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Abstract

We present an approach for automatic segmentation of the midbrain and substan-
tia nigra in 2D transcranial sonographies (TCS). It combines principles from both de-
formable shapes and Active Contour Models (ACM). A set of ACM is coupled with a
two–component Finite Element Model of the midbrain anatomy, and this shape repre-
sentation is used in a deformable shape search for the midbrain. A successful search
allows automatic initialisation of the ACM for the exact segmentation of the substantia
nigra. For improving convergence independent from the initial estimate, deformations
are driven by a classifier that distinguishes regional image features, and in this way
steers the deformation to inter–tissue boundaries. Experimental results are promising
and show that our approach can segment the midbrain from TCS automatically and ac-
curately, compared with other image segmentation methods and manual segmentation.

1 Introduction

Using conventional low–frequency B–mode ultrasound, it is possible to image the brain
through the temporal bone window. This technique is referred transcranial sonography
(TCS). Several brain disorders can be depicted by TCS such as bleedings, brain tumors and
major depression. It is also used for the detection of abnormalities in the echomorphology
of the substantia nigra (SN). Figure 1 provides two TCS data sets with the butterfly–shaped
mesencephalic brainstem (or midbrain) in the image center. The midbrain appears as an
echopoor structure surrounded by hyperechogenic tissue, while the SN appears as a stripe–
like structure on both branches of midbrain. It regularly exhibits the same echotexture as
the adjacent brain tissue (figure 1(d)). The hypothesis of changes in SN echomorphology
in terms of an increased echogenicity reflecting a risk factor of Parkinson’s disease (PD)
needs to be proven in longitudinal studies [1]. Since manual segmentation of TCS data
is not straightforward and reproducibility is not satisfactory, an exact quantitative analysis
demands an efficient and precise segmentation technique, which is currently not available.
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(a) TCS (THI) (b) TCS (c) MRI (d) TCS (THI) (e) TCS

Figure 1: The exact boundaries of mesencephalic brainstem (midbrain) and SN are not recog-
nisable in TCS. Its shape can be estimated from transversal MRI images of the brain (b). In
(c) the midbrain is outlined by a contour. An increased echogenicity of the substantia nigra
(outlined in (d)) can be identified in TCS data of patients with PD diagnosis [1]. Figures (a)
and (d) show TCS images obtained using Tissue Harmonic Imaging (THI).

Several segmentation methods have been applied in recent years on sonography data.
Current methods include region growing, fuzzy connectedness, and Bayesian estimation
techniques, among others [2]. The most popular approaches to segmentation of specific ob-
jects from ultrasound data employ deformable models, basically variants of Active Contour
Models (ACM) and Active Appearance Models (AAM) [3, 4, 5, 6, 7, 8]. However, automatic
segmentation of the midbrain in TCS data still poses a challenge. Unlike many abdominal
organs, intracranial structures are not easily amendable with sonography, and TCS images
are particularly difficult to segment. Noise, image artefacts and the missing contour infor-
mation due to the reflection and absorption of the ultrasound by the calvaria complicate the
separation between brain regions of different echomorphology. The echotexture of different
structures is influenced by the quality of the temporal bone window and by the system pa-
rameters (figure 1). As a consequence, the echogenic patterns vary irregularly from patient
to patient and from scan to scan. Active Shapes and Contours can handle part of these prob-
lems by considering certain shape constraints and image or region statistics [6, 9, 10]. The
segmentation quality, however, highly depends on the initial estimate, and human guidance
(in terms of seed point selection, initialisation or manual labelling of training data) is often
needed to guarantee acceptable results. Hence, the level of automation and/or accuracy of
existing methods remains low, motivating our approach on TCS segmentation.

2 Method

Our method computes a model–based segmentation of the midbrain and SN regions in TCS
images as summarised in figure 2. This segmentation problem cannot be addressed without
the anatomical prior knowledge that aids the radiologist in image analysis. In this context
two major sources of information can be identified for identifying the SN: information about
the mean shape and the variability of the mesencephalic brain stem and SN, and second,
information about the location, orientation and size of the midbrain and SN in the images
and w.r.t. each other. This anatomical knowledge is combined with information about the
echotexture of the structures of interest. Hence, our segmentation method employs a model
that represents the experts expectations, and is matched with the TCS images.

