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]_ 7 Medical Image Tracking

Nicholas Ayache, Isaac Cohen and Isabelle Herlin

17.1 The Analysis of Ultrasound Image

There is a continuously increasing demand in the automated analysis of 2D
and 3D medical images at the hospital (Ayache et al., 1989; Ayache et al.,
1990). Among these images, ultrasound images play a crucial role, because
they can be produced at video-rate and therefore allow a dynamic analysis of
moving structures. Moreover, the acquisition of these images is non-invasive
(it does not hurt the patient!) and the cost of acquisition is relatively low
compared to other medical imaging techniques.

On the other hand, the automated analysis of ultrasound images is a real
challenge for active vision, because it combines most of the difficult problems
encountered in computer vision in addition to some specific ones related to

the acquisition mode:

e images are degraded by a very high level of corrupting noise,
e observed objects usually correspond to non-static, non-polyhedral and
non-rigid structures,
e images are usually produced in polar geometry instead of cartesian ge-
ometry.

We show in the first part of this chapter how a new sonar-space filtering
method combined with a snake-based tracker (see also chapters 1, 3) can
be used to provide a global tracking of some anatomical structures in time

sequences of noisy echocardiographic images.

We then show how to introduce additional shape constraints to obtain,
if required, a local tracking of individual points along the globally tracked
moving structure.

Additional details can be found by the interested readers in (Herlin &
Ayache, 1992a; Herlin & Ayache, 1992b) for the first part, and in (Cohen
et al., 1992a; Cohen et al., 1992b), for the second part. Also, this work
should be compared to some previous attempts to provide an automated
analysis of ultrasound images, for instance (Taxt et al., 1990; Faure et al.,
1988; Buda et al., 1983; Jenkins et al., 1981; Zhang & Geiser, 1982; Unser

et al., 1989).
17.2 Ultrasound Image Reconstruction and Filtering

17.2.1 Geometry of Image Acquisition

The fact that ultrasound scan lines are acquired in polar coordinates creates
an important anisotropy in spatial resolution. The geometric transforma-
tion which transforms the data from a polar representation to the correct
cartesian representation is called scan correction.
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Figure 17.1
Ultrasound image on raw data.

Figure 17.2
Cartesian image after conversion.

This scan conversion requires the knowledge of the following set of param-

eters (see Fig. 17.3):

extent of data acquisition wedge «a,

e the angular
minimal distance d for data acquisition,

total distance D for data acquisition (th

ese distances being measured

L ]
from the skin), and

e the number of rows, IV, desired in the output cartesian image (The num-
ber of columns will be related to o, and we will assume squ

may be used for the conversion process. Usually, the
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Figure 17.3
Parameters of the conversion process.

value of the bilinear interpolation of its four nearest points. An alternative
method consists in using Bresenham’s method, well-known in the Computer
Graphics field.

In fact we found that these methods do not make optimal use of the avail-
able original data, and we introduced, a new method, sonar-space filtering,
which can be used to adapt locally the computation of the convolution prod-
uct in cartesian space with respect to the available resolution of the polar
data. In this sense, this provides an optimal reconstruction for a chosen level

of spatial filtering. -

17.2.2 Sonar-Space Filtering

We assume that it is desired that the continuous input cartesian image I(z,y)
be filtered by the impulse response f(z,y). The resulting image R(z,y), in
continuous space, is given by the convolution product:

R(an,y)z/j° /‘—00 f(z ~u,y —v) - I(u,v) dudv. (17.1)

However, the input is only available in the polar coordinate space. We
thus apply the following change of variables:
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where

e Ay = d(igi% is the distance (from the surface of the skin) where the

acquisition process begins, measured in pixel units along a scan line of the
raw data,

o A, = qu'l—) is the angular difference between two successive angular
positions of the probe, .

s e= Tﬁ%ﬁ ((I%E% adjusts the pixel sampling rates along the axial direction

of the beam, according to the desired height N of the cartesian image.

