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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

Many applications from computer based surgery involve an automatic and exact local-
ization of vessels in contrasted radiographs. However the segmentation of 2D images is more
difficult than segmenting 3D images because of less information received from the data. In
addition the radiographs are often blended because of the nature how information is pro-
jected on the images (e.g. blended with bones and different vessel parts). The objective of
this IDP in mathematics is the implementation and testing of different methods of vessel

segmentation based on eigen-value analysis.
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CHAPTER 2. DATA

Chapter 2

Data

The implemented methods are tested on different angiography sequences (esp. rotational
angiography with stationary C-arms). The images have no radial distortion since they are
acquired with a flat panel detector. The pixel spacing is 0.3mm or 0.6mm which is accurate

for segmenting the coronary arteries, our main target vessels.

The vessels in the DICOM-Sequences are dark on light background (the gray value of the
contrasted coronary arteries represents the measured radiation). We extracted some slices on

which we tested the implemented methods.

Figure 2.1: Coronary Arteries
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CHAPTER 3. METHODS

Chapter 3

Methods

In this chapter the different implemented vessel detection algorithms are described as
well the different approaches of pre- and post-processing image algorithms to reach sig-
nificant final results in the segmentation. The programming language for all implemented
methods is C++ together with the ITK-Library! v3.x [ITK].

3.1 Preprocessing

Before segmenting vessels we improve the images by adjusting the signal-to-noise ratio
and subtracting the background in the preliminary steps. The influence of the image pro-

cessing [GWO02]-[Jah02] steps on the final segmentation results will be also analyzed.
& p g y

3.1.1 Cropping

The images used from the data sets have on their borders very high or low frequencies
(dark or light areas). These regions with no interesting information, unlike the sought-after
coronary arteries, affects the used improving image algorithms e.g. thresholding with the
variance of the mean value of the pixel-intensities. Therefore areas with a width of approxi-

mately 50 pixels are cut off on each border.

!Insight Segmentation and Registration Toolkit (http:/ /www.itk.org/)
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3.1.2 Adjusting Intensities

After the cropping step the image intensities are adjusted. Normally the intensities of

the angiography images are defined by this equation:

[ =1y e Jr@d (3.1)

For getting e.g. the attenuation coefficient ;1 of the integral (3.1) the logarithm has to be
applied. So we get our adjusted images intensities for the further imaging processing by

applying the logarithm and multiplying —1 to the equation (3.1) :
—Inl = /,u(x)dx —Inly (3.2)

Before adjusting the image intensities the coronary arteries were dark on light background,

now they are light on a dark background with values in the range of [0, 1].

3.1.3 Thresholding

The vessels in the images are now light on dark backgrounds (as described above). Nev-
ertheless in the dark areas of the images are local high frequencies where the segmentation
algorithms ([KGSD95],[FNVV98]) would find edges for tubular structures (e.g. the vessels of
the lungs or midriff - Figure 3.1). To get rid of these areas thresholding is applied. The thresh-

Figure 3.1: Vessels of the lung would be segmented without thresholding

8
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old value is automatically gathered of the variance and the mean value over all intensities
(3.3):

threshold = meanvalue + percent x variance (3.3)

The percentage value is 0.8 and the outside value? is the threshold itself, not 0 or 1, because
the segmentation algorithms would segment these high frequencies as edges around the

borders of the areas.

3.2 Vessel Detection Algorithm

Most vessel segmentation techniques [KQ04]-[HEM™99] are based on their linear struc-
ture and employ an eigenvalue analysis of the image intensities. Furthermore, the data will
be analyzed at different scales because vessels have a varying diameter and get smaller as
the degree of branching increases. Therefore, all methods have the computation of the Hes-
sian with several derivatives of Gauss kernels on several scale steps and the subsequent
eigenvalue analysis on every pixel in common. This chapter describes three different ves-
sel detection algorithm which have been implemented and tested. The level set algorithm
of Nain [NYTO04] and the 2 Gaussian derivative algorithms of Frangi [FNVV98] and Koller
[KGSD95]. However the Nain algorithm was discontinued in implementing and segmenting

because of unresolved questions.

3.2.1 Level Set Algorithm

The level set segmentation tracks the evolution of a contour (embedded as zero level set

of the higher dimensional function ¥(.X, t) under the control of the differential equation:

d

&\IJ = —aA(x) - VU — GP(z) | VY | +7Z(z)k | VI | (3.4)
where A is the advection term, P is the propagation (expansion) term, and Z is the spatial
modifier term for the mean curvature «. The scalar constants «, 3, and v weight the relative
influence of each of the terms on the movement of the interface [?]. At any time ¢ the zero
level set can be extracted I'( X, t) = {¥(X,t) = 0}. Levels sets are useful functions for seg-

mentation by using image-based features such as mean intensity, gradient and edges [Set96].