To account for anatomical variations the model is implemented as a parametric deforma-

http://www.bmva.ac.uk/annals/2009/2009-0001.pdf
http://www.bmva.ac.uk/annals/


K. ENGEL AND K. TOENNIES: SEGMENTATION OF THE MIDBRAIN IN TCS 3
Annals of the BMVA Vol. 2009, No. 1, pp 1–13 (2009)

Figure 2: Overview of our algorithm for automatic localisation and segmentation of the
midbrain and SN in TCS data. First, a two–component model of the midbrain anatomy is
used in a deformable shape search for the (global) midbrain and (local) SN regions. It uses
finite element models of shape whose nodes are subject to external forces obtained from a
texture–based image classification. In the final step, the best fitting local shape models serve
to initialise ACM for the segmentation of the SN regions.

ble template T (p). It represents the objects undeformed shape and a set of parameters
p = (α, q) that define its relation with the image coordinate frame, and constrain the model
deformation, resp. (cf. section 2.1). In the AAM approach both the geometric shape and the
boundary model of an object are learned from manually labelled data sets, assuming clinical
images from different subjects have similar appearance. This assumption is in our case not
fulfilled, as a sufficiently large set of representative examples of the target patterns in TCS
images was not available and training data would not have a Gaussian distribution1. Our
method builds on the assumption that valid instances of the desired object can be recon-
structed from a set of a-priori constrained model parameters. We therefore employ the finite
element decomposition of shape, which supports an efficient simulation of deformation.

To deal with the specific anatomical attributes listed above (e.g. with the variations in the
echomorphology of the SN), the model of the midbrain anatomy is explicitly split into sub–
models. For this purpose, we use a two–component shape model of the midbrain anatomy
inspired by our recent work on part–based representation of compound objects [11]. As a
result, the wing–shape midbrain and the two stripe–like regions of the SN are represented
as separate finite element models of shape. The relative pose of the SN regions w.r.t. the
midbrain is represented by attaching particular nodes of the SN models to appropriate loca-
tions in the global midbrain model. This way, we model the expectation for localising the SN
regions based on the pose of the midbrain. A prototypical shape template can be generated
based on a manually delineated midbrain in an example TCS data set (fig. 1(a)), or from MRI
data (fig. 1(c)), if available. Details of this model are described in section 2.1.

Model matching can be viewed as a local search for the optimum values pt of the de-
formed model, which is commonly implemented as an optimisation problem based on in-
ternal and external energies of the model. In our case, a shape prototype deforms into an

1The grey–level statistics are non–Gaussian due to subject–to–subject tissue property variations, the non–
deterministic properties of the ultrasound signal that is corrupted by noise and artefacts, and variation in acqui-
sition. The shape statistics represented by the shape parameters of an AAM can be assumed to have a Gaussian
probability density distribution (PDF) iff a sufficiently large set of representative training data is available and
intra/inter–observer variation in the labelled landmarks is small.
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object instance under the influence of image–based external forces. Their purpose is two–
fold. They shall attract a model instance placed close to the midbrain region, and cause the
model instance to deform into the midbrain anatomy of a specific subject. The former will
reduce the number of possible affine transformation parameter values to be evaluated in a
search for the globally optimum parametrisation (cf. section 2.3), and the latter will provide
a good initial estimate for the boundary of the SN regions. The chosen external model forces
depend on the expected intensities (low intensities for the midbrain and high intensity for
the echodense SN) for localising the desired anatomical structures in the images. To ob-
tain accurate segmentations of the desired regions, the external forces will also depend on
boundary attributes. Since intensity gradient information is not reliable for using it to iden-
tify region boundaries in TCS images we estimate the probability of the model boundary to
separate two image regions with different echotexture (section 2.2).

