%) (fk —gre T )* (7)

7 —ZiYi —Yi —Yi
( _il, , 7 y = (a7 +97) y In addition, the fact that the number of discrete orienta-
iYi €Z; L L . . . .
tions used for the histograms is constant and the normaliza-
Consequently(z2 + y2) is the highest eigenvalue, and tion of the weights make the lengths of the signals and the
its square root is the norm of the gradient. The orientation {0tal weight equal in both textures. Consequently, a change

can be estimated with the eigenvector associated to the lowiN the size of the region where the texture is analyzed will
est eigenvalue of the matrix. not cause the generation of a different distribution. Due

Once the orientation and the magnitude of the gradient!© the fact that the higher frequencies are more affected by
have been calculated in every point of the textured region, N0ise than the lower ones, a monotonic decreasing weight-
by adding the magnitude in the points with the same ori- INg functionw(.) can be used to emphasize the discrimina-

entation, we can build the orientation histogram for such tion, thus obtaining the following expression, in which the
texture, as shown in Fig. 1. first terms have a more important contribution than the last

ones:
3 Orientation-Based Texture Classi- .
fication S (Y (1= e ) (f— e
E(a) k:1w 17 (fk gre ) (fk gre )
In order to relate two textures, an energy function is built, in (8)

which the Fourier coefficients of both histograms are com-  To test this technique, we have used two sets of textures
pared. We must achieve rotational invariance, in the sensecontained in two databases (see examples in Fig. 2 and
that the result must not be affected if the textures are ro-Fig. 3). The first database has been made publicly available
tated. A change in the orientation of a texture will only for research purposes by Columbia and Utrecht Universi-
cause a cyclical shift in the histogram. For this reason, theties, Columbia-Utrecht Reflectance and Texture Database
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[2]. We work with grayscale images and thus, a single his-
togram is used to represent the orientations of the edges in
light intensity. If we were working with color images, a
three subchannel mechanism could be used when hue, and
not only intensity, is relevant for texture identification. Us-
ing the techniques previously described, a certain texture is
compared with all those in the database and the most sim-
ilar ones are selected. The similarity between two textures
is given by the energy obtained when comparing their ori-
entation histograms.

In Fig. 4 and Fig. 5, and in tables 1 and 2, we show some
results of the application of the technique explained above.
From the image databases, one is selected and thest

comparisons are shown. Of course, as the selected image ’

belongs to the set, the best match corresponds to itself, and
the energy factor i8.

order  txt. number  wtd. energy

1 51 0.00000
2 40 1.65841
3 56 1.99648
4 27 3.74986
5 12 410221

Table 1: Results for texture 51 in database 1

order  txt. number  wtd. energy

1 25 0.00000
2 29 0.09970
3 26 0.18930
4 34 0.26078
5 33 0.30463

Table 2: Results for texture 25 in database 2

As mentioned before, the orientation histograms ex-
tracted from the textures describe how the different orienta-
tions are quantitatively distributed across the region which
is studied, but they do not provide any information about
the spatial neighborhood of the pixels with a certain orien-
tation. Thus, a completely noisy image, in which all orien-
tations are equally but disorderly present in the image would
generate a similar histogram than a circle, where the orien-
tation is gradually increased along its outline. This forces
us to search for a certain technique which complements the
information provided by this kind of histograms in order to
enhance the recognition capabilities.

A multiscale analysis of the images will provide us with
a series of images which represent the evolution of each
texture at different scales. In this evolution, the orienta-
tions will be differently affected by the others, depending
on their spatial proximity. This will allow us to distinguish
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Figure 2: Examples of textures of different materials



Figure 4: Examples of similar textures extracted for a tex-
ture in database 1

Figure 3: Texture database with natural pictures
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Figure 5: Examples of similar textures extracted for a tex-
ture in database 2
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among textures where orientations are originally distributed
in a similar way, but which are actually different.

