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Abstract. Ultrasound examination of the human brain through the
temporal bone window, also called transcranial ultrasound (TC-US), is
a completely non-invasive and cost-efficient technique, which has estab-
lished itself for differential diagnosis of Parkinson’s Disease (PD) in the
past decade. The method requires spatial analysis of ultrasound hyper-
echogenicities produced by pathological changes within the Substantia
Nigra (SN), which belongs to the basal ganglia within the midbrain. Re-
lated work on computer aided PD diagnosis shows the urgent need for
an accurate and robust segmentation of the midbrain from 3D TC-US,
which is an extremely difficult task due to poor image quality of TC-US.
In contrast to 2D segmentations within earlier approaches, we develop
the first method for semi-automatic midbrain segmentation from 3D TC-
US and demonstrate its potential benefit on a database of 11 diagnosed
Parkinson patients and 11 healthy controls.

1 Introduction and Medical Motivation

The midbrain, also called mesencephalon, is an approximately 2x2x1cm sized
region of the brain, which forms the upper part of the brainstem. It contains
several conglomerates of nerve cells, so called nuclei, which are involved in visual,
auditory, and motoric functions of the human brain. It is well known that a
degeneration of the Substantia nigra (SN), cf. Fig. 1, which is located in the
midbrain, is the cause of Parkinson’s Disease (PD) [16]. This degeneration, which
is accompanied by an increased concentration of ferrite deposits, depletes other
parts of the brain from the neurotransmitter dopamine, thereby causing the
cardinal motor symptoms of Parkinon’s disease, i.e. slowed movement, tremor,
and muscular rigidity. These ferrite deposits can be visualized by transcranial
B-mode ultrasound (TC-US) in form of hyperechogenic areas within the SN [1].

Several studies using this completely non-invasive method [1,16,2] found that
it is possible to distinguish PD patients and PD types with sensitivities and
specificities of above 90%, based on the size of the hyperechogenic area within
the SN. There is also the indication that SN deterioration is visible in US be-
fore onset of motor symptoms, which is of high medical relevance, because an
early diagnosis of PD may lead to better treatment and deceleration of disease
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progression. Consequently, the hope of medical researchers is to be able to use
TC-US as a screening method for PD in future, especially since the degeneration
of SN cells cannot be visualized by Magnetic Resonance Imaging (MRI) [12].

Though bearing a lot of potential, PD diagnosis based on trancranial US is
not easy and suffers from a few issues. Due to the scanning at low frequencies (2-
4 MHz), transcranial US is unfortunately poor in resolution and characterized
by high levels of noise and large speckle patterns (see Fig. 1). Also, the US
acquisition through the temporal bone window, a layer of bone thin enough to
be penetrated by low-frequency US (typically 2-4MHz), introduces additional
phase aberrations and interferences [9] and higher absorption than in regular
tissue, causing low contrast. Moreover, a high amount of experience is necessary
to find an optimal scanplane in 2D and to interpret TC-US images correctly
[15]. Thus, PD diagnosis based on TC-US suffers from high intra- and inter-rater
variability. We strongly believe that this procedure can be improved significantly
by the usage of 3D-US, making the selection of a cross-section superfluous, as
well as an automated processing of the volumetric data, making the segmentation
results reproducible.

The crucial part of any computer aided diagnosis system is an accurate seg-
mentation of the whole midbrain. In fact, it is advisable to segment the midbrain
first and the SN afterwards, because SN echogenicities appear to be almost iden-
tical to speckle and intensity patterns outside the midbrain area (cf. US images
in Fig. 1). This was also proven by related work on computer aided PD diagnosis,
where either a manual [10,4] or an automatic [6] midbrain segmentation is used.

As a consequence, any method which provides a robust and reliable midbrain
segmentation from transcranial US greatly facilitates the subsequent steps of
SN segmentation and classification. Please note that the only related approach
proving an automated midbrain segmentation is the one of [6]. This method is,
however, restricted to 2D and based on a complex and computationally intensive
finite-element model. We argue that no further attempts at computer-assisted
segmentation of transcranial B-Mode US have been performed yet, because a
careful choice of prior knowledge, data term and optimization method is neces-
sary (see Results section). Indeed, even recent reviews, e.g. [8], show that the
application of shape models to 3D-US segmentation has not been addressed ex-
tensively, so far. To the best of our knowledge, this is the first work on volumetric
midbrain segmentation from transcranial 3D-US.

Fig. 1. From left to right: Midbrain and basal ganglia such as substantia nigra, along
with typical 2D TC-US images (middle), and a slice through one of our 3D volumes
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2 Materials and Methods

In the following, we will show that it is possible to construct a method which is
able to provide a reliable segmentation of the midbrain in the area around the
SN. The proposed approach is based on three components: Firstly, the generation
of a statistical shape model. Secondly, the combination of this shape model with
an active surface framework. Thirdly, the active polyhedron framework of [14] to
implement the discrete surface evolution. Before we describe these three steps,
we briefly describe the acquired data and the necessary pre-processing.