Our strategy for replacing any user interaction (e.g., in terms of initialisation) is to inte-
grate the model–based segmentation in a deformable shape search for a globally optimum
parametrisation. We therefore evaluate the matching quality of a model instance T (pt). Its
quality–of–fit will depend on the non–rigid deformation w.r.t. the reference shape and on the
discrepancy between the expected data and the image data sampled at the deformed nodal
positions. In the proposed shape search, the quality is computed for each of multiple model
instances after convergence of the deformable shape fit. New instances are then initialised
with affine parameter values close to the values of the most successful model instances of
the previous run (e.g., at nearby locations within the image). The search continues until no
further improvement in the segmentation results is observed. It is iteratively performed on
the global and local shape context as described in section 2.3.

The best fitting shape provides estimates for the location, size and orientation of the
SN in the predefined midbrain region of the TCS image. The exact echomorphology of the
SN regions may still be improved, but can possibly not be described by the two stripe–
like shape templates. Hence, in the last step of our algorithm, the boundaries of the two
deformed templates are taken as initial placement of Active Contour Models [15], which are
then locally deformed to adapt to the SN boundaries (section 2.4).

2.1 The Two–Component Deformable Shape Model

Our two–component shape model for segmentation of 2D–TCS images represents the struc-
tural decomposition of the midbrain anatomy into discrete shapes T (l)

i , which contribute to
different hierarchy levels l. Each shape model is implemented as a 2D finite element mesh
∪eΩe that represents a discretised version of the particular (continuum) object, and allows
simulating its elastically deformable behaviour. The global model T (2) represents the wing–
shaped midbrain, and the local models T (1)

i , i = 1, 2, represent the stripe–like SN on each
branch. The two local shapes are in our case coupled with the global model through virtual
springs connecting specific pairs of link nodes {x(1)

v , x(2)
w }, defined on both levels (fig. 3).

We represent the dynamic deformation of a shape model from its undeformed shape
T (p0) = x0 into a similar shape T (pt) = x(t) by a superposition of m displacement fields,

x(t) = x0 +
m

∑
k=1

φkqk(t), (1)

for m = nN degrees of freedom (DOF) of the system, where N is the number of finite el-
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(a) (b) (c) (d)

Figure 3: (a) Midbrain region in a TCS image. (b) Simplified sketch of midbrain anatomy.
(c) The corresponding two–component shape model (sect. 2.1). (d) After shape search, the
boundary finite element nodes of the SN–models T (1)

i , i = 1, 2, with highest quality (sect.
2.3) set up active contours Ci for segmentation of the SN (sect. 2.4).

ement nodes defined in the template T , and n = 2. In contrast to statistical models the
basis is defined in an a priori manner, i.e. the vectors φk are solutions to the eigenproblem
(K − ω2

kM)φk = 0. Here, K is a function of the elastic moduli E,ν, and encapsulates the
stiffness properties as well as the type of mesh and discretisation used, and M may rep-
resent a constant function of material density ρ. The model parameters qk refer to modal
amplitudes [13].

The Finite Element Method yields an algebraic function that relates the deformed po-
sitions x(t) of all finite element nodes at time t of the simulation to forces acting on the
template. The dynamic equilibrium equation has the form

∂2q
∂t2 |t>0 = −C

∂q
∂t
|t>0 −Λq(t) + ΦTf(t), (2)

where C may approximate a velocity–dependent damping force. Λ contains the modal fre-
quencies 0 ≤ ω2

1 ≤ . . . ≤ ω2
m on its diagonal, Φ = (φ1 φ2 . . . φm) and f(t) denotes the vector

of external forces. For simulating the deformation of the template, the finite element equa-
tions (2) are integrated over time until an equilibrium is reached [12]. Letting pt = (α, q(t)),
where α denotes the affine transformation from the model coordinate frame to the image co-
ordinate system, we can write equation 1 as x(t) = α(x0 + ∑k φkqk(t)), and obtain a compact
characterisation of the deformed shape model instance T (pt) = x(t) within the image.