4 Multiscale Texture Analysis

The interpretation of the information we perceive from the
environment depends on the scale we use to process it. At
the same time, the information provided by each scale is
useful and the study of the same scene at different scales
makes it possible to perceive a wider range of realities.
Furthermore, elements which are not distinguishable at a
certain scale may be clearly distinct at a different one and
the rough and detailed information extracted from an image
may help us decide when comparing textures. The mul-
tiscale analysis approach has been successfully used in the
literature for texture enhancement and segmentation (see [5]
and [6] for more details).

A multiscale analysis can be determined by a set of trans-
formations{T; },>o, Wheret represents the scale. LEbe
an image, i.ed : Q — R, where(Q is the domain where
the image is defined. In what follows, we will consider for
simplicity in the exposition tha® = R" andl € H?(Q)
that is,I andV I have finiteL? norm. I; = T;(I) is a new
image which corresponds faat a scalé. For a given image
1, to which the multiscale analysis is applied, we can ex-
tract a histogram{h(},_, _, which determines the dis-
tribution of the orientations of at the scalé. In this case,
the normalization of the values within a histogram is per-
formed with respect to the initial addition, and not with re-
spect to the addition at that scale. In order to compare the
histograms of two images, the scale must be first adjusted.

4.1 Gaussian Multiscale Analysis

As said before, a multiscale analysis generates, for a given
image, a series of images which show the evolution of the
input signal when a certain process is applied. We will use
a Gaussian filter, whose properties are described in [3] and
[4]. In one dimension, we use the following Gaussian ker-
nel, where the scaleis related to the standard deviation
according to the expressi@n = o2:

]. 12

Kt(x): \/me_ﬁ (9)
1 _@-w?
L@ = [ = S o
Afterwards, we quantize it as follows:
1 2
(Kt)n:\/me 4 (11)
> 1 _;m-w?
(e K= 3 anpe (12)

n=—oo



At this point, it is important to consider the relationship Gaussian filter with standard deviatiento an image with
between the Gaussian filtering and the heat equation, giverresolution factot is equivalent to applying a Gaussian fil-
by Ou/0t = 0%u/dz?, whereu(t, z) is the solution of the  ter with standard deviatioho to the same image acquired

equation. Given a signdl, the result of convolving’ with with a resolution factokzx.
the Gaussian filteks; is equivalent to the solution of the
heat equation using as the initial datau(t, s) = K, * f(x). Lemmal Letly(z,y), Ij(x,y) be such that there exists a

Considering this relationship, a discrete version of the constantk satisfying thatly(z,y) = Io(kz, ky) ¥(z,y) €
heat equation can be used to accelerate the approximatio?, thenZi(z,y) = I;2.(kz, ky).

of the Gaussian filtering (see [1] for more details), which )
results in a recursive scheme in three steps for each direcProof. The result follows from the uniqueness of the solu-

tion, as shown below, whet& is the original image: tion of the heat equation taking into account that the func-
tion I2;(kz, ky) is a solution of the heat equation for the
1 1 1Nt !
TR oy s VieZ |n|t|all datumI(z,y). _ .
Jn% JH% ‘1n+% ] 13 Given two textures], andIj, we will estimate the scale
Iy =1 j vl vjeZz (13) factor k£ using the normalized evolution of the norm of the
[’;”rl = g];‘*? VieZ gradient, that is, we will use:
This process will be performed by rows and by columns 2
in order to obtain a discrete expression for a two- Vs{ \zd
dimensional Gaussian filtering. Making use of the features ¢(lo, 1) = ——=—= (16)
of the Gaussian kernels, the result of applying a Gaussian A [ 171,
filter with an initial scalet can be used to obtain a Gaus- @
sian filtering of the initial image for a different scale with- It is well known (see for instance [3]) that

out needing to start again from the input. We will discretize é(Io,t) is a decreasing function with respect to
the scale considering,, = nog for a givenc,. Taking into and Lim,—..é(Io, 2, ¢) = 0. On the other hand, from the

.5 .
account thg re_Iatlon = 2t, the step size\t to go from previous lemma, we deduce thatlff(z,y) = Io(kz, ky)
on t0 011 IS given by: V(z,y) € Q then:

2 2
ar= ot Dol (o) :(H;) (00)> (14) oo, 1) = BI5, kLK) = (1), 0, K*) (A7)