Data Acquisition and Pre-processing. For our study, we collected data
from 23 subjects, 11 previously diagnosed PD patients and 11 healthy controls
(mean age 60.7 yrs., 60% female, 40% male). One subject was excluded due to
insufficient bone window (4.3% exclusion rate). A medical expert scanned the 22
subjects with a medical ultrasound machine1 at 3 MHz. Scans were performed
bi-laterally, i.e. through the left and right temporal bone window, taking care
that the entire midbrain area was contained in the scanned area. Bi-lateral 2D
US planes were reconstructed into a 3D Freehand US volume using a backward-
warping compounding technique [17] at an isotropic resolution of 0.45mm. Af-
terwards, the medical expert segmented all 22 volumes in a blinded, anonymized
fashion into 3 regions, midbrain, SN left and SN right. Segmentation was per-
formed only for those slices in which the SN was clearly visible and considered
relevant for a diagnostic decision. Manual midbrain segmentations were then
transformed into 3D meshes using the MATLAB iso2mesh toolbox [7] and de-
fault parameters (i.e. head surface element size bound of 2, keep ratio of 0.05).

Statistical Shape Model Creation. For SSM creation, we utilize the com-
prehensive SPHARM-MAT toolbox of [13]. The toolbox was slightly modified
to take a set of training meshes as input and generate the SSM model in one
function. The only modified parameter was the SPHARM degree for expansion
and it was set to 15 for all meshes, otherwise default parameters as downloaded
with the toolbox were used. A 5-fold cross-validation was performed, i.e. the 22
meshes were split into five groups and five SSM models were generated from four
groups (training set) to perform segmentation and evaluation on the fifth group
(test set). The output of the SPHARM toolbox trained on M +1 training shapes
is a SSM with M modes of variation Si, i = 1 . . .M :

Sα = Sμ +
M∑

i=1

αiSi, (1)

where Sμ denotes the mean shape and α1, . . . , αM ∈ R. The shape model Sα can
be considered as a parametrized family of shapes, where a specific configuration
is completely determined by the shape vector α = (α1, . . . , αM )T .

1 Siemens Accuson Antares, PX4-1 transducer.
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Evolving the Shape Model. In order to evolve the shape model towards the
desired configuration, we iteratively minimize an active surface energy of the
form

E(S) =
∫

intS
fi dx +

∫

extS
fe dx, (2)

where S denotes the surface, intS the region inside S, and extS the region
outside S. As our shape model provides enough regularity itself we employ no
additional regularizer, such as the surface area. Due to the highly inhomogeneous
nature of US images, foreground and background regions cannot be described
by global statistics. Thus, we use a a localized version of the Chan-Vese model
[3] proposed by [11]

⎧
⎨

⎩
fi = (I − ci(x))2, where ci(x) =

∫
intS Bε(x)I(x) dx∫

intS Bε(x) dx
,

fe = (I − ce(x))2, where ce(x) =
∫

extS Bε(x)I(x) dx∫
extS Bε(x) dx

,
(3)

where Bε(x) denotes a ball of radius ε centered at x. In oder to derive the evolu-
tion equation for the shape model, i.e. the gradient descent for the shape vector
α, we plug the shape model (1) into (2) and compute the partial derivatives with
respect to αj :

∂

∂αj
E(Sα) =

∂E

∂S
∂S
∂αj

=
∫

S
(fi − fe)N · Sj ds, (4)

where N denotes the surface normal. Put together, these partial derivatives yield
the gradient of E with respect to the shape vector α, which we denote by ∇αE. In
order to implement a gradient descent for α, we have to discretize the expression
in (4).

Active Polyhedron Framework. We decided to use an explicit surface rep-
resentation based on a triangular mesh as it is given by the active polyhedron
method described in [14]. However, as the created shape model provides enough
regularity we do not use the regularization described in [14] and evolve the model
directly according to ∇αE. For the evaluation of the cost function, we need to
determine which voxels are inside or outside a given mesh. This is trivial from
an algorithmic perspective, however, it is the computational bottleneck of the
optimization process as this task is performed for each iteration. We addressed
this issue by integrating a simple but efficient GPU accelerated voxelization al-
gorithm introduced by Crane et al. [5] into our framework. Once all voxels inside
and outside the shape are determined, we can compute the local mean values
ci and ce, which eventually allows us to approximate the expression in (4) as
follows:

∫

S
(fi − fe)N · Si ds ≈

N∑

k=1

[fi − fe]k [N ]k · [Sj ]k , (5)

where k denotes the vertex number and [·]k denotes the evaluation at vertex k.
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3 Experiments and Results

We performed the automated segmentation for all 22 subjects, given five folds
of SSM models. The only user interaction necessary was the rigid placement of
the mean shape Sμ into the midbrain region. For all 22 experiments we kept the
same parameter settings: the gradient descent step size was τ = 0.05, the radius
for the localization sphere Bε(x) in (3) was set to 15 voxels (=̂ 6.75mm), and
the maximum iteration number was set to 100.