2.2 External Model Forces

External model forces shall attract the finite element nodes to characteristic object features in
the image. Such dynamic loads are usually created by a sensor–based sparse sampling of a
scalar potential field P , whose local minima coincide with the image features of interest, i.e.
f(t) = −∇P(x). For example, intensity sensors sample a Gaussian low pass filtered version
IN = Gσ ∗ I of the input image I (where σ denotes the standard deviation of the Gaussian
low pass filter), and are assigned to nodes representing the object interior. The intensity
forces are fσ(t) = κσ∇IN (x(t)). For the echopoor midbrain, we expect low intensities in the
interior and let κσ < 0, while we let κσ > 0 for the echodense SN.

Due to the specific noise characteristics in TCS data, inter–tissue boundaries may or may
not be characterised by high gradients, and are very difficult to be localised. Some methods
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(a) IN , σ = 2 (b) f(x, t) (c) fb(x, t) (d)

Figure 4: For the region highlighted in (a), reliable inter–tissue boundary forces (c) are
estimated for each boundary node xi by sampling the mean mk and variance ŝk of im-
age patches within a search window (d) and finding the optimal discriminant between
“object” and “background” (sect. 2.2). The Gaussian potential forces of the form f(t) =
κσ∇(|∇IN (x(t))|2) are in direct comparison highly divergent (b).

employ a Rayleigh distribution of the grey–level statistics for a pre–filtering of ultrasound
data (e.g. [16]). We adapt the classical balloon–force fb = κbn, where n denotes the con-
tour normal direction in x(t) [17]. Our approach is inspired by [4, 5, 9, 10], i.e. it uses
region information to define magnitude and sign of κb based upon whether the model is
inside or outside the object. We dynamically compute statistics for samples taken from the
“inside” class θ1, i.e. for pixels inside the particular mesh of e = 1, ..., M finite elements,
{xk(t) ∈ ⋃

e Ωe}, and for the “outside” class θ0, i.e. background. First order statistics of the
intensity distribution within an image patch Pk of size d× d centered at xk are represented as
vector ck = (mk, ŝk), where mk = d−2 ∑x∈Pk

IN (x) and ŝk = (d2 − 1)−1 ∑x∈Pk
(IN (x)− mk)2.

We then calculate mean µ̂q and covariance Σq of the patch statistics for θq, q = 0, 1. As-
suming the class–conditional probability density functions p(c|θq) are independent normal
distributions,

fb(xi, t) = κbni, where (3)
κb = −|Γ− (γ0 − γ1)|, (4)

γq =
1
2
(c− µ̂q)Σ−1

q (c− µ̂q)T, q = 0, 1, Γ =
1
2

ln(|Σ1

Σ0
|),

estimates dynamic loads for attracting the finite element boundary nodes to inter–tissue
boundaries in the TCS data.

Based on the nodal displacements of each model instance T (l)
i , image pixels are classified

as background and object (fig. 4(d)). Samples are obtained from these regions for estimating
µ̂q and Σq locally for each boundary node x(l)

i (t) = xi, ∀i, l = 1, 2, based on d × d–image
patches. For the “outside” class θ0, the patch centers {xk} lie on a line in outward normal
direction ni of length ϑ = maxk{|xi − xk|2} with a spacing χ = |xk − xk+1|2, ∀k. (For θ1 we
sample in inward normal direction, accordingly.) Note that during sampling for class θq, q ∈
{0, 1}, any pixel xk currently classified as θq∗ , q∗ = {0, 1}\q, does not contribute to the patch
statistics. As contour pixels dynamically switch their label, thus affecting region energy
the most, we consider an additional sampling parameter, namely the minimum distance δ
between xi and sample locations {xk}. It steers the probability of obtaining non–boundary
samples.
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2.3 The Evolutionary Deformable Shape Search

Solving the segmentation problem in TCS images requires estimating the set of parameter
values pt representing the affine and non–rigid deformations of the two–component shape
model that best matches the image. In our case, the model is deformed from an initial es-
timate into a similar shape by minimising the associated energy function (2). The solution
T (pt) indicates the globally optimal segmentation iff the model is properly initialised.