So in order to estimate a scale factopetween two tex-

turesI, and I}, we will compare the functiong(1y, 2, t)
and ¢(I}), 0, t). Let rl = ¢(Io, 2, (0,) /2) and 12 =
B(I}, 9, (5,,)% /2) be the ratios obtained for two textures
(n L1 ) (00)2 at the s_calern = noy, the best adjusting c_oefficiehtto fit

2 (15) the series of-2 to that ofr., both consisting ofV terms,

can be obtained as follows: First, we fit a value: h < 1
L and we interpolate the values in the seri¢sandr2 to ob-
4.2 Scale Estimation tain two new series . ando?2 which estimate the scales for
We must take into account that, for a certain texture, the useVhich the ratiog1,1 —h,1—2h,1—3h, ..., 1— (N —1)h)
of different resolutions forces us to apply Gaussian func- &€ Obta'”leg- In other words, we estimate the scale where
tions with different standard deviations, thus requiring an fbgLQ, (gn) /2) = 1 — nh.We point out that ifnh < 1,
adaptation stage. To do that, we first extract the evolution?» @ndo;, are well-defined because/, (2, ¢) is a decreas-
of the addition of the squares of the gradients at different INd function with respect toand Lim; ... ¢(1o, 2, t) = 0.
scales, and then we use these factors to compare the te)g[\{lth these values, we minimize the following error to ob-
tures. Even if the quantitative distribution of the orienta- t@in the scale factak:
tions may be alike for different textures, the spatial distribu-
tion will cause a_divgrgence in the evolution and interaction, e(k) = 1 Z (o} — k02)2 (18)
so the factors will differ.
One of the properties of the Gaussian filtering is the re-

lationship between the resolution of two images and the ef- de(h) _ g — k= fi;o_l(”?”g) (19)
fects of this kind of filters. In fact, the result of applying a ak Y5 (o?)

If we useniter iterations of the recursive scheme in (13)
to computel,,, , from I, , the discretization scheme for
the heat equation is given by:

6n+1 _
t - .
niter
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Figure 6: Comparison of two similar textures at different Figure 7: Comparison of two different textures at different

scales scales
4.3 Multiscale Texture Orientation His- elements disappear, thus generating new gradients while
togram Comparison other ones are eliminated, makes the total addition similar,

. ) and the information, in terms of changes present in the im-
We can study how the energy obtained when comparing the gesp

entation hist | v aG ian fil age, is approximately constant. In fact, the mean ratio for
orientation histograms evolves as we apply a Laussian fil-y, comparison of two textures, considering in each case
tering to the textures. We use the adjusting faétoas in

- ._the ratio which is lower than 1, is 0.91975, with standard

(19), to rellate the scales to t_)e compared_. Finally, we Obtalndeviation 0.06191. In artificial textures, a change in the res-
the energies for. the comparison of the histogram’ ai- olution produces a change in the evolution of the addition of
ferent scales, given by1(20), W*;e’"E: {0,..., N =1} and the squares of the gradients and no additional information is
o is the minimum ooy, andkoy,. added, thus generating more variable ratios.

On = NON and ol = "—1\;’901\7 (20)

5 Conclusion
Figure 6 shows the results of comparing two images of

the database corresponding to similar textures, acquired at

different distances. As observed, not only the initial en- In this work, we have presented a new approach to texture
ergy is low, but also the subsequent energies, obtained wheglassification and a study on multiscale analysis of natural
comparing the images at the corresponding scales, decreadéxtures. By using the structure tensor, we have obtained
when we increase the scale. On the other hand, Fig. 7an estimation of the gradient in every point of the textures.
shows the comparison of two images of different textures The extraction of orientation histograms to describe the dis-

and the energies, far from decreasing, increase from the ini-tribution of the orientations across a textured region permits
tial value. us to perform an initial clustering of the textures according

to the quantitative and relative distribution of the different
orientations.