’the value assigned for the areas with pixel intensity > threshold

9
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Nain

The Nain segmentation algorithm uses the propagation and mean curvature term of the
the level set equation. The propagation term consists of the measures ¢; (Fig. 3.5), €2 (Fig. 3.6)
and parameter a, which influences the deviation (Fig. 3.7). e measures the local ball filter of
the percentage of points in the disk B(z,r) inside and on the contour, e, is the output of a
local ball filter, where the contour points close to the widening of the contour have a higher
€2 measure than contour points on the tube. €3 looks if the contour point lies near a leak
region because points inside the widening region have a higher ¢; measure but most points

on the contour have the same measure. [NYT04]

1 if y € R (inside and on the contour)

€1(z) = / X(y)dy where X(y)= (3.5)
B(zr) 0 ify ¢ R (outside of the vessel)

e2(z,p) = €/(x) +p/ & y) X (y)dy > 0 (3.6)
B(z,r)

The level set equation (3.4) of Nain is derived (from the first derivation of the Energy Func-
tion E(C) = [, ¢dx + [ ds) by setting the constant o = 0 in the advection term, § = 1in the
propagation term and (Z(z) - v) = 1 in the mean curvature term of the level set equation 3.4.
The propagation term P(z) = —® + a - €3 consists of the erosion term (a - €2, flow along the

inward normal) and the image term &:

d
—U = —0-A(x)VY —[P(z) | VU | +1-k| VT |

dt
= (=P(z)+ k) | V¥ |
= (P—a-ea+k)| VT
oC (x)

= = (3.7)

The values of the constants are a = 0.65, p = 2 and ® = 1 for the Nain equation. Due to
unresolved issues of evolving the curve for every iteration step (the propagation didn’t stop)
and in the implementation with [ITK] (to reach the term P(z) some sources of the library had

to be changed) the Nain paper was not further analyzed.

10
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3.2.2 Gaussian Derivative Algorithm - "Frangi’

The Frangi vessel filter [FNVV98] is a eigenvalue analysis vessel detection filter of the
image intensities which uses the Gaussian derivatives and computes for every image point
x the Hessian matrix (Fig. 3.8) for different scales. The eigenvalues (A; < Ay < A3) of the
Hessian matrix are sorted ascending and the relations are analyzed for detection of different
structures by comparing them, because this gives picture of the gray value variation along
the eigenvectors.

9r2(®)  Guy(®)  gua(2)
H(z) = | gya(x) gyy(z) gyz(x) (3.8)
9za(®)  goy(2)  gz:()

The vesselness function 3.9 detects tubular like structures in regions with high contrast on
dark background. The first two terms of the second case detect tube-like structures whereas

the third term includes the gray value variation.

0 if \g >00rA3 >0

Viz) = s A2 22422402 3.9
(@) (l—e “3“2) (e_“2*13ﬁ2) (1—6_ o 3) else &)

The constants «, (3 are fixed to 0.5 and ¢ depends on the grey-scale range of the image and is

set to half of the value of the maximum Hessian norm [FNVV98].

Figure 3.2: Computed Frangi Images (From left to right: Data sets Coburg 070822E, 071011C,
070822B )

Code

The code is implemented according to Frangi [FNVV98] and produces 3 output images

(Frangi, best scales and perpendicular directions/eigenvector image) which will be needed

11
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for the segmentation (chapter 3.3)

12
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3.2.3 Gaussian Derivative Algorithm - Multiscale detection of curvilinear struc-
tures in 2-D - 'Koller’

The "Multiscale detection of curvilinear structures in 2-D’-Algorithm [KGSD95] is a non-
linear gaussian derivative algorithm which uses different scales to detect the best possible
vessel edge on the left or right depending on the local center pixel, saves the minimum of

these two and selects the maximum over all scales in the end.

Introduction

According to Canny [Can83] the second derivative of the Gaussian function (G,(z) =
a2
62072)
" 1 —z
Fr, = —c,G, = —ca(li—4 )e 202 (3.10)

o o2

locates the maximum of the convolution of the line profile (¢, a normalization function de-
pending on o). According to Koller [KGSD95] the convolution with a bar of width w gives

the sum of two edge responses

Ry, = (Gl +35) = Gyle = 3)) (311)

and has the maximum at x = 0. So when we rewrite the second derivative

Fp = —aoZe®F h);hG”(x —M L om (3.12)
to a discrete function with h = o = § = s (Scale)
Fr ~ a(—G/U(JI +5)+ G, (x—s)) (3.13)

2
(G, () is a known edge detector after Canny [Can86)). It gives the edge detectors Ej(x) =
~G. (x + 5), E.(x) = G, (z — s) where only the positive parts of the detectors are taken
Pos(z) = z-O(z) (= z,x > 0). To overcome the multiple line response and the sensitivity to
edges, the convolution must be combined in a nonlinear way [KGSD95] where the minimum

function F(R;, R,) = min(R;, R,) was taken as a possible solution. At a location x for a

profile f(x) the line filter in 1D is defined as follows:

Rs(z) = min(Pos((E; ® f)(x)), Pos((Er ® f)(x))) (3.14)

13
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and the 2D multiscale line filter is defined with the function f(Z) (¥ = (z1,2)), a direction

o with dy = (cos a, sin o) and a 2D rotation matrix R, as:

Ry(7) = min(Pos((E; ® [)(7)), Pos((Er ® f)(%))) (3.15)
Ei(z) = Ra(Gy(x1 + s) - Gy(w2))RE (3.16)
En(z) = Ro(G(x1 — ) - G(w2))RE (3.17)

Direction

To find the direction a with dy = (cos v, sin o) perpendicular to the vessel d; the method
(3.18) given by Koller [KGSD95] is preferred to find where the direction of the second deriva-

tive of the function f(%) = (f ® G,)(Z) is maximal.

PRI 9
81’18%2 8:1:% 8:1/‘%

arctan(2q) = 2

(3.18)

Two possible direction solutions in {0, 7} are computed and compared (Figure A.1 in the
appendix) to get the maximum dy which is the max. eigenvector perpendicular to the vessel
direction. The values computed with this method were compared to the max. eigenvector
values computed of the “itkEigenAnalysisImageFilter” from the ITK-Library [ITK] and de-

livered the same results.

