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A Appendix

A.1 Steerability of Gaussian Derivatives

The steerability of Gaussian derivatives has been derived for the 2-D case in [3] and can
readily be extended to 3-D [2]. Steerability refers to the property that the convolution of
an image with a rotated version of the steerable filter template (SFT) can be expressed
by a linear combination of the filter response of the image with the SFT without rotation:
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Proof. Following [3], the Fourier transformation (FT) of the rotated filter templates
as defined in Equations (1) and (2) can be computed by a rotation in the Fourier domain:
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where G7(x) = F(G°(z)) denotes the transfer function of the Gaussian kernel. Re-
peatedly applying the binomial equation, this can be rewritten as:

m—a a—b b uy wq . R
‘F(Gmab (Ro ¢:B Z Z Z Z Z wﬁ:,:j;)hwwuwﬂ -G (w) (6)

u1=0v1=0 w1 =0 uy=0 wo=0

( ) (u1+vl+w1)( )(u1+vl+w1)*(u2+w2)(iwz)u2+w2

1wy

)

where

lbfslaihwl’u%w” 7(71)a7v17w2 <m — (1> (a — b) < b > <u1) <w1>
Ul 1 w1 U2 w2

(COS e)m—ﬂ—ur‘-wz (COS (b)m—a—i-b—ul—l-vl—wl

(Sin 0)b+u27w2 (Sin ¢)a7b+u17v1+w17u27w2 . (7)

Applying the inverse FT to Equation (6) and convolving with image [ finally yields:
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A.2  Segmentation Results

The binary segmentation of the cerebrovascular networks of the test ROIs of datasets D1 _4
are compared for the different vessel segmentation approaches in Figures 1-4.
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Fig.1: Segmented cerebrovascular network for whole 3-D test ROI of dataset Dy
using different segmentation techniques. (a) Ground truth. (b) Otsu’s method [4].
(c) Frangi [1]. (d) Sato [5]. (e) RF-OSF (d = 102). (f) RF-SFT (M = 4). The binary
segmentation maps are computed at the corresponding F} -optimal operating points.
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Fig.2: Segmented cerebrovascular network for whole 3-D test ROI of dataset Dy
using different segmentation techniques. (a) Ground truth. (b) Otsu’s method [4].
(c) Frangi [1]. (d) Sato [5]. (e) RF-OSF (d = 102). (f) RF-SFT (M = 4). The binary
segmentation maps are computed at the corresponding F} -optimal operating points.
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Fig.3: Segmented cerebrovascular network for whole 3-D test ROI of dataset Ds
using different segmentation techniques. (a) Ground truth. (b) Otsu’s method [4].
(c) Frangi [1]. (d) Sato [5]. (e) RF-OSF (d = 102). (f) RF-SFT (M = 4). The binary
segmentation maps are computed at the corresponding F} -optimal operating points.
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Fig.4: Segmented cerebrovascular network for whole 3-D test ROI of dataset Dy
using different segmentation techniques. (a) Ground truth. (b) Otsu’s method [4].
(c) Frangi [1]. (d) Sato [5]. (e) RF-OSF (d = 102). (f) RF-SFT (M = 4). The binary
segmentation maps are computed at the corresponding F} -optimal operating points.
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