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Abstract

Background: The accurate automated extraction of brain vessel centerlines
from Computed tomographic angiography (CTA) images plays an important role
in diagnosing and treating cerebrovascular diseases such as stroke. Despite its
significance, this task is complicated by the complex cerebrovascular structure
and heterogeneous imaging quality.

Purpose: This study aims to develop and validate a segmentation-assisted
framework designed to improve the accuracy and efficiency of brain vessel
centerline extraction from CTA images. We streamline the process of lumen
segmentation generation without additional annotation effort from physicians,
enhancing the effectiveness of centerline extraction.

Methods: The framework integrates four modules: (1) pre-processing tech-
niques that register CTA images with a CT atlas and divide these images
into input patches, (2) lumen segmentation generation from annotated vessel
centerlines using graph cuts and robust kernel regression, (3) a dual-branch
topology-aware UNet (DTUNet) that optimizes the use of the annotated ves-
sel centerlines and the generated lumen segmentation via a topology-aware
loss (TAL) and its dual-branch structure, and (4) post-processing methods that
skeletonize and refine the lumen segmentation predicted by the DTUNet.
Results: An in-house dataset derived from a subset of the MR CLEAN Reg-
istry is used to evaluate the proposed framework. The dataset comprises 10
intracranial CTA images, and 40 cube CTA sub-images with a resolution of
128 x 128 x 128 voxels. Via five-fold cross-validation on this dataset, we demon-
strate that the proposed framework consistently outperforms state-of-the-art
methods in terms of average symmetric centerline distance (ASCD) and over-
lap (OV). Specifically, it achieves an ASCD of 0.84, an OV, o of 0.839, and an
OV, 5 of 0.885 for intracranial CTA images, and obtains an ASCD of 1.26, an
OV, of 0.779, and an OV, 5 of 0.824 for cube CTA sub-images. Subgroup
analyses further suggest that the proposed framework holds promise in clinical
applications for stroke diagnosis and treatment.

Conclusions: By automating the process of lumen segmentation generation
and optimizing the network design of vessel centerline extraction, DTUnet
achieves high performance without introducing additional annotation demands.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any
medium, provided the original work is properly cited and is not used for commercial purposes.
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This solution promises to be beneficial in various clinical applications in
cerebrovascular disease management.
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1 | INTRODUCTION

Stroke is globally the second leading cause of death
and the third leading cause of disability, affecting
approximately 15 million people each year! As an
acute cerebrovascular disease, stroke is character-
ized by significant changes in brain vessels, such as
rupture or occlusion. Therefore, understanding the cere-
brovascular structure is relevant in clinical settings
for the prevention, assessment, prognosis, and treat-
ment of stroke2 Computed tomographic angiography
(CTA) is a minimally invasive imaging technique that
effectively visualizes intracranial vessels and is widely
used in the diagnosis and treatment decision-making
for stroke patients. Automated cerebrovascular anal-
ysis, including the detection of vessels and related
diseases, could provide valuable support to clinicians
and interventionists>* For example, cerebrovascular
structure extraction is beneficial for localizing vessel
occlusions® and calculating collateral scores® In clinical
practice, accurately detecting cerebrovascular occlu-
sions is crucial for physicians to determine the type
and severity of cerebral infarction, thereby guiding the
selection of appropriate treatment strategies. Assess-
ing the status of collateral circulation provides insight
into the potential for salvageable brain tissue, which can
significantly influence the clinical outcomes of patients
undergoing endovascular therapy. Furthermore, auto-
mated centerline extraction is instrumental in aiding
vessel segmentation’ and facilitating brain registration
However, accurate automated extraction of brain vessel
centerlines from CTA images remains challenging due
to the complex nature of cerebrovascular structures and
heterogeneous imaging quality.

