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I. Introduction

The analysis of chest radiographs usually starts with the enhancement of image visibility. Bone sup-
pression is an emerging area in this field [1]. Without bone segmentation only poor results can be
achieved [2]. In this paper a robust solution is presented for clavicle segmentation.

II. Algorithm description

The segmentation procedure starts with the placement of clavicle templates on the image relative to the
lung (see the second image of Figure 2). These shapes are first forced to fit into the range of plausible
clavicles and then forced to fit to the image. These steps are then repeated for a fixed number of
iterations, as it can be seen in Figure 1. The final result is selected from the outcome of the iterations.

It can be observed on the images of Figure 2 that there are numerous shapes that did not converge to
real clavicles. This is due to the high dependency of convergence on the starting position. A unique
position which would guarantee the convergence on every image could not be found, therefore it is
required to use several shapes simultaneously.

Figure 1: Flowchart of the algorithm

Finding proper initial positions is crucial to reach high accuracy. From a main template, which de-
pends on the size and position of the lung, copies were created by translation and rotation. The goal
was to find the translation and rotation parameters which provide the best coverage of the plausible
clavicle locations. The parameter space was sampled uniformly, and those points which could be
substituted by another point were sorted out. A point can be substituted if there exists another configu-
ration which performs almost as good on each individual image but reaches a higher result on average.
This reduction step yielded ten starting positions for a set of 332 clavicles.

To encode the shapes a Point Distribution Model was used. Ten dimensions proved to be enough
to model the variations of the 332 training clavicles including translation, rotation and scaling. To
regularize a shape, it is enough to fit it to this model, constrain the shape parameters and map back to
the space of point enumerations.

Fitting to the image was realized by custom-made active contour algorithm based on dynamic pro-
gramming. The algorithm produces robust results as it finds the optimal solution of fitting a curve to
the image. To improve robustness further the method exploits the fact that the two curves bordering
the clavicle are quasi parallel.

Another key point of the algorithm is the selection of the best-fitting shape out of multiple results at
the end of the procedure. For this purpose three different approaches were evaluated. The first method
selects the curve that fits the best to the image. The second approach assumes that the majority of the
curves will converge towards the real clavicle, thus it selects the one that overlaps with the most of
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Figure 2: Steps of the algorithm. Top row from left to right: Original image, Templates, After first
fitting; Bottom row from left to right: Second fitting, Final fitting, Result

Table 1: Results. Training set / Test set
best fit most overlapped multistage

average error in pixel 5.55 / 5.19 5.91 / 5.76 5.72 / 5.71
error > 5.8 (not perfect) 18.67% / 25% 20.78% / 27.5% 19.58% / 27.5%
error > 10 (visible error) 6.02% / 5% 5.42% / 10% 6.33% / 5%

error > 40 (failed) 1.2% / 0% 1.5% / 0% 1.2% / 0%

other curves, weighted by their individual fitness to the image. The third technique uses the previous
measure, but iteratively removes the worst fitting curve and reevaluates the whole set, keeping the last
curve as result.

III. Results

The accuracy of the manual delineations can be approximated by the inter-observer agreement. The
differences between two set of hand drawn outlines were evaluated over the second batch of images
and the average difference was found to be 4 pixels while the maximum difference was 5.8 pixels
measured on 2500 x 2500 images. These results imply that the theoretical minimal error of fitness is
around 4 pixels, and an error greater than 5.8 pixels means that further improvements are possible.

A comparison of the different selector method types is presented in Table 1. The training set con-
sisted of 166 images, the test set had only 20 images. Due to the small size of the latter the results for
the training set are also featured in the table.

The results show that the selector methods that incorporate curve overlapping were not able to outper-
form the simple fitness-to-image measure. However, the achieved accuracy confirms that this solution
can be applied in clinical environment.
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