Towards pulmonary vessel separation
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Abstract—Pulmonary artery-vein segmentation and separation
plays an important role by guiding doctors’ surgical planning.
However, automation of this process has not yet been fully
achieved. There are plenty of studies that achieve fairly accurate
results. However, most of the available algorithms rely on high-
quality CT scans, which are not always available in everyday
practice. High quality for CT means (1) contrast-enhanced CT
scans with (2) well-timed contrast material injection, (3) thin
slice thickness, and (4) the application of filtering during the
reconstruction to reduce the amount of streaking artifacts.

In this work, we present a set of algorithms to improve an
existing system for artery-vein separation, with the aim of making
it more robust on CT scans of typical quality. Furthermore, their
results are investigated, discussing their strengths and current
difficulties.

Index Terms—pulmonary vessel separation, ct, image process-
ing

I. INTRODUCTION

CT-based computer-aided pre-operative surgical planning
tools are becoming increasingly popular. An important part
of the planning is the localisation of organs and body parts,
i.e. voxel-level labelling on the CT scan. To plan pulmonary
surgery, it may be necessary to segment blood vessels in the
lungs, and even to separate arterial and venous networks for
some types of surgery. There exist numerous studies on the
algorithmization of separation, but they suffer from real-world
circumstances. The main requirement for these algorithms
to work properly is a thin slice thickness. Based on our
experience, these algorithms do not work as intended for
CT scans with a slice spacing of 2.5 mm. Another com-
plicating factor is the lack of contrast material, or even if
the scan is contrast-enhanced, artifacts can be present due to
the inappropriate timing and the use of inappropriate filters
during reconstruction. During our work we aimed to improve a
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segmentation-separation algorithm that is working reasonably
well even in real-life conditions.

II. RELATED WORK
A. Prior work

There are several approaches for pulmonary vessel segmen-
tation and separation. Payer [1] uses an optimally oriented
flux-based [2] multi-scale tubularity filter to enhance tubular
structures for vessel extraction. In the next step a local maxima
graph is created, in which local maxima (vertices) close to
each other are connected. The connections are represented by
a 4D path, which in addition to the coordinates also includes
the radius of the vessel. Finally, two integer programs were
proposed (1) for the extraction of disjoint subtrees and (2)
for the labeling of the subtrees. The algorithm uses different
descriptors to distinguish between artery and vein, €.g., a so-
called arterialness measure”, which leverages the anatomical
property that arteries, unlike veins, typically run closely and
parallel the bronchi. His method achieved a mean Dice score
of 0.941 with a range of 0.85 to 0.987. However, it is worth
noting that their validation dataset consisted of images with a
slice thickness of 0.6 mm.

Nardelli et al. [3] designed a neural network-based solution.
Their algorithm consists of three main steps. First, vessel
candidates are extracted using a Frangi filter [4]. Then, patches
around the vessel of interest are classified by a CNN. They
investigated the use of different types of neural networks and
input types: five different CNNs processing 2D and 3D patches
with and without additional local information. This initial local
classification is then refined by a graph cut-based optimization
method. Their algorithm reached an accuracy of 95.3 + 2.3
(mean * std) with a sensitivity of 95.8 = 3.1 and specificity
of 94.5+ 2.2 on mild COPD cases. They used CT scans with
a voxel size of 0.6 — 0.75 mm for their study.

The algorithm by Charbonnier et al. [5] uses anatomical
knowledge for the classification. After segmenting the vessels,
a centerline representation is created, from which a geometric
graph is constructed. In this graph the arterial and venous
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vessels may appear to intersect, thus a pruning algorithm
is applied. This results in subtrees that must be classified
as artery or vein. Finally, these subtrees are connected and
classified (1) on the basis of the classification of individual
components and (2) using the anatomical knowledge that
venous vascular networks have a larger volume than arterial
ones. They evaluated their algortihm on CT scans with a slice
thickness of 1.0 mm. Their system achieved an accuracy of
92%.

B. Multiscale topomorphologic opening

Since a large part of this work is based on the multiscale
topomorphologic opening (MSTMO) algorithm designed by
Saha et al. [6], first, an outline is given of how the algorithm
works. The semiautomatic algorithm was designed to be able
to reduce the impact of partial volume effect. This effect results
in a blurred border between vessels running close to each
other. Based purely on the Hounsfield (HU) values, the border
cannot be determined. The strength of this algorithm, is that
it is able to produce a fairly good vessel separation even on
CT scans with large slice thickness. Furthermore, with a little
modification, the result can be manually corrected using the
same algorithm. The algorithm consists of three major steps,
from which the second two is repeated until no change is
detected in the separation. The first step is the (1) calculation
of the fuzzy distance transform. The two alternating steps are
the (2) calculation of fuzzy morphoconnectivity strength and
(3) morphological reconstruction. The algorithm requires at
least two seed points: one each in the arterial and venous
networks.