The comparison of the Fourier coefficients and certain
We have extracted the evolution of the square of the gradientnormalization processes which have been included allow
across the image for all the textures in the second databasey satisfactory classification in many cases, including size
in which different scenes have been acquired at differentand rotational invariance. However, due to the ambiguities
distances. With these values, we have extracted a ratio fothat are generated by the non-injectivity of the generation
every comparison of two pictures in the database. Insteadof these histograms, a further study has been carried out,
of observing a great variability in the ratios according to by comparing the evolution of the histograms at different
the different natures and distances, they are very close tcscales.

1 in most of the cases. The fact that certain particular ele- This multiscale analysis of the histograms has produced
ments appear when we approach them, while other globalquite satisfactory results, since the visual similarity or dif-

4.4 Ratio Comparison in Natural Textures
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ference between two textures is much more reliably de-
tected by the evolution of the energies resulting when com-
paring the histograms at different scales, which have been
previously adjusted. We have extracted the scale factor
which must be used when comparing two textures to per-
form the comparison appropriately. We have observed how
this ratio is not far from 1 when natural images are con-

sidered, since the information contained in them changes
qualitatively, but not so much quantitatively.

The numerical results obtained in the tests which have
been implemented confirm the usefulness of the multiple
comparison of the images, since they endow us with a much
more robust discrimination criterion. At the same time, the
tests on natural images show the changes in the information
contained in the different views of a scene.
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Abstract multiple camera calibration techniques. In section 5, we
study the render process to generate new video sequences

In this paper, we present a brief description of a master the- from the inclusion of virtual 3D objects in a real video se-
sis done by AguBt Salgado in the computer science depart- quence. In section 6, we present a video processing soft-
ment of Las Palmas University. The master thesis deals withware for combining real and virtual scenes. Finally, in sec-
the problem of inclusion df — D virtual objects in areal  tion 7 and 8, we present the experimental results and the
video sequence. We do not introduce any new real relevanimain conclusions of the paper.
contribution in the field, we focus our attention in the hole
problem and we try to provide a solution for the different 2. Harris corner detector
tasks we have to deal with. In particular, we study tech-
niques for characteristic point extraction, tracking, multi- An image contains information about a scene. However,
ple camera calibration, synchronization of real and virtual ©nly @ few of this information let's us to understand the

cameras and the rendering of virtual objects in the real Scéne. We will try to extract that information that help us
video Sequence_ Fina”y' we present the experimenta| re_to knOW the camera movement. A corneris a k|nd Of IﬂfOI’-

sults obtained. In particular, we insert sorie- D virtual ~ Mation it presents in many images and it is useful for the
objects in a real video sequence and we show the result ob-camera calibration. _ _
tained and the problems we have noticed. In this section, we focus in the Harris corner detector al-

gorithm develop by AMI group. This corner detector has
. two important features, it is very fast and the corners in-
1. Introduction formation is precise. This implementation can estimate the

The digital image technology has experimented an impor- COrner position in subpixe_zl precision _by interpolati_ng the
tant increase for the last years, mainly, due to the increase 1arris values and computing the maxima of some interpo-
of computers performance and the digital video. This tech- 1ated function. _ .

nology allows the combination of synthetic objects and real e tested the Harris detector on real images. The num-
scenes. We can add virtual objects to real video sequence8€r of comers detected depends directly of the three param-
in such a manner as to appear part of the 3D world. This eters of Harris detector. The behaviour of this corner detec-
technology can be applied in many fields, like movies or tor is determined by three parameters, which are described

advertisement. This is the context of the master thesis we2S follows:

present here. _ e Harris radio. It shows the minimum distance (in pix-
In this work, we use a real video sequence recorded with els) allowed between two corners. When the detection
a video camera which has been moved thought a 3D scene.  process finishes, the best corners are chosen by spacial

We want to include one or various virtual 3D objects. After location.

that, a new video sequence will be created with the original

sequence and the 3D objects. The final video sequence will ¢ Sigma. It shows the standard deviation of the Gaus-
be equivalent that the virtual objects would have beeninthe  sian. Itis used to balance the derivates values around a
scene when the video sequence was recorded. pixel.