This yields the following:

2w poo
R = [ [ 1le=ulo.0,y-0(0.0) - 1(0) (o0 dpdd. (172)

Here |J(p,6)| is the determinant of the Jacobian matrix corresponding to
the inverse transformation of variables:

Mcos (OAC,%—W_O[) + xzg

e 2

y = —————p+ANsin(9Aa+7r—a).
e 2

It is easily seen that

(p+ An)* Ag
=

[J(p,0)] = ;

We have transformed the convolution in the cartesian coordinates to an
infinite integral in polar coordinates, corresponding to the domain of the raw
data. But the computer implementation requires a finite discrete summation.

Once the two-dimensional convolution filter f is chosen, we define its rect-
angle of essential support: say a rectangular window of width 2X and 2Y.
Outside this region of support the absolute value of the impulse response
must be lower than a pre-selected threshold s, i.e.,:

|F(u,v)] < 5 if ((ful = X) OR (jv] > V).
Therefore the integral is approximated by a finite integral over the domain

(z—X<u<z+X)AND (y-Y <v<y+Y).
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The filter is also sampled in this domain in order to approximate the
integral by a discrete summation. Filtered numerical outputs are evaluated
at original data point locations within the continuous domain.

We thus obtain the following equation:

R(z,y) =CY_ f(z — ulpk,0k),y — v(pr, 0x)) - I(pk, k) - 13 (px, Ok)| , (17.3)
- ;

where the summation is over the discrete collection of point (px, 0x) in polar
coordinates and where C is used to normalize the data, and

(pk + AN) * Do
e? )

|J(Pk, ek)l =

We have thus transformed the computation of R(z,y) into a discrete con-
volution on a window of size 2X by 2Y, making use of image data only at
points where it is defined in the polar coordinate domain. Note that for the
raw data, or more generally for any sonar-like data, the sampling of the filter
is not regular along the z and y axes but it rather conforms to the sampling
density of raw data. In this formula, the |3 (px, O )| value represents the sur-
face area of the polar pixel patch in the cartesian domain. We will present
in the following subsections the different values that we have chosen for the
function f for different processing of the echocardiographic raw data.

17.2.3 Image Visualization

In practice, the convolution filter f (z,y) is typically separable and is denoted
by f(z)g(y). Then, classical 1-D smoothing and derivation filters can be

used.
For visualization applications of sonar-space filtering, we used the De-

riche’s smoothing function (Deriche, 1987), f(z) = g(z) = L(z):

L(z) = kz(asin(w|z|) +wcos(w I:cl))—am (17.4)

The conversion algorithm performs simultaneously a conversion to carte-
sian coordinates and a smoothing of the data (whose amplitude can be ad-
justed with «) thus producing a cartesian image with a reduced speckle.
Other smoothing functions could be used instead.

17.2.4 Edge Detection

For automatic boundary tracking, we investigated the use of spatio-temporal
approaches (Monga & Deriche, 1988). A time-varying edge may be repre-
sented as a surface in 3-D space, in which z and y are two spatial dimensions
and t is the temporal dimension. We modify Deriche’s edge detector for this
goal.

We denote by ag, o, and o, the filtering parameters of the Deriche filter

(cf. Eq. 17.4) for the z, y and t axes respectively.




Since the 2D space is homogeneous, we can choose oz = ay. On the other
hand, the value of o is independent and must be chosen according to the
temporal resolution. (Another approach could be to generalize Deriche’s
detector with spatio-temporal functions as in (Hwang & Clark, 1990).)

We denote by G, and G, the two spatial components of the gradient vector
and I(z,y,t) the 3-D image function. Let D be the Deriche differentiation
filter and L the associated smoothing filter. The two components of the
gradient vector have the following expression:

* Gz = (DzLth) ® I(:E, y:t)
. Gy = (LIDth) ® I(a:,y,t)

where the subscripts are used to indicate along which axis the corresponding
filter is applied and ® denotes the convolution product.