1) Fuzzy distance transform: Conventional distance trans-
form (DT) is calculated on a binary mask and returns the
distance to the closest backgound (i.e. non-object) voxel for
each voxel. This value equals to the radius of the minimal
size spherical kernel at each point of the object that, when
eroding the figure, makes the point belong to the background.
If the mask is not binary, but each voxel has a continuous
membership value (Uo : Z% — [0,1]), it is called fuzzy
distance transform (FDT). The fuzzy distance between two
neighboring (p and @) voxels is defined as:

2 (o(0) + 1o @) B+ 9L

where [ Il denotes the Euclidean distance. Then, the distance
wo between any two points is defined as the total distance Mo
of the shortest path between them:

N
MNo(m) = E(Ho(pi+1) + Ho(pi)) (A1 — pi [
i=1
wo(p,q) = . E.';}[;‘,q) Mo (1),

where P (p, q) contains all paths between p and q.

The value of the FDT Qg in a given voxel p is the distance
wo from the nearest background (non-object) point to the
voxel:

Qo(p) =

min _wo(p, ) M
q[e(O)

where ©(0) = {p|uo(p) > 0} denotes the object-voxels and
©(O) the non-object voxels. The FDT can be performed by a
dynamic programming-based algorithm described by Saha et
al. [7].

2) Fuzzy morphoconnectivity strength: The first of the two
alternating steps in the iterative algorithm is the calculation of
the fuzzy morphoconnectivity strengths (FMS). The FMS of
a path is defined as the minimum FDT value along the path:

Fo(m) = min Qo(p)

The FMS between any two points is defined as the maximum
FMS of the paths between the two points:

,0) = max [o(m
Yo(p, @) nhax o(Tm)

The morphoconnectivity strength value (in case of Eu-
clidean distance transform) between 2 points can therefore be
thought of as the minimum radius of a sphere with which, if
erosion is performed, there will be no path between the two
points passing through solely object-voxels.

The idea behind the labeling algorithm is that FMS assigns
two values to each voxels: the connectivity strength to the
arterial and the venal seed points. To whichever the voxel is
stronger connected, it is labeled accordingly (Ra — labeled as
artery, Ry — labeled as vein, Sa — artery seed points, Sy —
vein seed points):

L1

Ra= p éﬁVA(a'p)>vmc‘é§VV("'p)|:|

Rv = prfiaxyv (v.p) > max ya(a.p)

3) Morphological reconstruction: Points with an FDT
value lower than the FDT value in the “narrowest cross-
section” leading to the seed points cannot be classified in
the previous step, because the connectivity strengths from the
starting points of the two classes will be the same at these
points. These points are usually located on boundary of the
object and at the border between two different types of vessel.
Thus another step is required to classify these object boundary
points as well.

The morphological environment of a class is the set of
points from which a point of that class can be reached via
monotonically increasing FDT values:

No(Ro) ={p| [ Rb : wo(p, q) < Qo(4)
[Tl CPI(p, q) path of increasing FDT values}

During the reconstruction, Ra will be “extended” with the
points that fall within its morphological environment and are
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closer to Ra than to Ry, and the same procedure is followed
for the extension of Ry :

Mo(Ra) = Ra :% [No(Ra)
1
I:('qn%'i wa(p,q) < qnaigg wy (p,9)

Mo(Rv) =Ry :% [No(Rv)
1
Ii(lqrglgg wy (p,q) < qﬁgligr:l wa(p, )

These additional points are not explicitly labeled by the
algorithm, but used to modify the FDT values. The other
purpose of the modification of FDT values is to prevent
the algorithm from relabeling points that have already been
labeled. To do this, the FDT values of all points already
classified or reconstructed in another class must be zeroed

out:
1
_ 0 if p [(No(Rv) —Mo(Ra)
Qa(p) = I%(p)
0 if p [(No(Ra) —Mo(Rv)
Qv (p) = Q0 ()

The classified points (Ra and Ry ) are used as seed points
(Sa and Sy) in the next iteration. The algorithm continues
with the FMS calculation and repeats until there is change.

III. METHODS

In this section the proposed improvements and examined
algorithms are described.