Traditional approaches for vessel centerline extrac-
tion can be broadly divided into three categories:
morphology-based, distance transformation-based, and
model evolution-based methods. Morphology-based
methods skeletonize pre-segmented 3D vessels to
derive centerlines. Palagyi et al® introduced an 8-
direction thinning rule to extract vessel topologies.
Cheng et al.'® developed a robust thinning algorithm that
incorporates line direction filters across 13 orientations
to enhance small vessels. Distance transformation-
based methods involve extracting centerlines from a
distance map where each voxel value represents its
minimum distance to the nearest vascular edge. He
et al.'’ employed a reliable path approach to iden-
tify central paths, which were subsequently converted

to vessel centerlines. Similarly, Jin et al.'?> proposed a
curve skeletonization algorithm based on a minimum
cost path strategy. Model evolution-based methods start
with initial centerline extraction using axis detection, and
subsequently refine these centerlines by minimizing an
energy function. Krissian et al.'® developed a multiscale
centerline detection algorithm based on a cylindrical
model, which also estimates the radius of the vessels
simultaneously. Fung et al."* modeled vessel center-
lines using cubic B-spline curves, which consist of 3D
cubic polynomial segments. However, due to the diver-
sity and complexity of medical images, these traditional
approaches that rely on hand-designed features strug-
gle to generalize effectively to new and unseen datasets,
leading to limited accuracy in practical applications.

Recent advancements in deep learning have shown
promising results in vessel segmentation, primarily due
to their robust feature representation capabilities.'®®
Therefore, some studies have leveraged lumen seg-
mentation results to extract vessel centerlines. Guo et
al.'” employed a multi-task convolutional network to pro-
duce centerline distance maps and endpoint maps from
segmentation masks of coronary CTA images, subse-
quently applying a minimal cost path algorithm to derive
the centerlines. Similarly, Tetteh et al.'® introduced Deep-
VesselNet, capable of handling multiple vessel-related
tasks, including vessel segmentation, centerline extrac-
tion, and bifurcation detection. DeepVesselNet employs
the output of the vessel segmentation to train the center-
line extraction model. He et al.'® also leveraged vessel
segmentation to guide centerline heatmap regression,
followed by a minimal cost path to obtain the final ves-
sel centerline. Despite these innovations, such methods
rely heavily on the additional annotation from lumen
segmentation, complicating the centerline extraction
process. Given the significant variations in the shape,
size, and intensity of the brain’s luminal structures, accu-
rately delineating the lumen border of extensive cerebral
vessels could be challenging and labor-intensive. Fur-
thermore, the requirement for extensive training data
in current deep-learning approaches places an addi-
tional burden on experienced annotators, highlighting a
bottleneck in the scalability of such methods.

Recent efforts have also investigated methods that
rely only on the annotation of vessel centerlines. Sironi
et al?® proposed a multi-scale centerline regressor
to predict distance maps from annotated centerlines,
employing a non-maximum suppression algorithm to
extract the centerlines from these maps. Rjiba et al?’
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Overview of the proposed framework illustrating the training and inference phases. The training phase, depicted with dashed

lines, consists of four modules, pre-processing, lumen segmentation generation, DTUNet, and post-processing. The inference phase, shown with
solid lines, does not require the lumen segmentation generation. DTUNet, dual-branch topology-aware UNet.

introduced CenterlineNet, which extracts the main and
side branches of coronary artery centerlines. Su et
al® utilized a 3D UNet to directly extract dilated ves-
sel centerlines from brain CTA images. Although these
studies have shown promising results, they generally
do not consider the topological connections among dif-
ferent vessel segments. Addressing this gap, Zhang
et al?? designed a C-UNet that initially extracts pre-
liminary vessel centerlines from coronary angiography
images and subsequently applies a multi-factor center-
line reconnection algorithm to enhance the continuity
of these centerlines. And some studies?3?* investigated
tracking-based approaches to extract connected ves-
sel centerlines. While these approaches are well-suited
for simple scenarios with a limited number of vessel
centerlines, they may face challenges in cerebral vas-
cular imaging where hundreds of vessel centerlines
are present.