In order to demonstrate that the localization of the data term (cf. (3)) is nec-
essary, we performed another series of experiments with a standard Chan-Vese
model [3]. Further, we investigated whether preprocessing the image data with
a few anisotropic diffusion steps yields better results, but we could not observe
a significant improvement. In all quantitative evaluations, only slices with man-
ual ground truth were considered, since those were the only slices in which the
SN was clearly visible and manually segmentable by the medical expert, i.e. we
restrict our evaluation to those slices with medical relevance to the diagnostic
problem.

Regarding the midbrain segmentation, we calculated the DICE coefficient of
overlap between ground truth segmentations and the segmentations obtained
by our method. We can observe in Fig. 2 that using the localized data term
improves the segmentation results significantly. Despite the poor image quality,
the median of the DICE overlap of midbrain voxels across 22 subjects is 0.83,
which means that in 50% of all cases the DICE coefficient is at least 0.83. In
contrast to this, when the un-localized data term is used, we only achieve a
median DICE of only 0.55, again supporting the assumption that global fore-
and background statistics are not valid in the modality of ultrasound.

In order to evaluate the quality of the segmentation with respect to the diag-
nostic problem, we calculated the True Positive Rate (TPR) for SN segmenta-
tions, i.e. how many SN voxels were retained within the mesh after segmentation.
We found that a median of 89% of SN voxels is retained by the midbrain ROI.
We also post-processed all obtained segmentations with a dilation by one voxel
(=̂ 0.45mm), because we observed that the expert segmentation was system-
atically similar in shape to our segmentation, but segmented slightly further
outwards, i.e. more into the hyper-echogenic regions surrounding the midbrain.
In contrast, our segmentation converges slightly before these hyper-echogenic
regions are reached. As we perform a ROI segmentation, a dilation of one voxel
does not contradict the overall purpose. However, one should note that we only
use dilation as one possible selection for a ROI, while our proposed method does
not rely on dilation. This post-processing raises the median to 95%, i.e. half of
our segmentations are able to retain more than 95% of voxels with diagnostic
relevance, and five volumes achieve a perfect preservation of SN voxels after
segmentation. Moreover, a dilation also improves the automatic midbrain seg-
mentation, yielding a median DICE value of 0.86, which again shows that our
segmentation is very similar in shape to the expert opinion.

In addition to the quantitative evaluation presented in Fig. 2, we want to com-
pare one of the poorly segmented cases (case 11) to two other cases with
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Fig. 2. DICE coefficients for overlap of our automatic segmentation with the midbrain
(left) and True Positive Rate (TPR) with the substantia nigra (right). Subject indices
are ordered by TPR SN Dilated, the percentage of voxels with diagnostic value retained.

subject 21

subject 13

subject 11

Fig. 3. Exemplary Segmentation Results: Rows: data from three subjects. Columns:
sample slice through volume with midbrain visible (left), segmentation result with-
out data term localization (middle left), segmentation result with localization (middle
right), mesh surface distance map between result and ground truth (colorbar in mm).
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excellent (case 21) and medium (case 13) segmentation results (cf. Fig. 2), which
serve as good examples for the performance of the algorithm on the remaining data
sets. The upper, middle and bottom row in Fig. 3 show cases 21, 13, and 11, respec-
tively. The last column of the figure shows mesh surface distance maps between
the ground truth segmentation and the final automatic segmentation with local-
ized data term, showing that the automatically segmented shape corresponds well
with the ground truth. The reason for the relatively poor performance in case 11
can be explained by the comparatively bad image quality and the rather unusual
shape of the midbrain, making also the manual segmentation very difficult - even
for a medical expert. The same holds true for cases 16 and 22.

4 Discussion and Conclusion

We have presented a robust and largely automated method for segmentation of
the midbrain in 3D TC-US, which is, to the best of our knowledge, the first
approach for volumetric segmentation of the midbrain from TC-US. The per-
formed experiments clearly demonstrate that the segmentation performance is
consistently high across 19 out of 22 subjects, although the quality of US vol-
umes differs highly due to different thicknesses of the temporal bone windows,
which proves the robustness of our method. As the image quality also depends
on the used US settings and hardware, the localized region-based data term
provides the advantage that is does not depend on these factors, in contrast to
an Active Appearance Model for instance. Thus, the presented method can be
readily applied to any form of 3D B-mode volume generation, such as wobbler
probes or 2D matrix arrays.

In terms of usability, the proposed semi-automatic segmentation method re-
duces the overall segmentation time from approximately 20 minutes per patient
for manual segmentation to around 1.5 minutes. As an accurate, robust, and
user-friendly midbrain segmentation from 3D TC-US is of high importance for
a subsequent segmentation and classification of the SN, we strongly believe that
an important step has been made towards a computer aided diagnosis of Parkin-
son’s disease, possibly improving the chance for early detection of the disease
and early onset of therapy for affected patients in future.
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2009-6-270460 ACTIVE.
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