A. Manual seed point selection

The algorithm is very sensitive to the selection of the seed
points. If a seed point with low FDT value is chosen the
final segmentation may be ruined. This follows from the voxel
selection property of the labeling algorithm: suppose that only
a single voxel with low FDT (Qo(p) < K) is labeled as
artery. Then, by definition ya(p,q) < K for all voxels of the
volume. In this case only those voxels are labeled as artery,
that can be reached from that seed point with a yo value
lower than this low K value. This results in only a fraction
of artery voxels being labeled as artery and the rest as vein.
However, it cannot be expected from the user to know the
FDT values of the voxels to be labeled. Therefore, a GUI
was implemented for the seed point selection step. This Ul
is shown in Figure 1. If the user moves the mouse pointer
over a voxel on the axial slice, a sphere with the same radius
as the DT value at that point appears at the cursor position
(considering the anisotropic resolution). This way, the user is
only required to seek the sphere with the largest radius in
the vicinity of the voxel to be selected. To make this step
more robust, not only the center voxel is labeled but all the
voxels covered by the sphere. Since we have tried to minimize
manual interaction, two points must be selected: one in the
bifurcation of the pulmonary artery (as artery) and another in
the left atrium (as vein). Of course, the more points are given,
the better the result the user will obtain.

(a) Arterial seed point selection

Fig. 1. GUI during the selection of the seed points: a sphere of radius
corresponding to the DT value of the given voxel appears in the cursor
position.

(b) Venous seed point selection

B. Correction of the segmentation

The original algorithm does not provide a solution to correct
the separation result afterwards. But re-running with new
seed points would be time consuming. Therefore, a correction
algorithm was designed using as many of the already well-
labelled points as possible.

Since the label of a voxel already labeled does not change
later, for each labeled voxel the iteration when it was labeled
can be recorded (iteration index). During the corrections phase
the same seed point selection method is used as in the initial
selection. After labeling the voxels from which points the
segmentation is mislabeled, the lowest iteration number of
voxels covered by the sphere is chosen. Voxels with a smaller
iteration index are extended by the newly annotated voxels
and are used as seed points for the MSTMO algorithm. This
way the number of voxels to be labeled is greatly reduced.

C. Enhancing borders between vessels

The boundary between side-by-side running blood vessels
is often difficult to establish due to the so-called ’partial
volume” effect and the low intra-slice resolution as it can be
seen in Figure 2a. If, however, a small difference in density
is observed at the boundary between the two, this can be
amplified to derive the density-based membership values with
a low membership value at the boundary. The boundaries
are emphasized by one-sided LoG (Laplacian of Gaussian)
filtering:

lempn = 1 — o - max{LoG(l), 0} 2)

Here, the positive and negative “valleys” are enhanced by the
LoG filter, and the image is modified by a positive scalar (o)
multiple of the negative direction valleys (positive values after
LoG filtering). Based on this, global thresholds can now be
used to scale the enhanced HU values between 0 and 1 to
obtain membership (HMp) values within the heart and lungs
as shown in Figure 2b. Both filtering with 3D and 2D LoG
filters was examined. We found, that with the typically large
slice thickness, filtering in the superior-inferior direction might
degrade the quality of the enhancement, thus we opted for 2D
filtering.
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(a) Original axial slice, with blurred (b) Corresponding membership values,
boundaries marked in red. with boundaries enhanced using a one-
sided LoG filter.

Fig. 2. Effect of applying a one-sided LoG filter on the image to emphasize
blurred borders between the vessels.

D. Reducing the impact of streaking artifact

Improper timing and the use of inappropriate reconstruc-
tion algorithms often lead to streaking artifacts in contrast
enhanced CT scans. An example for streaking artifact is shown
in Figure 3a. Since the membership (Lo) values are calculated
based on the densities, this phenomenon often causes problems
near the pulmonary artery bifurcation, next to the superior vena
cava, where the contrast agent usually accumulates. Namely,
the streaking artifact causes radial streaks to appear with
variations in density and the high density area as center. This
results in spoiling the calculation of the FDT values. The
algorithm, partially mitigating this effect, is described in the
followings.

First, contrast agent accumulation is detected (i.e. high-
density areas) in the heart. This is obtained by applying
thresholding to the HU values inside a simple whole heart
segmentation mask on the axial slices. Then, the center of
the area is determined by taking the median of its points’
coordinates. This is marked as the focus point of the rays.
In addition, linear structures are detected using the Frangi
filter [4] (see Figure 3c). The result of this filtering method is
a “ridgeness” map, which has values between 0 and 1. This
map is further processed in polar coordinate representation
with the previously determined focus point as center. The polar
representation is thresholded to determine “ridge” and “non-
ridge” voxels. From this center point rays are cast and the
number of non-ridge voxels is accumulated along the rays. The
ray stops, when a given number of non-ridge voxels is reached.
This way streaks, starting from the center point can be filtered
and their impact reduced (shown in Figure 3d). Although this
algorithm was able to reduce the effect of the streaking artifact
slightly, it did not achieve a significant improvement.