Properties

e Suppression of step edge response

One of the edge detectors (left, right) is negative over all scales s and = depending on

the slope of the edge. Combined they are 0.

e Multi scale response

The Filter selects the maximum over all scales (at z = 0).

e Optimal scale

The optimal scale at the maximum z = 0 on a line with width w is s,,; = 0.83356%5 .

14
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Code

The code is exact implemented according to Koller [KGSD95] and produces 3 output

images (Koller, best scales and perpendicular directions/eigenvector image) which will be

Minimum of scale at z = O

The local minimum is at the center x = 0.

Different line profiles

Detecting different line profiles (e.g. roof) but always with sharp peak.

Detection of noisy profiles

The multiscale response delivers a maximum near the center of the bar.

needed for the segmenting (chapter 3.3):

e For

all scales s

e Calculate f, = f ® G4

o Calculate the gradient V f;

e Calculate the gradient ¥

Calculate the direction dB

Calculate the edge responses as:

Ry = Do fs(Z+ sd) = V(T +sd)-d

-

-d
Ry = —Dofs(Z—sd) = —Vfs(Z+sd)-d
Calculate the response as:
min(Pos(R;), Pos(R,))

take only the maximum (> 0) of the min-values for every point

See the Code in the appendix A.1.

15
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Figure 3.3: Computed Koller Images

3.3 Segmentation

Several well-known vessel segmentation/enhancement methods from the literature have
been implemented and tested. In this chapter the extraction of the desired regions (coronary
arteries) is done after the computed vessel detection algorithms (with the 3 produced output
images). The segmentation of the Frangi, Koller images is performed with simple threshold-
ing or for the Koller images only by extracting the centerlines (non maximum suppression)

and using the information for segmentation.

3.3.1 Centerline Detection

Before extracting the centerline image a thresholding with a low threshold value (a value
of 0.18 percent of the maximum pixel value of the Koller image turned out to be useful for
all tested slices) is performed to cut the noise, which would be in the next step extracted as
centerlines, then the centerline detection algorithm and after this a double thresholding for
reducing the rest of all noisy elements. The last operation will be the connected line detection
[BMV*06].

Non Maximum Suppression

The non maximum suppression is the centerline detection algorithm for the Koller im-
ages. The idea is based on the simple fact that the produced Koller-Images have the highest

value in the middle of the tube like structures (e.g. vessels).

The algortihm uses the best scale and the eigenvector dy image (produced in the Koller

algortihm process) which have saved on the same pixel position of every pixel of the Koller

16
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image the corresponding needed data. For every Pixel which is the actual local center pixel
the local maximum is looked for by traveling along the dy vector left and right. The radius is
the best scale of every pixel. If the actual local center pixel has the maximum value it will be
saved in the centerline image (Figure 3.4). As described above a thresholding before (Figure
3.4) is processed to cut the noisy tube like structures which can’t be vessels which are a side
effect through the Koller algorithm principles but other tube like structure with high values
(e.g. bones) can’t be cropped.

(a) without thresholding (b) with thresholding

Figure 3.4: 'Non Maximum Suppression’

Double Threshold

The "Non Maximum Suppression’ step produces centerlines which are probably not ves-
sels or very small ones. Therefore centerline image post processing with double thresholding
and connected line detection (below) is processed to get rid of them (after the way described
in [BMV106]) and because only the thicker coronary arteries are the main interest. For the

double thresholding the narrow value 0.1 and wide value 0.9 is used (Figure 3.5).

Connected Line Detection

The last step before segmenting and after the double thresholding is the connected line
detection. It extracts the tube like structures with a minimum length to assure to get 'real’
vessels because vessels wouldn’t be dots ((BMV106]). The pixels connected through corners
are also considered. The minimum connected line length of 5 pixels has been chosen (Figure
3.6).

17
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Figure 3.6: "Connected Line Detection” after '‘Double Thresholding’

3.3.2 Segmentation

The segmenting is done with the help of the previous generated images (centerline or
post processed centerline, best scale, perpendicular directions, Koller or Frangi image) or
only with thresholding (single/double) to see the useful or useless differences against the

segmenting algorithm A.2.

The Figure 3.7 shows the whole segmenting process for the Koller images with the con-
nections to the previous needed algorithms and needed input data to generate the desired
results. There are two different approaches, the first is done with only the help of the "Non
Maximum Suppression” image (centerline image) after the Koller algorithm. The second uses

the post processed "Non Maximum Suppression’ image as described above.

18
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Thresholding
[tuta]
t,=p+a‘o

Thresholding

X-Ray Slice
['tu.tu]

X-Ray Slice

Cropping

Cropping

Thresholding
0.18"Kmax, Kma

Non-Maximum
Suppression

Non-Maximum
Suppression

Double
Thresholding
(0.01,0.08)

Segmentation

[0.1]

Connected
Component,
Relabed
Component

(a) Segmenting with only the 'Non Max. Suppression’ (b) Segmenting with the post processed cen-
image teline image

Figure 3.7: The Koller segmenting process with different centerline images

Single/Double Threshold Segmentation

The single/double thresholding images are generated direct from the Koller/Frangi im-
ages. The single threshold value is a manually selected minimum value of one edge and the
double threshold values are about 0.90 percent (wide) and 0.99 (narrow) of the maximum

image values (Figure 3.8).

