Anatomical triangulation: from sparse landmarks to dense annotation of the skeleton in CT

images
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The automated annotation of bones that are visible in CT images of
the skeleton is a challenging task which has, so far, been approached for
only certain subregions of the skeleton, such as the spine. For example, in
[4] and [2], methods are proposed for the annotation of the spine. In [5],
a method is proposed to segment cartilage in the knee. In [6], a method
is proposed to annotate the ribs. However, these methods are specific to a
particular region of the skeleton and generalizing them to the whole skele-
ton, with a much larger field of view, a higher variability of the anatomy,
and also variations in the positioning of the patient, remains an open task.

In this paper, we propose an approach for fully automatic dense an-
notation of substructures of the whole skeleton in CT images for staging
bone tumour patients, where we want to localize anatomical substructures
in order to estimate the local tumour load as visible from PET/CT images.
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Figure 1: Description of the workflow. On the left, landmarks generated
by [1] are shown. A first labelling (middle) is obtained using a Random
Forest classifier. Centroids of each segment (right) are disambiguated by
the parts-based model. They serve as new landmarks for another random
forest classifier. The last two steps can be iterated.

As shown in Fig. 1, our method contains four main steps: the prepro-
cessing, a first Random Forest classifier, a parts-based model and a second
Random Forest classifier. The last two steps can be iterated.

Preprocessing: The bones are segmented from the CT image by adapt-
ing [3]. The intensities in the image are modelled as a mixture of two
Gaussians and the resulting thresholding is regularized using graphcut.
Landmarks distributed on the whole body are pre-filtered by a classifier
and refined through a Hough regression model and a parts-based model
of the global landmark topology as explained in [1].

Anatomical triangulation: A Random Forest classifier provides a first
annotation of the skeleton. It uses as features: the triangulation features
(signed distance to each landmarks in each direction), geodesic distances
to selected landmarks, mean image intensity and bone proportion around
the center voxel, position in the image.

Centroid regularization: The position of the centroid of each substruc-
ture of the skeleton is disambiguated by a Conditional Random Field

(CRF), whose unary and binary potentials use global anatomical knowl-
edge. The best candidate centroid for each substructure is computed by
minimizing the energy of the CRF.

Iterative triangulation: The centroids computed in the previous step
are used as new, evenly distributed landmarks for a new Random Forest
classifier based on distance features. The resulting probability distribu-
tion can either be converted to a hard labeling or used as input for a new
centroid regularization step.

We have evaluated our method on 18 whole body CT scans. 136
bones or bone segments were annotated manually (example with shuffled
labels in Fig. 1 middle). 57 landmarks were computed for each dataset
(examples in Fig. 1 left). The test were run using six-fold cross-validation.
Our method achieves a mean overall weighted Dice Score of 90.54.
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Figure 2: Weighted Dice scores for the segmentation of different groups
of substructures by the baseline-random forest (red), after 3 iterations
without centroid regularization (green), after three iterations with centroid
regularization (blue). The total number of substructures of each group is
given in brackets.
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