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1 Description of the framework
The algorithm is based on a variational region growing approach (VRG) (Pacureanu et al., 2010). The idea is to
segment the object by means of a discrete function:
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(1)

where Ωin and Ωout are the regions that correspond to the segmented voxels. The regions defined in Ω, change
according to the region-based energy J(φn), that must be designed so that its minimum corresponds to the ex-
pected solution. At each iteration n, the voxels that are connected to Ωin are tested. If the addition of those voxels
decreases the energy, then they are accepted and the discrete function is updated as:
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)
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The design of the energy function is based on a vesselness criterion proposed by (Sato et al., 1997) and on
the gray levels of the original image. This relation is described in the following manner:

∆J(φn+1) = 1−2φ
n (∆J1( f ,v)) , (3)
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where MaxV is the maximum value in the vesselness image, µvin and µvout respectively are the mean values of the
vesselness image voxels in Ωin and Ωout . MaxF is the maximum value in the original image and similarly µ fin
and µ fout are the respective mean values in the image for the regions Ωin and Ωout .
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The calculation of the vesselness image is done as a preprocessing step in a multiscale framework in order to
detect various vessel sizes. The value of the vesselness image for a given voxel is updated according to the larges
response of the filter accross all considered scales. The eigenvalues of the best response are stored for later use.

After this step, some seeds in the image are automatically chosen to initialize the VRG algorithm. As proposed
in (Lo et al., 2010), four different criteria are used to select the initial seeds. By using the eigenvalues of the
Hessian matrix where |λ1| ≥ |λ2| ≥ |λ3|

• λ1,λ2 < 0,

• w≥Contrast,

• (|λ1|− |λ2|)/(|λ1|+ |λ2|)< Tubeness1,

• (|λ1|− |λ3|)/(|λ1|+ |λ3|)> Tubeness2,

where w =
√

λ2
1 +λ2

2 +λ2
3, Contrast = w̄+ 2σ(w), while w̄ and σ(w) respectively are the mean value and

standard deviation of w across the image. Ideally, in bright tubular structures we should have λ1 u λ2 and λ3 ≈ 0.
We have therefore set Tubeness1 = 0.1, as this value has to be close to 0 and Tubeness2 = 0.9 because this value
has to be close to 1. By using these criteria we select seeds that not only belong to vessels but are also centered
inside them. The output of the VRG algorithm is strong dependent on the initial seeds. The mask image is used
to select the seeds inside the lungs and also to limit the scope of the VRG algorithm. The maximum number
of iterations of the VRG algorithm has been set to 120. For most of the datasets the solution converges before
achieving this limit. On average 90 iterations were required to find the solution.

2 Limitations of the algorithm
The algorithm was executed automatically for all datasets without any user interaction. It is a general purpose
algorithm designed to segment thread-like branching structures in 3D images and only some parameter values
have been adjusted using the traning data from the challenge. Additional work would be necessary to better cope
with small vessels, pathological vessels and distinguish vessels from mucus-filled bronchi.

One limitation of the algorithm is related to the computation of the vesselness image. The multi-scale calcu-
lation of the Hessian matrix and its eigenvalues for each voxel is slow and takes a large amount of memory. A 64
bit machine architecture is required with at least 12GB RAM. To complete the segmentation of the 20 datasets it
took around 36h, i.e. more than 1,5h per dataset on average.
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