E. 2D-3D FDT

Originally, the FDT values are calculated in 3D. However,
with the typical large slice thickness, due to the partial volume
effect, the border between vessels on different slices is usually
not visible, thus the membership value is not low. This usually
results in a segmentation leakage between the two vessel types.
Furthermore, after placing new seed points for correction,

(a) CT scan with streaking artifact  (b) Result of Frangi filter applied to

the axial slice

(c) Artifact detected by the algorithm (d) Ridges after reducing the impact
of artifacts

Fig. 3. Main steps of the algorithm reducing the effect of streaking artifact.

there is no guarantee, that the seed points will not cause
leakages. FDT is calculated by using the physical dimensions
of the voxels (pixel spacing and slice thickness). By increasing
the slice thickness dimension, the label propagation in the
superior-inferior direction can be regulated. Although, differ-
ent levels of dimensional change have been examined, 2D FDT
calculation has been chosen. This way the algorithm prefers
the propagation of the labels inside the axial slices and the
propagation between the axial slices is greatly reduced. This
approach greatly helped by reducing the errors resulting from
between-slice leakages.

F. FDT recalculation

After the morphological reconstruction step (described in
Section II-B3) the FDT values of object A are zeroed out at
the voxels labeled as object B and vice versa. This, however
results in an FDT map inconsistent with the current state
of the algorithm, since the FDT values in the vicinity of
the newly labeled voxels are incorrect. The original paper
does not mention the recalculation of the FDT values. The
dynamic programming based algorithm allows the restricted
recalculation of the FDT values by applying the modification
only from the zeroed out points.

IV. EVALUATION

The segmentation and separation algorithm was evaluated
on a private dataset containing pulmonary chest CT scans.
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The difficulty of the precise and expressive evaluation lies
in the lack of properly annotated dataset and a sufficiently
descriptive metric. In our dataset only the pulmonary arterial
vessels are annotated. As a result, not only the separation
but also the segmentation of the vessels contributes to the
computed accuracy.

For example, in the manual segmentation, voxels with sig-
nificantly low HU value (well below -700 HU) are segmented
as artery on the edge of the vessel. This makes the manual
segmentation smooth but inaccurate. These voxels, however,
are not segmented as vessel by the semiautomatic algorithm,
which is based on density thresholding.

It is also worth pointing out that there are parts of the
heart that are not segmented as part of the arterial network
in the dataset, but are directly connected to it. For example
the right ventricle is directly connected to the pulmonary
artery bifurcation but is not labeled as artery in the dataset.
This results in an oversegmentation heavily penalized by the
generally applied evaluation metrics, such as intersection over
union (iou) and Dice similarity coefficient (dsc). The initial
segmentation reached a mean iou and dsc of 0.2368 and
0.3764 respectively. This result would indicate a very low ac-
curacy, however the results are influenced by the circumstances
described above.

During our research we have endeavored to minimize the
need for human intervention. This is why two seed points
were opted for the initial segmentation. Being a semiautomatic
algorithm, this result can be improved to a seemingly near
perfect vessel separation by using only a few correction seed
points. This was tested on one CT scan and resulted in an
improvement from 0.2431 (iou) and 0.3911 (dsc) to 0.5349
and (iou) 0.697 (dsc).

Subfigures 4c (initial result) and 4b (result after correction)
show examples for segmentations, where the initial segmen-
tation required manual correction. Some of the errors are
highlighted with green arrows. The error e, is clearly caused
by the partial volume effect: the vessels cross each other
seemingly on the same slice, thus the segmentation from the
arterial vessel network can propagate to the venous network.
The errors e, and e3 are caused by the same common mistake
of the algorithm: the left superior pulmonary vein coming
from the left atrium is bypassing the left pulmonary artery
from inferior direction. In most cases the boundary between
the two is not visible thus the venous vessel is mislabeled as
arterial vessel. This is represented by the error es. This error
propagating further results in e;, e; and es. With one or two
properly placed correction seed points, this can be corrected.
Two might be necessary not to mislabel the arterial vessels
already correctly labeled.

V. CONCLUSION

In this paper, we have proposed improvements and exten-
sions to the fuzzy distance transform (FDT) based pulmonary
artery-vein separation algorithm called multiscale tomomor-
phologic opening introduced by Saha et al. [6]. The algorithm
uses a thoracic CT scan and two manually defined (one arterial

and one venous) seed points as its input. The current algorithm
is explicit model-free, however, in order to improve its initial
results and further minimize the required user interactions a
model of some kind would be required. The output of the
algorithm can be manually improved by the user, however
it requires a sufficient level of medical knowledge. Feedback
from medical professionals suggests that this is a useful tool,
which in its current form is part of a pre-operative medical
software.
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(a) Initial segmentation results by the semiautomatic method (using two seed points)

(b) Semiautomatic segmentation results after the correction step.

(c) Manual segmentation from the dataset (arterial vessels only).

Fig. 4. Pulmonary vessel segmentation on a CT scan: initial (top), corrected (middle) and manual (bottom) segmentations. Blue indicates artery and red
indicates vein. Some of the errors are highlighted with green.
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