Each component is obtained by differentiation in the associated direction
and filtering in the other spatial direction and in the temporal direction.
The squared norm of the gradient is defined by: N?(z,y,t) = G2+ G2

Finally, edges are obtained as local maxima of the gradient norm in the
direction of the 2D gradient vector. The temporal dimension is only used
to smooth the 3D intensity function. This produces a significant image
enhancement in regions which are not moving too fast.

17.3 Global Temporal Tracking

17.3.1 Crude Initialization of Structure Edges

To obtain a crude estimation of the boundaries of anatomical structures,
we use techniques from mathematical morphology. The model of a cardiac
cavity is very simple. This is an ovoid region with low intensity. These
regions cannot be obtained by simple thresholding because of the speckle
noise. But the fine structures of the speckle may be easily suppressed by the
following morphological operations (Serra, 1982):

e A first order opening eliminates the small bright structures on dark back-
ground.

e The dual operation (first order closing) suppresses the small dark struc-
tures.

After these operations, a simple thresholding gives an image C where all
the cardiac cavities are represented in white. This detection can be refined
by the use of higher level information. The specialist points out, using a
computer mouse, the chosen cavity on the image. The whole cavity is then
obtained by a conditional dilatation which begins at this point.
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17.3.2 VUse of an Active Deformable Model

The previous operations usually provide a gross approximation of the struc-
ture boundaries. In order to improve this crude segmentation to an accurate
determination of the boundaries, we use the deformable models of (Cohen
& Cohen, 1990), in the spirit of (Kass et al., 1987a) (see also chapters 1 and

3)

The deformable model is initialized in the first image by the gross approx-
imation of the structure boundaries, and evolves under the action of image
s which are counter-balanced by its own internal forces, which preserve

~ force
its regularity.
Image forces are computed as the derivative of an attraction potential

related to the previously computed spatio-temporal edges. Typically, the
potential is inversely proportional to the distance of the nearest edge point.

Once the model has converged in the first frame, its final position is used
as the initial one in the next frame, and the process is repeated. This is
equivalent to a zero-mass tracking snake.

17.4 Global Tracking Results

Fig. 17.4 is a manual sketch of the image which shows where cardiac cavity is
located, and can be considered the “ground-truth” of the echographic data

in Fig. 17.2.

Figure 17.4
Manual sketch of the image.

Cartesian reconstruction of the polar image of Fig. 17.2 is shown in
Fig. 17.5. The image has been reconstructed using direct convolution with
the low-pass filter of equation 17.4 with o = 1. Then, edges have been




extracted without temporal smoothing by applying a spatial Deriche Filter
(Deriche, 1987) to the cartesian image, with a resolution parameter a = 1.

Figure 17.5
Reconstructed cartesian image and edges obtained by sonar-space filtering.

The effect of temporal smoothing can be seen on figure 17.6. There is a
reduction of some local distortions on the deeper edges of the left auricle, as
can been seen when comparing the bottom right cavity of figure 17.4 with
figure 17.6. Simultaneously, temporal smoothing can make the mitral valve
vanish (middle thin structure of the same figures), which is due to the fast
motion of this structure with respect to the temporal resolution.

The chosen strategy is thus to use temporal smoothing only to study
cavities (slow motion) and not when studying fast moving structures like
the valves.

Figure 17.6
Left: no temporal smoothing of edges, right: temporal smoothing of edges.

Our methodology was applied to four different sequences obtained from
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two different echographs. We only present here the results obtained from
a time sequence acquired in polar coordinates from a VIGMED echograph
at the Hospital Henri Mondor in Creteil, France. This sequence contains 38
images from a cardiac cycle.

Fig. 17.7 shows a cartesian representation of the original data (only one
image in four is displayed). Edges are shown in Fig. 17.8, and the tempo-
ral tracking of the mitral valve and the auricle are presented in Figs. 17.9

and 17.10.