Segmenting with centerline image

The Figure A.2 (appendix) shows the C++ 'Pseudo-Code” how the segmenting is done
with the help of the other previously generated images. The Frangi-Image segmentation

doesn’t use the centerline image like the Koller-Image (the commented text in the inner

19
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Figure 3.8: Double Threshold Koller (left), Frangi (middle) and Frangi added on the original
image (right) images

loop). For every pixel, which is a centerline pixel, the corresponding best scale is traveled
along 'left’ and "right” according to the perpendicular directions and the actual pixel gets the
value divided with the local maximum value of the perpendicular line (Figure 3.9). The final

thresholding yields the pixels with a high probability which are inside and on the vessels.

(a) Segmenting with the 'Non (b) Segmenting with the "Non
max. Suppr.’ centerline image max. Suppr.’ centerline image
added on the original image

(c) Segmenting with the con- (d) Segmenting with the con-

nected component centerline nected component -centerline

image image added on the original
image

Figure 3.9: Center line segmentation

20
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Chapter 4

Evaluation

The evaluation of the results are quantitatively compared with each other and mainly
with manually segmented data (numerical comparison). Furthermore, the accuracy im-
provement which is possible by specializing these algorithms to the problem at hand have

been investigated.

4.1 Results Post processed: Koller vs. Frangi
4.1.1 Double Threshold Comparison

The double threshold Frangi segmentation image compared against the double threshold

Koller segmentation image, each created after their computation algorithm (Figure 4.1).

Figure 4.1: The double threshold Koller (left) and Frangi segmentation images (right)

21
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4.1.2 Post Processed Centerline Koller vs. Double Threshold Comparison Frangi

The double threshold Frangi segmentation image compared against the post processed
Koller segmentation image with the the centerline image and the steps described in Blondel
(Figure 4.2).

Figure 4.2: The post processed Koller segmentation image (left) and double threshold Frangi
segmentation (right) image

4.2 Manually Segmented

The manually segmented images (Figure 4.3) were made by hand in an image editor as
good as possible. They will be the reference images against the computed ones, the ‘ground
truth’. Before comparing the manually segmented images with the computed Koller and
Frangi images, we used post processing algorithms on all comparing images to get objective
results in the end. The two filters which have been used to get the elements of interest (looked
for vessels length (2,20)) are the "'WhiteTopHatImageFilter” with the radius greater than
our selected one > 20 (max. scale) and for the smaller elements the binary morphological
filter ('BinaryMorphologicallmageFilter’) with the radius < 2 (min. scale) both from the ITK-
Library ([ITK]).

The numerical comparison is done by comparing each pixel of the Koller/Frangi seg-
mented images with the manually segmented images if there is a pixel on the same index
locations or not, by counting them all and divide the results through the number of ground
truth pixels | 6Gmund | (Figure 4.4). So if the Koller or Frangi image has set the pixels where
the manually segmented image has its, then it would be true otherwise false. For false are

two possibilities, ‘false negativ’ (FN), if the Koller /Frangi segmented image has set no pixels

22
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Figure 4.3: Coronary Arteries Hand Segmented

on positions as the manually one has:
’ FN ’:’ 6Ground \ 6Koller ’ (4.1)

or 'false positive” (FP), if the Koller/Frangi segmented image has set pixels on positions

which have not been set on the manually image:
’ FP ’:’ 6Koller \ 6Ground ’ (4.2)

The ’"true positive” result are the pixels shared from both images (] TP |=| OGround | — |

FN |). At last the equations must be divided to get the final probability results, the main

interest:
FP FN
Rpp = 17‘ , Rpy = # (4.3)
| OGround | | OGround ‘
Rrp=1—Rpn (4.4)

421 Results Frangi

The numerical values for the 3 images from the different datasets of the Frangi-L8-
Segementation (double threshold segmentation after generating the Frangi image) and the
Manual-L11-Segmentation comparison images are shown in the table below (Fig. 4.4). The
average of same pixels is between 45 — 50%, the under segmentation of 50 — 55% average

and the over segmentation differs from 17 — 40% (Fig. 4.5]).
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Pizels/Propabilities 11 6, | [ [Og | | [FP|||FN || |TP || Rew | Rep | Rrp |
COBURG-071011C || 34282 | 40062 | 16255 | 22035 | 18027 | 055 | 041 | 0.45
COBURG-070822E || 33202 | 50634 | 8701 | 26133 | 24501 | 052 | 0.17 | 0.48

COBURG-070822B || 43469 | 57323 | 17019 | 30873 | 26450 | 0.54 | 0.30 | 0.46

Figure 4.4: Numerical outputs for the different tested slices

(a) original manually (b) adjusted manually (c) computed Frangi im-
segmented images segmented images ages

f

(d) Compared Frangi (red) and
manually seg. images (blue),
overlay pixels are white seg-
mented

Figure 4.5: Data set Coburg 071011C

4.2.2 Results Koller

The numerical values for the 3 images from the different data sets of the Koller-L6-

Segmentation (only double threshold, after the generation of the Koller image), Koller-L11-

24
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Segmentation (post processed image with min. connected lines of 5 pixels, see Blondel) com-
pared against the Manual-L11-Segmentation comparison images are shown in the tables
below (Fig. 4.6- 4.7). Clearly visible is an average of 40% of identical pixels in the Koller-
L11-Segmentation image comparision but there is a high average percentage of 60% of un-
der segmentation. The over segmentation average is under 40%. The reference Koller-L6-
Segmentation image has an average hit of 45% in the comparision but the over segmenta-
tion varies more and the under segmentation is nearly the same on both Koller comparision

images (Fig. 4.8-2?).