Our deformable shape search computes the best fitting shape by simultaneous optimi-
sation of multiple two–component model instances, similar to [14]. Each T (l)

i , l = 1, 2, is
initialised by an affine transformation αi from the model coordinate frame to the image co-
ordinate frame, which defines position (cx, cy), orientation ψ, and scale (sx, sy) of the model
instance. The pose parameters αi = {cx, cy, sx, sy, ψ} are considered as variates with a pre-
sumed Gaussian distribution2 αi ∼ N(µ, ς), and random samples are computed as

xi = µ̂(αi) + z
√

ς̂(αi), z ∼ N(0, 1). (5)

Since samples for estimating the parameters µ̂ and ς̂ of the PDF are in our case not available,
we specify an initial region of parameter values we are interested in. More specifically, we
use pre–set tolerances ς̂ from the parameter values x′i of the set of model instances T (l)

i ,
generated from a representative manual segmentation, which serve as estimates for µ̂. As the
proposed two–component model considers the relationships between the local shapes and
the global model, we only need a prior of the parameter values for the global model T (2). We
set µ̂(ψ) = 0◦, ς̂(ψ) = 2◦, while (µ̂(cx), µ̂(cy)) is the image center, and ς̂(cx) = ς̂(cy) = 20mm.

Each of the multiple model instances initiates an optimisation process in order to adapt to
the local conditions in the data (cf. section 2.1). Matched model instances T (l)

i are evaluated
utilising a quality–of–fit function, which estimates overall energy,

Q(T (l)
i (pt)) = (1− ζ)Qs(T (l)

i (pt)) + ζQd(T (l)
i (pt)), ζ ∈ [0, 1], (6)

where Qs(T (l)
i (pt)) = (1 + µ(|fk(t)|2))−1, and Qd(T (l)

i (pt)) = (1 + µ( 1
2 (q2

k(t))(ω−2
k )))−1

is adapted from [13] in order to measure the non–rigid deformation of the shape model
instance in its un–rotated reference frame, defined by the values p0. The solutions are further
evolved until the overall quality of the current model instances, Q̄ = µ(Q(T (l)

i )), converges.
New shape generations are generated based on the parametrisation of the best fitting shapes,
i.e. in equation 5 we let µ̂(αi) = x′i , where x′i is a value from the pose parameters αi of an
instance with high energy, and we let ς̂(αi) = 0.001. Model instances with a low energy,
Q(T (l)

i (pt)) < τ (e.g., using τ = Q̄− 0.1), are replaced by new instances accordingly.
In our case, the shape search is performed sequentially on the global and local context.

After finding the best fitting instance of the global model T (2) (figs. 5(a)-5(b)), multiple in-
stances with different parametrisations of the local models are aligned to it and matched to
the data. For an initial set of shape models {T ∗(1)

i , i = 1, 2}, parametrisation is restricted by
the best fitting global shape model T (2). We therefore propagate the final displacements of
link node x(2)

w to the SN–models link node x(1)
v for all link pairs v, w (fig. 3(c)). More specifi-

cally, the displacement u(2)
w (t) directly affects the DOF associated with link node x(1)

v (t), and

2Alternatively, a uniform distribution may be initially assumed. Later this information can be refined by
employing a match list of known solutions (importance sampling).
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is imposed as a displacement boundary condition on the particular equations (2). This re-
sults in a transform αv(x) that maps a point x defined in the i–th local coordinate frame to a
point defined in the global coordinate frame by the position of the link node x(2)

w (t).
This initial set of shape models (fig. 5(b)) is then used to initialise multiple instances

{T (1)
i }, whose parametrisation is determined as follows. We use the parameter values x′i

from the {T ∗(1)
i }, and let µ̂(αi) = x′i , ς̂(ψ) = 5◦, ς̂(cx) = ς̂(cy) = 2mm, and ς̂(sx) = ς̂(sy) = 1

10
in equation 5. Each local shape model instance is then fitted to the data and again, solu-
tions with high quality are iteratively further evolved by selecting and randomising the best
matches T (1)

i according equation 5 until the overall quality–of–fit converges (fig. 5(c)).