17.5 Tracking Points on the Deformable Structure

The new objective is now to perform locally the tracking of each individual
point on the active deformable model. The approach we developed in (Cohen
et al., 1992a) was an improvement of the work of (Amini et al., 1991; Duncan
et al., 1991) to analyze the deformations of curves in sequences of 2D images.

17.5.1 Privileging High Curvature Points

This approach is based on the paradigm that high curvature points usually
possess an anatomical meaning, and are therefore good landmarks to guide
the matching process. This is the case for instance when deforming patients
skulls (Cutting, 1989; Guéziec & Ayache, 1991; Monga et al., 1992), or when
matching patient faces taken at different ages, when matching multipatients
faces, or when analyzing images of a beating heart. In these cases, many lines
of extremal curvatures (or ridges) are stable features which can be reliably
tracked between the images (on a face they will correspond to the nose, chin
and eyebrows ridges for instance, on a skull to the orbital, sphenoid, falx,
and temporal ridges, on a heart ventricle to the papillary muscle etc. ... ).

As Duncan’s team (Amini et al., 1991; Duncan et al., 1991), we therefore
propose a method based on the minimization of an energy which tends to
preserve the matching of high curvature points, while ensuring a smooth
field of displacement vectors everywhere. The energy minimization is ob-
tained through the mathematical framework of Conforming Finite Elements
analysis (Ciarlet, 1987), which provides a rigorous and efficient numerical
solution. Moreover we show in (Cohen et al., 1992a) that the approach can
be generalized in 3D to analyze the deformations of surfaces.

This approach is particularly attractive in the absence of a reliable physical
or deformable geometric model of the observed structures, which is often
the case when studying medical images. When such a model is available,
other approaches would involve a parametrization of the observed shapes
(Metaxas & Terzopoulos, 1991a) (see chapter 5), a modal analysis of the
displacement field (Horowitz & Pentland, 1991), or a parametrization of a
.subset of deformations (Bookstein, 1989; Mishra et al., 1991). In fact we
believe that our approach can always be used when some sparse geometric
features provide reliable landmarks, either as a preprocessing to provide an
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initial solution to the other approaches, or as a post-processing to provide a
final smoothing which preserves the matching of reliable landmarks.

17.5.2 Modelling the Problem

Let ('p and Cg be two boundaries of the image sequence, the contour Ug
is obtained by a non rigid {or elastic) deformation of the contour Cp. The
enrves Cp and Cy are parameterized by P(s) and Q( &) respectively.

The probler is to determine for each point 7 on {’p a corresponding point
Q on Cp. For doing this, we must define a similarity measure which will
compare locally the neighborhoods of P and .

As explained in the previous section, we assume that points of high curva-
ture correspond to stable salient regions, and are therefore good landmarks
to guide the matching of the curves. Moreover, we can assume as a first order
approximation, that the curvature itself remalns invariant in these regions.

Therefore, we can introduce an energy measure in these regions of the form:
. i TR . oAz N
B yme = 3 (Kols') ~ Kplsy) ds {17.5)

where Kp and K¢ denote the curvatures and 5, § parameterize the curves
p and Cg respectively. Iu fact, as shown by (Duncan ef of, 1991; Landau
& Lifshitz, 1986), this is proportional to the energy of deformation of an
isotropie glastic planar curve.

We also wish the displacement field to vary smoothly around the curve,
in particular to insure a correspondence for points Iving between two salient
regions. Consequently we consider the following functional {similar to the
one used by Hildreth to smooth a vector flow field along a contour {(Hildreth,
198471

2(s)

G
A

o ( Kol(s) ~ ;{{,gs)}zds e B

FLp Cp i

where

B 1@ ~ PE) |

i‘f’mg'&iar = ; B i el | I £ -4
A i 8

s |

measures the vartation of the displacement vector PQ along the curve p,
and the [l denotes the norim associated to the euclidean scalar product (., .J
in the space R?.