Piaels/Propabilitics || | Oy | | |Og | | | FP|||FN|||TP|| Ren | Rep | Rrp |
COBURG-071011C || 31416 | 40062 | 14274 | 22920 | 17142 | 0.57 | 0.36 | 0.43
COBURG-070822E || 32023 | 50634 | 11034 | 29645 | 20989 | 0.59 | 0.22 | 0.41

COBURG-070822B | 44585 | 57323 | 21092 | 33830 | 23493 | 0.60 | 0.37 | 0.41

Figure 4.6: Numerical outputs of the 3 data sets of the Koller-L11-Segmentation images com-
pared with the Manual-L11-Segmentation comparison images

Pizels/Propabilities 1| | Oy | [ |Og | | | FP|||FN|||TP|| Ren | Rep | Rrp |
COBURG-071011C || 35588 | 40062 | 16937 | 21411 | 18651 | 0.53 | 0.42 | 0.47
COBURG-070822E || 32696 | 50634 | 9910 27848 | 22786 | 0.55 | 0.20 | 0.45

COBURG-070822B || 44585 | 57323 | 19180 | 32190 | 25133 | 0.56 | 0.33 | 0.44

Figure 4.7: Numerical outputs of the 3 data sets of the Koller-L6-Segmentation images com-
pared with the Manual-L11-Segmentation comparison images

(a) original manually (b) adjusted manually (c) computed (min. con- (d) computed double
segmented images segmented images nected lines of 5 pixels) threshold Koller images
Koller images

Figure 4.8: Data set 'COBURG-071011C" images
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4.2.3 Enhancements

To reduce the over segmentation in the comparison Koller segmentation images ones (Fig.
4.6) the value of the minimum connected line was increased to 20 pixels. The result were false
positive percentages under 30% during nearly constant averages of 40% of identical setted

pixels but an high under segmentation of nearly 60%(Fig. 4.9-4.10).

PuecloPropetilitics | 1Ok | | |Og || | FPI||FN|[|TP| | Rey | Rep | Rrp |
COBURG-071011C || 27006 | 40062 | 10892 | 23948 | 16114 | 0.60 | 0.28 | 0.40
COBURG-070822E || 27469 | 50634 | 7971 31136 | 19498 | 0.62 | 0.16 | 0.39

COBURG-070822B || 36290 | 57323 | 14796 | 35829 | 21494 | 0.63 | 0.26 | 0.37

Figure 4.9: Numerical outputs for the different tested slices

(@) Compared Koller (min.(b) Compared Koller (min. (c) Compared Koller (only dou-
connected lines of 5 pixels) connected lines of 20 pixels) ble threshold) (red) and manu-
(red) and manually seg. images (red) and manually seg. images ally seg. images (blue), overlay
(blue), overlay pixels are white (blue), overlay pixels are white pixels are white segmented
segmented segmented

Figure 4.10: Data set 'COBURG-071011C" images
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Chapter 5

Conclusions

The results of the Koller double threshold vs. Koller post processed segmentation image
against the man. segmented image has only a better average hit of 4% but the false positives
value varies to much. So the enhenced min. connected line of 20 pixels image should be a
better choice together with a morphological image filter to fill the black insular pixels inside

of the vessels to increase the correct hits.

The different interesting results of the Koller vs. Frangi segmentation images compared
against the man. seg. images led to the idea to merge each Koller, Frangi image to one image
z = max(Koller(z), Frangi(z)) and test them against the manually segmentation images
(Fig. 5.1, 5.2). The identical pixels increased positively to an average of over 50% but unfor-
tunately as well the over segmented percentage to max. over 60% (the min. connected line
of 20 pixels has a max. 10% better result). On the other hand the under segmentation de-
creased positively to max. 46%. For reference the last table (Fig. 5.3) shows the added Frangi
image with the only double threshold segmentation Koller image. The hits and the under
segmentation are here slightly better, too, but the over segmentation varies again too much
(Fig. 5.4).

The presented algorithm have both pros and cons. Frangi for example segments lesser
noisy connected pixel areas but more intense the bones. Both didn’t fully detect the catheter
in this slice (please see the appendix for the other slices). Clearly visible is on the generated
images right after the algorithm that Frangi detects better the vessel width (unfortunately
the "Tophat’ filter erased some of them during generation of the comparison images) but
Koller the smaller vessels (which could be noisy pixels as well). The merged images pro-
duced therefore better TP/FN but increased the FPs, so optimizing the constants and the
post processing algorithms would certainly get better final results. Anyway the examples

should give only an good overview for an objective result more manually images would be
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necessary.