In this study, we explore the automatic lumen segmen-
tation generation without additional annotation effort by
physicians and subsequently leverage these segmen-
tations to improve centerline extraction. To this end,
we introduce a segmentation-assisted framework for
brain vessel centerline extraction from CTA images,
as illustrated in Figure 1. This framework not only
generates lumen segmentation based on annotated
vessel centerlines, but also incorporates a dual-branch
topology-aware UNet (DTUNet) to effectively exploit
both the annotated vessel centerlines and the gener-
ated lumen segmentation. The main contributions are
as follows:

* We demonstrate that introducing the lumen segmen-
tation generated from annotated centerlines during
the training phase can improve the performance of
brain vessel centerline extraction. This segmenta-
tion generation is not required during inference, thus
avoiding additional computational demands.

* We introduce DTUNet which incorporates a two-
branch structure and a topology-aware loss to effec-
tively utilize the annotated vessel centerlines and the
generated lumen segmentation.

* We demonstrate the superior performance and clin-
ical potential of the proposed framework through
comprehensive experiments and subgroup analyses
on an in-house dataset derived from a subset of the
MR CLEAN Registry.

2 | METHODS

The proposed framework for brain vessel center-
line extraction from CTA images is illustrated in
Figure 1. It mainly consists of four modules: (1)
pre-processing, (2) Ilumen segmentation genera-
tion, (3) DTUNet, and (4) post-processing. The
details of all the components are elaborated in the
following.

2.1 | Data description and
pre-processing

In this study, we used CTA images from a subset of
the MR CLEAN Registry/° a national multi-center reg-
istry for patients who underwent endovascular treatment
in the Netherlands between March 2014 and January
2019. Fifty representative CTA images from patients
with acute ischemic stroke were manually annotated by
experienced observers® using Mevislab?® Ten out of the
50 images are with intracranial vessel centerline annota-
tions, hereinafter referred to as intracranial CTA images.
The remaining 40 images have vessel centerline anno-
tations for a randomly sampled sub-volume with 128 x
128 x 128 voxels, hereinafter referred to as cube CTA
images.

85UB017 SUOWIWOD BAITeaID 9 |geol(dde au Ag peusenob ae sejoiie YO ‘8sn J0 SN oy Akelq i auljuQ A8|IA UO (SUOIPUCD-pUe-SLelwoo" A8 IM Arelq Ul |uo//Sdny) SUONIPUOD pUe sWe | 8yl 8es *[S20z/20/T2] o Akeiqiauluo A1 ‘558, T dw/Z00T 0T/10p/wod Ao imArelq i jpu|uo-widee//:sdny wolj pspeojumoq ‘2 ‘SZ02 ‘60Z7ELr



LIU ET AL.

Lo | \EDICAL PHYSICS

FIGURE 2

lllustration of the pre-processing procedure: (a) raw CTA image; (b) image after registration and masking; (c) clipped and

normalized image; (d) split patches. CTA, Computed tomographic angiography.

The objective of pre-processing is to align CTA
images with a CT atlas and to subdivide the CTA
images into patches. We adopt similar pre-processing
approaches outlined in ref. [6], as illustrated in Figure 2.
First, we use a CT altas, which is constructed from the
average of high-resolution 3D CTA images of 30 healthy
subjects,?” along with its corresponding binary brain
mask. We use advanced normalization tools (ANTs)?®
to register the atlas to each CTA image, after which the
corresponding registered brain mask is applied to the
images to set all non-brain voxels to zero. Next, the voxel
values are clipped between 0 and 850 Hounsfield Units
(HU) based on the intensity distribution of annotated
vessel centerlines, after which these values are normal-
ized to a range of 0 — 1. Lastly, we split CTA images into
patches. During the training phase, we split the intracra-
nial CTA images into 64 x 64 x 64 overlapping patches
with a stride of 16 and removed the patches with no ves-
sel present. From each of the CTA images, we select the
500 patches with the highest vessel centerline densities,
and randomly extract 500 patches from the remaining
patches. To enhance the diversity among the overlap-
ping patches, we split the cube CTA images of size
128 x 128 x 128 voxels into 64 x 64 x 64 patches using
a larger stride of 32. This approach increases the vari-
ety of extracted patches. We then remove any patches
that do not contain vessels. In this way, we obtain 11 058
patches with 64 x 64 x 64 voxels from the intracranial
and cube CTA images. During the inference phase,

TABLE 1 Statistics of the CTA patches extracted from the
intracranial and cube CTA images.