The organisation of the paper is as follows: In section 2,
we introduce the Harris corner detector technique that we
use to extract characteristic points in an image. In section 3,
we study the problem of tracking the characteristic points,
obtained in each image by the Harris detector, across the When we select the value of the Harris detector param-
video sequence. In section 4, we present an overview ofeters, we must be a deal, between the number of corners

e Threshold. It is the Harris value threshold used to
choose the pixels which are corners. It affects directly
the number of corners detected.
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detected and the total computational time. Restricted val- Corre Har 15% 30% 50%
ues reduce the computational time. If the number of cor- 5% 363.825| 332.989| 311.059
ners is high, it will affect to the total computational time of 10% 345.129| 300.762| 266.779
the whole video creation process. The experiment results 20% 330.398| 275.143| 230.590
have shown that the corner method has good detection and

excellent location performance. Table 1: Number of sequences obtained.

3. Tracking sequences of correspond-
ing singular points across the video in the next iteration, the second frame first one, and the fol-
lowing (to that second frame) second one.
sequence Now, for each corner, we try to find its predecessor point

. . . ) . in the previous frame.
In this section, we describe the tracking process. This pro-

cess computes automatically sequences of corresponding Looking for predecessor.
singular points across the video sequence. The path of a

3D point is a list of projection points in following frames, Fixed a singular point, we look for its predecessor
where that 3D point is shown. point into a windowNx N, centred in the corner loca-

tion, in the previous frame. We will go to the next step,
. o only if we find a candidate predecessor point. Other-
3.1. Succession criterias wise, we consider this singular point the beginning of
The tracking computes sequences of corresponding singular ~ a new sequence.

points across the video sequence. The corners detected are _ )

local information in each frame. So, we must try to relation ~ 2- APPly the Harris and correlation test.

the corners in following frames. The tracking process needs In this step, we apply the succession criterias. If the

some criterias to know when two corners are in correspon- two tests are passed, we consider these singular points

dence. We define two criterias: Harris and Correlation test. in correspondence. When one of these tests is not

These criterias are the tracking "intelligence”. passed, we came back the previous step and the search
The Harris detector gives us for each corner, its location continues.

(z,y) in subpixel precision and its Harris value. If two cor-
ners, placed in following frames, correspond to the same

3D point they will have similar Harris values. The Harris 3 3. Tracking process experimental results
test compares the Harris values of two corners. The sec-

ond test, correlation test, computes the correlation betweerl" this part, we examine the performance of the tracking
two windows centred in two corners. These tests are passe®"0c€ss. We tested the tracking process on a real video se-

when the comparation and correlation results are less than guence of 171 frames, where an average 1200 corners per
threshold. frame was detected. This process was tested and compared

on their basis testd4arris andCorrelation In figure 1, we

. .. can see the graphical results obtained. In table 1, we can see
3.2. Tracking process description the results obtained when we change the thresholds values
The tracking is an iterative process. Its aim is to compute for the Harris and Correlation test.

the path of the singular points across a video sequence. This The Harris test avoids to apply the Correlation to non-
process is divided into the following steps: correspondence corners. So, it reduces the compute time.
However, the thresholds must not be restricted, because the
sequences length will be short. Short sequences are not use-
ful for the camera calibration.

" With the same way it happened in the previous sec-
tion, we have to get a deal between restricted and tolerated
threshold values, to obtain good results in short time.

Step 1:

In the first step we extract the singular points from all
frames of the video sequence. We use the Harris detecto
described in the previous section.

Step2: - | 4. Camera Calibration
It is a simplification of the tracking process. We have

only two frames and we want to know the correspondence The problem of multiple camera calibration consists in re-
of a set projections in these frames. If we want to extrap- covering the camera positions and orientations with respect
olate this solution to the rest of the sequence, we considerto the world coordinate system, using as input data tokens,
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Figure 1: Graphical results of the table 1. It shows the num-

bers of sequences obtained when we modify the Harris anoL

Correlation thresholds.

C 0(worlcl)

Figure 2: Motion parameters derived from point matches.

such as pixels or lines, in correspondence in different im-

whereC“°"? are the coordinates of the optical center in

the world reference system, am:ﬁ.) are the coordinates of
the projection of\/; in the normalised reference system for
the i-th camera. A reference system is said to be normalised
when the optical center is in the origin, the focal distance is
1 and the pixel is a square of size We will assume that
the intrinsic parameters of the cameras are known, which
allows us to normalise the reference system.