Pleclo/Propablities: 1Ok | |10 | [ | FP|[|FN|[|TP|| Ren | Rep | Rep |
COBURG-071011C || 46503 | 40062 | 24150 | 17709 | 22353 | 0.44 | 0.60 | 0.56
COBURG-070822E || 42386 | 50634 | 14477 | 22725 | 27909 | 0.45 | 0.29 | 0.55

COBURG-070822B || 61019 | 57323 | 29057 | 25361 | 31962 | 0.44 | 0.51 | 0.56

Figure 5.1: The merged Koller (min. 5 connected component pixels), Frangi seg. images com-
pared against the man. seg. images

Pizels/Propabiities 110, | [1Og | [ |[FP| | |FN ||| TP|| Ren | Rep | Rrp |
COBURG-071011C | 43327 | 40062 | 21525 | 18260 | 21802 | 0.46 | 0.54 | 0.54
COBURG-070822E || 39176 | 50634 | 11917 | 23375 | 27259 | 0.46 | 0.24 | 0.54

COBURG-070822B || 54786 | 57323 | 23883 | 26420 | 30903 | 0.46 | 0.42 | 0.54

Figure 5.2: The merged Koller (min. 20 connected component pixels), Frangi seg. images
compared against the man. seg. images

Pleclo/Propablities 1Ok | |10 | [ | FP|[|FN|[|TP|| Ren | Rep | Rrp |
COBURG-071011C || 48784 | 40062 | 25756 | 17034 | 23028 | 0.43 | 0.64 | 0.57
COBURG-070822E || 41138 | 50634 | 12936 | 22432 | 28202 | 0.44 | 0.26 | 0.56

COBURG-070822B || 58497 | 57323 | 26459 | 25285 | 32038 | 0.44 | 0.46 | 0.56

Figure 5.3: The merged Koller (only double threshold), Frangi seg. images compared against
the man. seg. images

28



CHAPTER 5. CONCLUSIONS

(a) Min. 5 pixels connected (b) Min. 20 pixels connected (c) Double treshold Koller +
component pixels Koller + component pixels Koller + Frangiimage
Frangi image Frangi image

Figure 5.4: Coburg data set 071011C: On the Top the compared merged Frangi (red) and
Koller (blue) images (the minimum is white x = min(Koller(z), Frangi(z))) and merged
Frangi, Koller (red) and manually segmentation images (blue) (below) - overlapped pixels
are segmented white
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Appendix A

Code

A.1 Koller

The following code shows the C++ Pseudo-Code of the "Multiscale detection of curvilin-

ear structures in 2-D’-Algorithm implemented in this Project:

% IDfxx —— dxx Gy

% IDfxy —— dx Gx * dy Gy

% IDfyy —— dyy Gx

% Ifx —— dx Gy

% Ify — dy Gx

% I0utput —— Output Image

% IVector —— Image which contains the d0_vector for
% every pix orthogonal to the vessel

% ISigmaBest —— Image which contains the best sigmas
% of the max pixel over all scales

for(sigma = sigmas.Begin ();sigma <=sigmas.End(); sigma++)
{
IDfxx . setSigma (sigma );
IDfxy . setSigma (sigma );
IDfyy .setSigma (sigma);
Ifx .setSigma (sigma);
Ify .setSigma (sigma);
for (IOutput++,ISigmaBest++,IVector++)
{
//tan_1(2% alpha) = 2 = IDfxy / (IDfxx — IDfyy)
alpha = atan( 2 *IDfxy / (IDfxx—IDfyy)/2);
alpha90 = atan( 2 *IDfxy / (IDfxx—IDfyy)/2 + PI1/2);

dx0 = cos(alpha);
dy0 = sin(alpha);
dxl = cos(alpha90);
dyl = sin(alpha90);

dHdO=IDfxx*dx0xdx0 +2*xIDfxy+dx0+dy0 +IDfyyxdy0xdy0;
dHd1=IDfxx*dx1*dx1l +2%IDfxy*dx1l+dyl +IDfyysdylxdyl;

if (dHdO > dHd1)
{
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dx0;
dy0;

*

offset[0] = pos + sigma
offset[1] = pos + sigma

*

DIf = Ifx(offset) x dx0 + Ify(offset) x dyO;
offset[0] = pos — sigma * dx0;
offset[1] pos — sigma * dy0;

Drf = —Ifx(offset) x dx0 — Ify(offset) x dyO;
vector = {dx0 , dy0};
}
else
{
offset[0] = pos + sigma x dx1;
offset[1] = pos + sigma = dyl;
DIf = Ifx(offset) * dx1 + Ify(offset) = dyl;

offset[0] = pos — sigma = dx1;
offset[1] = pos — sigma = dyl;
Drf = —Ifx(offset) x dx1 — Ify(offset) x dyl;
vector = {dx1 , dyl};
}

vesselness = 0
if (DIf > 0 && Drf > 0)

{

}
IOutput. Set (max(IOutput.Get(), vesselness));

ISigmaBest. Set (max(ISigmaBest.Get (), sigma));
IVector.Set(max(IVector.Get(), vector));

vesselness = min(DIf.Get(),DIf.Get());

Figure A.1: Multiscale detection of curvilinear structures in 2-D
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A.2 Segmenting with centerline image

The Figure A.2 shows the C++ 'Pseudo-Code” how the segmenting is done with the help

of the other previously generated images.