Phase Intracranial Cube Total
Training 10 000 1058 11 058
Inference 4096 320 4416

Abbreviation: CTA, computed tomographic angiography.

we split all the intracranial and cube CTA images into
4416 non-overlapping patches with 64 x 64 x 64 voxels.
Statistics of all the CTA patches are shown in Table 1.

2.2 | Lumen segmentation generation

The purpose of the lumen segmentation generation is
to provide additional supervisory information for train-
ing deep neural networks. The process is structured
into a three-step procedure, as illustrated in Figure 3.
First, following the approach of Schaap et al.?® we
resample the image along the annotated centerline®
to obtain slices orthogonal to the centerline. Subse-
quently, a graph-cut method?° is applied to create lumen
segmentation in the cross-sectional slices, followed by
robust kernel regression®! to smooth the border of the
lumen segmentation. Finally, the complete brain lumen
segmentation is created from the cross-sectional seg-
mentation using an interpolation approach.®? For better
understanding, the pseudo-code of the lumen segmen-
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FIGURE 3

(d)

lllustration of the lumen segmentation generation procedure: (a) annotated of cerebral vessel centerlines where each centerline

segment is assigned a different color; (b) a cross-sectional slice obtained along a centerline; (c) lumen segmentation obtained from a slice using
graph cuts and robust kernel regression; (d) complete brain lumen segmentation created using an interpolation approach.

tation generation is presented in Algorithm 1. Like the
CTA image, the annotated centerline and the generated
lumen segmentation are partitioned into patches for
training. Notably, the annotated centerline and the gener-
ated lumen segmentation are not required for inference.

2.3 | DTUNet

In order to effectively exploit the annotated vessel cen-
terline and the generated lumen segmentation during
the training phase, we propose a dual-branch net-
work architecture based on 3D UNet?® and utilize a
topology-aware loss (TAL) function that optimizes the
consistency of the topological connectivity between
vessel centerlines and lumen segmentation.

2.3.1 | Network architecture

The DTUNet (Figure 4) is a 3D UNet-based network
with two branches and a fusion path (FP). The shared
layers of the DTUNet consist of three convolutional
blocks, where each block has two 3D convolutional lay-

ers followed by a max pooling layer. The first block
takes a patch of 64 x 64 x 64 voxels as input and has
32 initial convolutional filters to reduce GPU memory
consumption. The number of convolutional filters in the
subsequent blocks is chosen according to the design
rule of 3D UNet33 The first branch is used to predict
lumen segmentation and the second branch is used to
predict vessel centerlines. Both branches have the same
architecture, comprising one convolutional block with-
out the max pooling layer, three deconvolutional blocks,
and one 3D convolutional layer followed by a sigmoid
layer. Each deconvolution block has one 3D deconvo-
lutional layer followed by two 3D convolutional layers.
The FP, which includes three fusion blocks, is posi-
tioned between the two branches to effectively enhance
the information interaction between the two branches.
The fusion block, as shown in Figure 5, employs a
concatenation operation and a convolutional layer to
aggregate features from the two branches. It then uti-
lizes a channel attention module and a spatial attention
module to automatically emphasize task-related fea-
tures. These features are combined with the aggregated
features at the end. Specifically, given an input fea-
ture F € RP*WXLXC the channel attention feature M, is
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computed as:
M. = F ® o(W;(W>(AvgPool .(F) + MaxPool.(F)))) (1)

where ®, o, and W denote the element-wise multiplica-
tion, the sigmoid function, and the 3D convolutional layer,
respectively. Note that AvgPool . and MaxPool. denote
the 3D-average-pool and 3D-max-pool operations that
are conducted along the channel dimension. Similarly,
the spatial attention feature Mg is computed as:

Ms = F ® o(W;(AvgPool (F) + MaxPoolg(F))  (2)

where AvgPool and MaxPools denote the 3D-average-
pool and 3D-max-pool operations that are conducted
along the spatial dimension. Given a feature of the seg-
mentation branch Fg; and a feature of the centerline
branch F;, the fusion block outputs a feature F,,; €

Diagram of the fusion block. This component integrates features Fg from the segmentation branch and F, from the centerline

RH*WxLXC that is formulated as:
Fout = A(Fs, F¢) ® (1 + Ms(M(A(Fs, F¢))) (3)

where A denotes the combination of the concatenation
operation and the 3D convolutional layer.

2.3.2 | Loss function

A TAL function is designed to optimize the DTUNet by
fully leveraging the generated lumen segmentation and
the annotated vessel centerlines. This TAL consists of
three terms: the Dice loss for the lumen segmentation,
the Dice loss for the vessel centerline and the center-
line Dice (cIDice) loss.>* Specifically, the Dice loss for the
lumen segmentation is intended for the optimization of
the overlap between the predicted lumen segmentation
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ALGORITHM 1 Lumen segmentation generation.

Input: Annotated vessel centerlines V

Output: Brain lumen segmentation L
1 k < obtain the number of centerline segments in V;
2 fori < 1to kdo
3 | n <« obtain the number of centerline points in the
centerline segment V;;
4 | forj—1tondo

5 C]/ « obtain the cross sectional slice of the
vessel centerline point Vlj. ;
6 Sfl « predict the lumen segmentation in Cj/
using the graph-cut method;
end

S; « smooth the border of S; using the robust
kernel regression;

9 end

10 return L < create the complete brain lumen
segmentation from all the lumen segmentation S
using the interpolation approach;

and the lumen segmentation generated by the lumen
segmentation generation algorithm, and is defined as:

seg _ 4 |SﬂS'|
LDice_1 2|S|+|S’| (4)

where S is the lumen segmentation generated by the
lumen segmentation generation algorithm, and S’ is the
corresponding predicted result. The Dice loss for the
vessel centerline is intended for the optimization of the
overlap between the predicted vessel centerline and the
annotated vessel centerline, and is defined as:

CnC|
Leem _ 1 _2|—
Dice |C| + |C/| (5)

where C is the annotated vessel centerline, and C’ is
the corresponding predicted result. The cIDice loss is
intended for the optimization of the consistency of the
topological connectivity between the predicted vessel
centerline and the predicted lumen segmentation, and
is defined as:

Tprec(S, C') x Tsens(S/, C)
Tprec(S, C’) + Tsens(S/, C)

I—cIDice =1-2 (6)

where Tprec(S, C') and Tsens(S’, C) are calculated as:

/
Tprec(s, ¢') = IS0 C 7)
C/
/
Tsens(S', C) = 'S—gcl 8)

MEDICAL PHYSICS -2

where Tprec(S, C') ensures that the predicted vessel
centerline is within the generated lumen segmentation
as much as possible, while Tsens(S’, C) ensures that
the annotated vessel centerline is within the predicted
lumen segmentation. Maximizing both the Tprec(S, C’)
and Tsens(S’, C) results in an optimal value for the
Lepice, and causes the predicted vessel centerline to lie
within the predicted lumen segmentation.

The Lgpjce differs with soft-clDice®* in the computa-
tion process, as illustrated in Figure 6. The soft-cIDice
obtains the predicted vessel centerline from the pre-
dicted lumen segmentation by using a soft-skeleton
algorithm. In contrast, the L;p;.e directly derives the
predicted vessel centerline from the centerline branch.
This implies that L p;.e could strengthen information
interaction between the two branches.

Finally, these three loss functions are combined as
follows:

TAL=(1-a)- (05 L7 +0.5-Lpge) +a-Lopice (9)
where o is a hyper-parameter that balances the
loss components.