In order to estimate the intersection 3D point of the line
set it is necessary to know the position of the optical center
and the rotation matrix for each one of the cameras. The
computation of these parameters solves the problem of the
multiple camera calibration. After estimating these param-
eters, we can evaluate the accuracy of the solution by pro-
jecting the reconstructed 3D points in each camera, and the
est solution for the calibration problem is the one that min-
imises the energy function:

f(c(gworld)’ C%world) R R(()world)7ngorld)

_ /(%) (1)
= Z Hmz‘j My
i

)

2

wheremggz) is the projection of the reconstructed point
Mj in the i-th camera.

To study the problem of camera calibration, we will use
the classical "pinhole model” which assumes the simplest
projective model for the camera image acquisition. To cal-
ibrate the camera means to find out the parameters which
determine the way that the projection works. There are two
types of parameters: intrinsic and extrinsic parameters. The
extrinsic parameters determine tBe- D location of the
camera in the scene with respect to saiori fixed ref-
erence system. They are a translation vector and rotation
matrix. The intrinsic parameters do not depend on the cam-
era location in th& — D scene. They are dependent of the
camera, and are the focal length, the pixel size and the focus

ages. Figure 2 shows this scenario for a system with threeposition. A camera is defined by the projection matrix. This

cameras.
The specification of the i-th camera position is the 3D
point C{°"')where the superscript is the reference sys-

7

matrix determines the projection from the 3D space (world
points) into 2D space (projection plane).
The calibration algorithm returns one projection matrix

tem in which the magnitude is expressed. The orientationfor each frame. We use this information to position the cam-

specification is a rotation matriiegworld) or any equiva-

lent representation, such as quaternions or Euler angles.

When the image tokens in correspondence are projec-5

tions of a set of 3D point4M;},_,  whereN is the
number of points, it is possible to reconstruct each 3D point
expressed in the world coordinate system by simply esti-
mating the intersection point of the line set:

{Ti = Ci(world) + )\Ci(world)RZ(world)ml(;j}

i=1..N
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era into the scene.

Inclusion a virtual object in the
video sequence, render and cre-
ation of a new video sequence
In this section, we describe the inclusion of virtdal- D

objects process into a scene and the making of a new video
sequence. We have two types of cameras, a real and other



artificial, designed for solving problems completely differ- | Camera]|

| (X7

\ (X2, Ys)

|

ent. Our aim is the projections of both cameras will be iden- 1 P,p | (163.50, 888.07) (293.78, 987.6)
tical. If you get to fit the projections, the final video will be Prvap | (163.25, 888.07) (293.59, 987.6)
equivalent that the virtual objects would have been in the Dif (0.25, 0.0) (0.19, 0.0)
scene when the video sequence was recorded. =) Pop | (336.63, 889.75) (469.28, 988.31
. . . . . P 336.47, 889.75) (469.18, 988.31
5.1. Inclusion a virtual object in the video se- IIDVZ.;D ( 0.16.0.0) ( 0.10.0.0)
quence 100 || Pp | (551.16, 889.34) (686.21, 983.86
To simule the inclusion a 3D virtual object in a real video Pryvop | (551.10, 889.34) (686.22, 983.86
sequence, we make a 3D world and $heD objects are in- Dif (0.06, 0.0) (-0.01, 0.0)

cluded into it. In our virtual 3D world, the user can modify
the3 — D objects, as their location as the transformations Table 2: Projection comparative of a 3D point in the real
to apply them. To complete our 3D world we put in the and Inventor cameras.
background a frame (extracted from the video sequence).

To make the 3D world we use a graphical library, such

as Open Inventor. Open Inventor is a library of objects and |,cation of the camera in the scene with respect to some
methods used to create interactive 3D graphics appllcanonsa priori fixed reference system. The intrinsic parameters

do not depend on the camera location in $he D scene.
5.2. Render process They are dependent of the camera, and are the focal length,
This process is automatically computed by Open Inventor the pixel size and the focus position. In the other hand, the
render engine, so we avoid the complexity of this process. Inventor camera projects objects in a 3D virtual scene. So,

this camera has extrinsic parameters but it has not intrinsic
parameters (or it has ideal intrinsic parameters).