The weighting parameter R{s) depends on the shape of the curve Cp.
Typically, H(s) is inversely proportional to the curvature at /7, to give a
larger weight 10 E yree in salient regions and conversely 10 Fegane to points
inbetween. This is done continuously without annihiling totally the weight
of any of these two energies (see (Cohen ef ol 1982a)).
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17.5.3 Solving the Matching Problem

Civen two curves Cp and Cg parameterized by s € 0,1] and s € [0,0]
{where « is the length of the curve Cg), we have to determine a function H

such thal:

Foo1 - [0a

. £
A R

satisfying
f(0) =0 and f(1) =« (17.7)
and

! (17.8)

arg min(E{f))

where
L W ﬁm&ﬁ@wP@ﬂg
B = [ (KoUo) - Ke(@)ds+ Ris) ||| =g do
oo ey ’

(17.9)

means that the displacement vector is known for one

The condition (17.7)
ase, where the curves Cp and Ug are

point of the curve. In the trivial ¢
identical, solving (17.8) leads to the identity function.
In the model defined above we assumed that:

e the boundaries have already been extracted,

e the curvatures K are known on the pair of contours.

These necessary data are obtained by preproc sssing the image sequence (see
(Cuésiee & Ayache, 1991) for instance).

17.5.4 Numerical Solution

The characterization of a function [ satislying f = arg min B{f} and the
condition {17.7) is performed by a variational method. This method char-
acterizes 8 local minimum f of the functional F{f) as the solution of the

Fuler-Lagrange equation VE( Fy=0
Then solving the Euler-Lagrange equation VE(f) = 0 leads to the solution

of the partial differential equation:

PN + Kp (Np, Q1) + J; (Kp = KqUNEQD =0 (17.40)

+ Boundary conditions




where () is a pavametrization of the eurve Cp, Q) the tangent vector of
Co, }{ég the derivative of the curvature of the curve T snd N p is the normal
vector to the eurve Cp. The boundary conditions of equation (17.10) are
FU0) = 0 and f{1) = « (condition {17.7)) that any solution must satiafy. In
the following we consider null boundary conditions {this is done by a simple
change of variables),

The equation {17.10) is solved by a finite element method, Details on the
associated vartational problem and the construction of the approximation
space can be found in {Cohen ef al, 19924} and the corresponding internal
INRIA research report,

17.6 Local Tracking Hesulis

The method was tested on a ot of synthetic and real mage sequences. Here,
we only present the results obtained on the previously shown ultrasound
images of a cardiac valve. This tracking can help the diagnosis of some
heart disesses

Figure 17.11 show the tracking of each polnt of the valve for a selection of
§ succesgive pairs of contours {for other experiments, please refer to {Cohen
et al., 1992b). The results are given by specifving at each discretization
point Py 1= 1... N of the curve Cp the displacement vector w = Py(},
At ench point P, the arrow represents the displacement vector ;.

These results were satisfying for the all sequence of 30 images, in the sense
that they met quite well the objectives of preserving the matching of high
curvature points while tosuring s smooth displacement feld.

The method was entirely antomatic, except for 4 frames {out of 30) where
the user had to provide an initial estimation. This was due to excessive
deformations with respect to the current temporal resolution. Anyhow, one
can visualize that the resulis meet the objectives of preserving the matching
of high curvature points while insuring a smooth displacement feld.

17.7 Conclusion

We presented in this chapter an application of active vision to the fracking
of points in anatomical structures in time sequences of ultrasound medical
images. We presented a chain of processes, built with the following generic
tools:

® sonar space filtering, to extract loeal edgels,

e active deformable models, to track a global structure,

o local point trackers, to follow the motion of each individual point on the
global structure.
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We illustrated the applicability of the whole chain by demonstrating the
tracking of each point of a cardiac alve in a time sequence of ultrasound

irnages.

Further work will go in two directions: first we shall generslize this work
in 3 dimensions, following the work of (Cohen ef al., 1992¢) and (Amini
et al., 1991), and second, we shall incorporate some physical model in the
ioeal tracking. ’
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