2.4 Exact Segmentation of the Substantia nigra

Because the exact shape of the echogenic pattern of the SN is unknown, we use a dis-
crete formulation of an Active Contour Model, as described in [15], for the accurate delin-
eation of the SN. The contour models Ci are initialised based on the shape model instances
T (1)

i (pt), i = 1, 2, with maximum energy. We let Ci = {xk}, where xk = x(1)
k (t) denote the

final boundary nodal displacements of T (1)
i (figure 3(c)). Each contour is re–sampled dynam-

ically to guarantee for neighbouring vertices |xi(t) − xi+1(t)|2 ∈ [ε1, ε2], ε2 > 2ε1. Internal
and external forces are set up as described in [15] and equation 3, respectively.

The midbrain and SN segmentations are finally represented as configuration of the global
shape model with maximum energy and deformed local contours Ci, i = 1, 2 (fig. 5(d)).

3 Experimental Results

We evaluated our model–based segmentation technique using qualitative and quantitative
analyses based on ten data sets for which a gold standard was available in terms of delin-
eations of the midbrain and a (hyper–)echogenic SN of a single expert. The images were
acquired on one healthy subject and nine pathological cases. The quality of the data varied
with respect to signal–to–noise ratio, in–plane resolution and image acquisition parameters,
such that a high variance in echomorphology was expected.

(a) (b) (c) (d)

Figure 5: Results of a sequential shape search in terms of the initial global shape model
instance T (2)(p0) (a), the best fitting shape T (2) and initial local shapes {T ∗(1)

i (p0)} (b), the

best fitting local shapes {T (1)
i (pt)} (c) and the final SN segmentations {Ci}, i = 1, 2 (d).
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 6: Segmentation results in TCS showing echopoor (top row) and echodense SN (mid-
dle and bottom row), resp. Columns 2–3 show segmentation results from different stages of
our algorithm, i.e. initialisation (column 2) and the results of final SN segmentation using
ACM {Ci, i = 1, 2, } together with {T (2)} (column 3). Column 4 provides a visual compari-
son with results obtained using ACM for midbrain segmentation (d), and using our model
with Gaussian potential forces (h,l). Note that we used the same initial estimates given in
column 2, where in (j) the model instance was displaced by > 10mm from optimum position.

3.1 Appearance Modelling

Our two–component shape model segmented the midbrain independent from its echotex-
ture by elastic deformation if the initial estimates on the pose parameters α were close to the
desired solution (figure 6). In all cases low energy values of the best fit indicated an echopoor
SN pattern, rather than a misled shape search. This is important as the echogenic pattern of
the SN is not known in advance. The adequacy of the non–rigid deformation depends, how-
ever, on the actual choice of material parameters (cf. equation 2). All our experiments have
been done with the parameter values E = 0.9, ν = 0.25, ρ = 1.

As expected, successful segmentation of the SN was highly dependent on initialisation.
The stripe–like elastic templates T (1)

i , i = 1, 2, provided reliable initial estimates for the con-
tour models, which accurately adapted to the SN boundaries in all data sets. In figures 6(g)
and 6(h) we provide a visual comparison for the improved segmentation using inter–tissue
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boundary sensors (equation 3) instead of sensors that sample gradient magnitude maps of
the form |∇IN (x(t))|2. This resulted in less drifting of the contour sensors due to image
noise, and provided more accurate estimates for the region boundaries (table 1). The fol-
lowing configuration of sampling parameters was chosen to compute the external forces:
σ ∈ {2, 3}, κ = 100, χ = 1, d = δ = 7 and ϑ = 2sx, where sx was estimated for each shape
template by the deviation in the nodal positions after projection onto the principal axis x.
The regional classification results were quite stable for a large range of values ϑ ∈ [sx, 3sx]
(The deviation from average boundary error given in table 1 DδMS < 10%.). We observed
differences in segmentation quality for χ ∈ [1, 3] (DδMS > 30%) and used χ = 1, accordingly.
Classification certainty was typically higher for patch size d > 3, but no preferred value of
δ ∈ [d d