To patch the difference between the intrinsic parameters
of both cameras, we assume in the real camera that the focus
projection is in the center of the projection plane and the
pixel is square (the same width and height). In table 2, we
can see the experimental results obtained, when we placed
two spheres in the corner location in the real-world.

5.3. Creation the new video sequence process

When the3D objects are placed into the scene, we create
the new video sequence with the virtual objects inserted.
To keep the sense the objects are in the real-world scene
we have to put in the background the frame that is watched
from the camera location. This process is divided into the
following steps, which are executed for each frame:

1. We create a new frame, which size is the same that the6. AMICam

original. We copy the original frame on a new one. . . . _—
g by g One of this master thesis aims was the design and building

2. The camera is positioned in the scene, with the in- of an application. This application is calléMICam AMI-
formation extracted from the projection matrix of this Cam is an application that offers to users tools for inclusion
frame. After that, Inventor renders our scene (only ob- of 3 — D objects in a video sequence. The tools are easy to
jects) and its output is stored in a buffer. use for any user.

Our application is divided in two parts: the interface and
compute programs. The interface manages and stores the
information the user inserts in the system. The compute
programs are in a lower level, and they computes the most
important process of this master thesis (tracking, camera

: calibration and render). An AMICam snapshot is shown
5.4. Experimental results in figure 3.

When the virtual objects are inserted in the scene, we as-

sume they stay static. This master thesis does not considev_ Experimental results. Inclusion of

dynamic objects. To keep the static objects sense, the pro- . ) ] .
jections of the real and Inventor cameras must be identi-  Virtual objects in a real video se-
quence

cal. However, the real and Inventor cameras have been de-

signed for solving problems completely different and they

have some difference. One of the main applications of video sequence calibration
In one hand, the real camera has intrinsic and extrinsicis the inclusion of virtuaB — D objects in a real video se-

parameters. The extrinsic parameters determing theD guence. We tested our methods in a real video sequence of

3. Finally, we join the frame (background) and the render
output. We overwrite on the frame those pixels that
correspond with the objects projection.
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Figure 3: Main window of AMICam.

120 frames where we included eight artificial objects. The
video sequence was taken with a digital camera. The cam-
erazoom was constant and the camera was placed in the end
of the office.

We have used AMICam to create the new video sequence
with the virtual3 — D objects inserted. We placed in the of-
fice some white sheets with black squares printed on them.
The black squares corners are easily detected by Harris cor-
ner detector. The points sequences detected by tracking
process were long (average of 70 points per sequence, 120
frames). When the tracking finished, we selected the best
sequences for the calibration process.

We have inserted eight virtual— D objects, in different
planes and depth. In table 3 and 4, we present six frames of
the real video sequence (left column) and the same frames
with the inclusion of the virtual objects using the calibration
parameters obtained (right column).

The final results are very well, the objects stay in their
location. However, it exists an error between half and one
pixel. This results could be improved if we use a nonlinear
algorithm, like Levenberg-Maquard.

8. Conclusions

In this paper, we present a master thesis oriented to inclu-
sion 3 — D object in a video sequence. In this field, the
techniques must be, efficiency, robustness, precise and flex-
ibility. We have focus on reach these aims: (1) development
and implementation of methods for inclusi®r- D objects
in a video sequence and (2) development of a user interface
that manages those methods (AMICam).

The final results, how we could see, were excellent and
the range of application of the proposed methods are very
wide.
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Table 3: On the left, four frames (1, %%, 51 and 91) of a real video sequence
and on the right the same frames with the inclusion of the virtual objects (a
red bottle, a mug, a teapot and a plant).



(a red

101 and 120) of a real video sequence and

(

on the right the same frames with the inclusion of the virtual objects

bottle, a mug, a teapot and a plant).

Table 4: On the left, two frames
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