% IKoller —— Image computed with the multiscale

% detection algo (Koller)

% IVector —— Image which contains the d0_vector for
% every pix orthogonal to the vessel

% ISigmaBest —— Image which contains the best sigmas
% of the max pixel over all scales

% ICenterLine —— computed centerlines of the IKoller
% Image with non-maximum supression
% I0utput —— Output Image

% threshold —— minimum threshold (> 0) to get the

% "real" vessels, no noise

for(float pos = 0; pos = IKoller; IKoller++)
{
p = IKoller.Get(pos);
d0_vec = IVector.Get(pos);
sigma = ISigmaBest.Get(pos);
if ( p > threshold )

m = threshold;
for(float dist= —sigma; dist<=sigma; dist=dist+0.5)
{
¢ = ICenterLine.Get(pos + dist * dO_vec);
pNow = IKoller.Get(pos + dist * d0_vec);
sNow = ISigmaBest.Get(pos + dist x dO_vec);
%Koller segmenting
if( ¢ > 0 && pNow >= m)
{
m = pNow;
}
%Frangi segmenting
%if (sNow >= dist && pNow >= m)
Yo{
% m = pNow;
Y%}
}
IOutput.Set(pos, p / m );
}

else

{
)

IOutput. Set(pos, 0);

Figure A.2: Multiscale detection of curvilinear structures in 2-D
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Appendix B

Images

B.1 Hierarchy of the generated Images

B.1.1 Koller

Koller-, scales-,
vector-Image

L1-CROPPED
L2-THRESHOLD-INVERTED
L3-ALGO

L3-SCALES

L3-VECTOR

Segmentation without
centerline image

(for all following im-
ages,

L3 images needed)

L4-SEGMENTATION-DOUBLETHRESHOLD
L5-SEGMENTATION-DOUBLETHRESHOLD-TOPHAT
L6-SEGMENTATION-DOUBLETHRESHOLD-
BINMORPH

L7-FINAL-ORIGINAL-SEGMENTATION-
DOUBLETHRESHOLD

(L5-L7 for comparison with the manually segmented
image)

Centerline Images

L4-CENTERLINE-TITUS
L5-ORIGINAL-CENTERLINE

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-ORIGINAL-CENTERLINE

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-CENTERLINE-CONNECTEDCOMPONENT
L7-CENTERLINE-RELABELEDCOMPONENT
L8-CENTERLINE-ALL
L9-ORIGINAL-CENTERLINE

Figure B.1: Generated Images and Their Hierarchy
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Segmentation images
with centerline image

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-SEGMENTATION
L7-ORIGINAL-SEGMENTED

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-SEGMENTATION

L7-SEGMENTATION-TOPHAT
L8-SEGMENTATION-BINMORPH
L9-FINAL-ORIGINAL-SEGMENTATION

(L7-L9 for comparison with the manually segmented im-

age)

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-CENTERLINE-CONNECTEDCOMPONENT
L7-CENTERLINE-RELABELEDCOMPONENT
L8-CENTERLINE-ALL
L9-SEGMENTATION-ALL

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-CENTERLINE-CONNECTEDCOMPONENT
L7-CENTERLINE-RELABELEDCOMPONENT
L8-CENTERLINE-ALL
L9-SEGMENTATION-ALL
L10-ORIGINAL-SEGMENTED

L4-CENTERLINE-TITUS
L5-CENTERLINE-DOUBLETHRESHOLD
L6-CENTERLINE-CONNECTEDCOMPONENT
L7-CENTERLINE-RELABELEDCOMPONENT
L8-CENTERLINE-ALL

L9-SEGMENTATION-ALL
L10-SEGMENTATION-ALL-TOPHAT
L11-SEGMENTATION-ALL-BINMORPH
L12-FINAL-ORIGINAL-SEGMENTATION-ALL

(L10-L12 for comparison with the manually segmented im-

age)

Figure B.2: Generated Images and Their Hierarchy - Part 2
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B.1.2 Frangi

Frangi, scales-,
vector-Image

L1-CROPPED
L2-THRESHOLD-INVERTED
L3-ALGO

L3-SCALES

L3-VECTOR

Segmentation without
centerline image

(for all following im-
ages,

L3 images needed)

L4-SEGMENTATION-DOUBLETHRESHOLD
L5-SEGMENTATION-DOUBLETHRESHOLD-TOPHAT
L6-SEGMENTATION-DOUBLETHRESHOLD-
BINMORPH

L7-FINAL-ORIGINAL-SEGMENTATION-
DOUBLETHRESHOLD

(L5-L7 for comparison with the manually segmented
image)

L4-THRESHOLD

L6-SEGMENTATION

L7-SEGMENTATION-TOPHAT
L8-SEGMENTATION-BINMORPH
L9-FINAL-ORIGINAL-SEGMENTATION

(L7-L9 for comparison with the manually segmented im-

age)

Figure B.3: Generated Images and Their Hierarchy
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B.2 Computed Frangi and Koller Algorithm Images

(c) Computed Koller scales images

Figure B.4: Computed Frangi and Koller algorithm images (from left to right: Data set
Coburg 070822E, 071011C, 070822B)
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B.3 Centerline Images

(b) 'Non Maximum Suppression” with thresholding

(d) 'Double Thresholding’ after 'Non Maximum Suppression’

Figure B.5: Centerline Images
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(a) "Double Thresholding” after 'Non Maximum Suppression” added on original images

(b) "Connected Line Detection” after 'Double Thresholding’

(c) "Connected Line Detection” after "‘Double Thresholding’ added on original images

Figure B.6: Centerline Images (from left to right: Data set Coburg 070822E, 071011C, 070822B)

40



APPENDIX B. IMAGES

B.4 Segmentation Images

(c) Double threshold segmentation Frangi images added on the original
image

(e) Segmenting with the ‘Non max. Suppr.” centerline image added on
the original image
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(g) Segmenting with the connected component centerline image added
on the original image

Figure B.7: Double threshold and center line segmentation images (from left to right: Data
set Coburg 070822E, 071011C, 070822B)