2e, 2d] became evident from our results.
The experimental results given in table 1 demonstrate that segmentation could be signif-

icantly improved using the inter–tissue boundary forces, whereas the gradient–based Gaus-
sian potential forces restricted the applicability of the deformable model. High mean values
of volume overlap ω showed that the echogenic patterns of the midbrain and SN were cor-
rectly localised by the proposed search for the optimum pose parameters. Small values for
the mean squared boundary error δMS showed that the region boundaries were also identi-
fied correctly. We conclude from our results that the model sufficiently captured the expert
knowledge about the midbrain anatomy and appearance in the TCS images, as well as inter–
subject variability. Note that only in combination of the shape model with the ACM the SN
was outlined accurately. On the other hand, segmentation of the midbrain using pure ACM
gave unacceptable results (fig. 6(d)) due to insufficient shape constraints.

3.2 Analysis of the Deformable Shape Search

The midbrain was segmented fully automatically in all TCS images using the proposed
deformable model search constrained as described in section 2.3 and ζ = 0.5. The two–
component shape model adapted to midbrains of varying size even for imprecise initial
positioning (figs. 6(j)-6(k)). Due to the inflating or deflating boundary forces according to
equation 3 and adequate shape constraints, segmentation quality was robust to a variation in
the pose parameters. DδMS was below 10% for variations at the order of 10% in scale, 20mm
displacement from the ideal position and for up to 40◦ variation in orientation. A success-
ful segmentation was in these cases not achieved using traditional Gaussian potential forces
(see figure 6(l) for an example, DδMS > 10%), or ACM alone.

Region
Inter–tissue boundary forces fb Gaussian potential forces

δH δMS ω δH δMS ω

M 3.4± 0.95 1.19± 0.32 90.0± 3.1 10.12± 4.1 8.19± 2.12 78.4± 4.89
SN 2.1± 0.63 1.03± 0.44 82.1± 3.4 6.0± 2.2 4.1± 1.65 71.5± 6.76

Table 1: Segmentation results achieved using the proposed algorithm with external model
forces fσ and fb (sect. 2.2), and using Gaussian potential forces, resp. The mean (± standard
deviation) of the Hausdorff distance δH [mm], mean squared distance δMS[mm] and region
overlap ω[%] for segmentations of midbrain (M) and SN were computed for comparison
with experts segmentations of ten data sets.
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Segmentations failed if shape model instances were placed too far from the midbrain
region and were rejected in the random search, i.e. the resulting quality–of–fit values of
such instances were always smaller than the threshold τ (sect. 2.3). We further evaluated
the adequacy of our random search for the optimum affine shape parameters α for the two–
component shape model in comparison with an exhaustive search in terms of a (rigid) tem-
plate matching as in [18]. We found our strategy to be superior. In only one of our data
sets the correlation of the TCS data with a rigid template provided a reliable estimate for the
midbrain pose. A correct shape fit was in our case indicated by high quality Q for a wide
range of ζ ∈ [0.3, 0.7]. This is essential as the best fitting shape represented the midbrain
segment and thus provides the initial estimate for the final SN segmentation (sect. 2.4).

4 Conclusion

We have introduced an approach to the automatic segmentation of the midbrain from 2D
TCS images. Our algorithm combines local models of the SN regions with a global shape
model of the midbrain anatomy, such that different details of the midbrain can be seg-
mented sequentially. The two–component shape model captures non–linear variations of
the fuzzy anatomical structures, and can estimate the pose of echodense SN regions. Our
algorithm uses external model forces that rely on region characteristics, and can cope with
missing or unreliable contour information due to the non–deterministic image signal. This
approach imposes fewer requirements on initialisation than when Gaussian potential forces
are adopted, and does not require learning the grey–level statistics. Preliminary results on
ten data sets indicated that the segmentation process can be automated using our search
strategy for localising the desired regions. Our method must, however, now be validated for
a larger set of data with ground truth segmentations of multiple clinical experts for assess-
ing its utility in view of exact quantification of echogenic patterns in a more general context.
This would allow evaluating the influence on the sensitivity of the method of the various
parameters, which were chosen in an ad–hoc manner in this study. Future research will also
focus on the evaluation of other methods for the segmentation of the SN, for example using
a combination of the shape model with a graph cut approach [19, 20].
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