2.4 | Post-processing

To derive the final vessel centerlines from the lumen seg-
mentation produced by the segmentation branch, post-
processing is required. While the soft-clDice method*
initially improved lumen segmentation quality, its soft-
skeleton algorithm is designed for gradient backprop-
agation purposes rather than for smoothing the vessel
centerlines. This often results in the generation of
numerous small, isolated centerline segments com-
posed of only a few adjacent points. To address this,
we employ a medial surface/axis thinning algorithm®®
instead of the soft-skeleton algorithm to extract the final
vessel centerline from the lumen segmentation output
by the segmentation branch. This approach produces
superior results compared to those directly output by the
center branch, as detailed in Section 3.6.

3 | EXPERIMENTS AND RESULTS

3.1 | Implement details

We implemented the lumen segmentation generation
in MevisLab. We implemented the pre-processing,
the DTUNet, and the post-processing in Python and
Pytorch.3% We trained the DTUNet on an Nvidia GTX
2080 TI with a batch size of 4. We applied data aug-
mentation techniques including random flip and random
elastic deformation. We used the Adam®’ optimizer
with an initial learning rate of 10~3 and a weight decay
of 5x10~*. We adopted a five-fold cross-validation
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strategy to evaluate the proposed framework. In each
fold, eight intracranial CTA images and 32 cube CTA
images were used for training, while the remaining CTA
images were used for testing.

3.2 | Evaluation metrics
We evaluated the proposed framework in terms of aver-
age symmetric centerline distance (ASCD) and overlap
(OV) with reference to the experimental setup383°
These are defined as follows:

ASCD: given target centerline points X and predicted
centerline points Y, the average centerline distance
(ACD) is computed as:

ACD(X, Y) = ) minycyd(x, y)/IX| (10)

xeX

where d(x, y) is a 3D matrix consisting of the Euclidean

distances between X and Y. And ASCD is formulated

as:

ACD(X, Y) + ACD(Y, X)
2

ASCD(X, Y) = (11)

OV: given target centerline points X and predicted
centerline points Y, TP’; (true positives of the refer-
ence) are those points in X that have a point y € Y
with a Euclidean distance less than a threshold T, and
the other points in X are FN’; (false negatives of the
reference). Similarly, TPAT/’ (true positives of the model)
are those points in Y that have a point x € X with a

Soft-clDice Tprec
Annotated vessel /

Comparison between (a) Lgpice and (b) the soft-clDice.

Generated lumen

J

segmentation S

Euclidean distance less than a threshold T, and the
other points in Y are FPAT” (false positives of the model).
In our experiments, we adopted two thresholds T (i.e.,
1.0 and 1.5 mm) based on the average voxel spacing
of 0.48 x 0.48 x 0.42mm within the dataset. With these
definitions, OVt is defined as:

TP + TPY

oV =
PR + TPY + FNF + FPY

(12)

3.3 | Choosing optimization targets
Recently, a variety of optimization targets have been
adopted for vessel centerline extraction from med-
ical images, such as the distance map'’ and the
heatmap.'? In this paper, the proposed framework uses
both the vessel centerline and the lumen segmenta-
tion as the optimization targets. While the proposed
framework (and similar methods) defines a segmenta-
tion task, optimizing a distance map or a heatmap is a
regression task.

In order to investigate the impact of different types
of optimization targets, we constructed a distance map
and a heatmap based on the distance to the center-
line, as shown in Figures 7 and 8. Since the proposed
framework had two optimization targets (i.e., centerline
+ lumen), a dual-branch 3D UNet (i.e., the DTUNet
without the FP) was used to solve the two-target opti-
mization problem. In contrast, a single 3D UNet was
utilized for the remaining single optimization targets
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TABLE 2 Comparison among various types of optimization targets by five-fold cross-validation analysis.