B.5 Evaluation

B.5.1 Segmentation results: Frangi vs. Koller

Double threshold comparison

(b) Data set Coburg-070822E

42



APPENDIX B. IMAGES

(c) Data set Coburg-070822B

Figure B.8: Double threshold Koller (left), Frangi segmented images (middle) and Frangi
segmentation image added on the original image (right)

Double threshold Frangi vs. center line Koller segmentation

(b) Data set Coburg-070822E: Koller (left)
vs. Frangi (right)

(c) Data set Coburg-070822B: Koller (left) vs. Frangi
(right)

Figure B.9: The 'Non max. Suppr.” center line Koller vs. double threshold Frangi segmenta-
tion images added on the original image
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Double threshold Frangi vs. center line post processed Koller segmentation

(b) Data set Coburg-070822E: Koller (left)
vs. Frangi (right)

(c) Data set Coburg-070822B: Koller (left) vs. Frangi
(right)

Figure B.10: The connected component center line (min. connected lines of 5 pixels) Koller
vs. double threshold Frangi segmentation images added on the original image
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B.5.2 Manually Segmented

Results Frangi

(a) original manually segmented (b) adjusted manually segmented  (c) computed Frangi images
images images

Figure B.11: Frangi compared to man. seg. images (Data set Coburg-070822B)

(a) original manually seg- (b) adjusted manually seg- (¢) computed Frangi im-
mented images mented images ages

Figure B.12: Frangi compared to man. seg. images (Data set Coburg-070822E)
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(a) original manually seg- (b) adjusted manually seg- (c) computed Frangi im-
mented images mented images ages

Figure B.13: Frangi compared to man. seg. images (Data set Coburg-071011C)

(a) Compared Frangi (red) and manually seg. images (blue), overlay pixels are white
segmented (from left to right: data set Coburg 070822B, 070822E, 071011C)

Figure B.14: Compared data sets with Frangi and man. seg. images

46



APPENDIX B. IMAGES

Results Koller

(a) original manually seg- (b) adjusted manually (c) computed (min. con- (d) computed double
mented images segmented images nected lines of 5 pixels) threshold Koller images
Koller images

Figure B.15: Koller compared to man. seg. images (Data set Coburg-070822E)

(a) original manu- (b) adjusted manu- (c) computed (min. (d) computed dou-
ally segmented im- ally segmented im- connected lines of ble threshold Koller
ages ages 5 pixels) Koller im- images

ages

Figure B.16: Koller compared to man. seg. images (Data set Coburg-070822E)
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(a) original manu- (b) adjusted manu- (c) computed (min. (d) computed dou-
ally segmented im- ally segmented im- connected lines of ble threshold Koller
ages ages 5 pixels) Koller im- images

ages

Figure B.17: Koller compared to man. seg. images (Data set Coburg-071011C)
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(a) Compared Koller (min. connected lines of 5 pixels) (red) and manually seg. im-
ages (blue), overlay pixels are white segmented (from left to right: data set Coburg
070822B, 070822E, 071011C)

(b) Compared Koller (min. connected lines of 20 pixels) (red) and manually seg. im-
ages (blue), overlay pixels are white segmented (from left to right: data set Coburg
070822B, 070822E, 071011C)

(c) Compared Koller (only double threshold) (red) and manually seg. images (blue),
overlay pixels are white segmented (from left to right: data set Coburg 070822B,
070822E, 071011C)

Figure B.18: Compared data sets with Koller and man. seg. images
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All results compared

(@) adjusted manu- (b) computed (min. (c) computed (min. (d) computed dou- (e) computed Frangi
ally segmented im- connected lines of 5 connected lines of 20 ble threshold Koller images
ages pixels) Koller images pixels) Koller images images

Figure B.19: Koller, Frangi and man. seg. images compared (Data set Coburg-070822B)

(a) adjusted manu- (b) computed (min. (c) computed (min. (d) computed dou- (e) computed
ally segmented im- connected lines of connected lines of ble threshold Koller Frangi images
ages 5 pixels) Koller im- 20 pixels) Koller im- images

ages ages

Figure B.20: Koller, Frangi and man. seg. images compared (Data set Coburg-070822E)
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(a) adjusted manu- (b) computed (min. (c) computed (min. (d) computed dou- (e) computed
ally segmented im- connected lines of connected lines of ble threshold Koller Frangi images
ages 5 pixels) Koller im- 20 pixels) Koller im- images

ages ages

Figure B.21: Koller, Frangi and man. seg. images compared (Data set Coburg-071011C)
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(a) Data set Coburg 070822B (b) Data set Coburg(c) Data set Coburg
070822E 071011C

Figure B.22: Compared Frangi, Koller (red) with the manually segmentation images (blue),
overlay pixels are white segmented (from top to bottom: Frangi, min. 5, 20 pixels connected
component pixels and double treshold Koller images)
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B.6 Conclusion

(a) Data set Coburg 070822B  (b) Data set Coburg(c) Data set Coburg
070822E 071011C

Figure B.23: Compared merged Frangi (red) and Koller (blue) segmentation images, over-
lapped pixels are segmented white (from top to bottom: min. 5, 20 pixels connected compo-
nent pixels and double treshold Koller with Frangi added images)
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(a) Data set Coburg 070822B  (b) Data set Coburg(c) Data set Coburg
070822E 071011C

Figure B.24: Compared merged Frangi, Koller (red) and manually segmentation images
(blue), overlapped pixels are segmented white (from top to bottom: min. 5, 20 pixels con-
nected component pixels and double treshold Koller with Frangi added images)
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