Intracranial Cube
Target Task type ASCD (mm) | OV, 1 OVys5 1 ASCD (mm) ] OV, 1 OVys5 1
Distance map Regression 1.20 +£0.11 0.708 £0.039 0.806 +0.024 1.78 +0.46 0.649+0.052 0.741+0.050
Heatmap Regression 1.08+0.11 0.782+0.014 0.837+0.017 1.49+0.40 0.735+0.044 0.792+0.043
Centerline Segmentation  1.05+0.07 0.794+0.014 0.840+0.012 1.66+0.37 0.722+0.037 0.769+0.037
Lumen Segmentation  0.95+0.08 0.810+0.014 0.859+0.012 1.40+0.39 0.752+0.049 0.803+0.046
Centerline + Lumen  Segmentation  0.89+0.06" 0.832+0.009"  0.880+0.009" 1.28+0.29° 0.773+0.0427  0.821+0.041"

Note: 1 indicates statistically a significant difference of p < 0.05 between the centerline + lumen and the other optimization targets in a paired t-test.

Abbreviations: ASCD, average symmetric centerline distance; OV, overlap.
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FIGURE 7 A schematic diagram of (a) the distance map and (b)
the heatmap.

(@ (b)

FIGURE 8 A typical example of (a) the distance map and (b) the
heatmap, where red points denote vessel centerlines.

(i.e., the distance map, the heatmap, the centerline,
and the lumen). In this way, we aim to minimize the
influence of model architecture changes on the per-
formance of centerline extraction, and thus more fairly
assess the effectiveness of the optimization targets.
Table 2 reports the centerline extraction results of the
different types of optimization targets. Compared to the
regression tasks, the lumen and the centerline + lumen
both obtain better results. The centerline also obtains
comparable results to the heatmap. Moreover, in the
segmentation tasks, the lumen obtains superior results
to the centerline. This suggests that the lumen is more
suitable as an optimization target for vessel centerline
extraction compared to the centreline. Lastly, combining
both the centerline and the lumen achieves the best
results, which significantly outperforms other optimiza-

tion targets. Therefore, combining the centerline and the
lumen is a well-suited optimization target for the vessel
centerline extraction from CTA images.

3.4 | Hyper-parameter « of the TAL

We studied the effect of the hyper-parameter a of the
TAL on the DTUNet. Figure 9 shows the results of the
DTUNet with seven different values for « (i.e., 0,0.1,0.2,
0.3,0.4,0.5,and 0.6). « = 0 means that DTUNet is opti-

mized by L‘Ege and Lp., while & > 0 means that the

DTUNet is optimized by L°? L. and Lgpice. Starting
from a small «, an increase of a improves the perfor-
mance of the DTUNet on ASCD, OV, and OV 5. The
DTUNet achieves the best performance at a« = 0.2; the
performance of the DTUNet decreases rapidly when
a> 0.2, and is even worse than the performance at
a = 0in the end. Based on these experiments, we chose
0.2 as the value of the hyper-parameter o for DTUNet,
in the following experiments unless otherwise specified.

3.5 | Ablation studies

We conducted an ablation study to evaluate the con-
tributions of lumen segmentation, TAL, and various
backbones on the performance of the DTUNet (Table 3).
It should be noted that “use of lumen” denotes that
networks are trained with both vessel centerline anno-
tations and the generated lumen segmentation, while
the term “no use of lumen”indicates that networks are
trained exclusively using vessel centerline annotations.
Similarly, the term “use of TAL” refers to training the
network using the TAL function, whereas the term “no
use of TAL” indicates that the training relies exclusively
on the Dice loss function. Table 3 shows that com-
pared to the 3D UNet that directly predicts the vessel
centerline, the 3D UNet trained with the lumen segmen-
tation achieves statistically significantly (p < 0.05) better
results across all the metrics. This improvement sug-
gests that the lumen segmentation helps the 3D UNet
extract the vessel centerlines from CTA images. Table 3
also illustrates that the TAL provides substantial benefits
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FIGURE 9 Five-fold cross-validation results of DTUNet with different hyper-parameters a. DTUNet, dual-branch topology-aware UNet.
TABLE 3 Ablation study.
Intracranial Cube

Backbone Lumen TAL ASCD (mm) | OV 1 OV,5 1 ASCD (mm) | OV T OVy5 1

3D UNet 1.05+0.07 0.794+0.014 0.840+0.012 1.66+0.37 0.722+0.037 0.769+0.037
3D UNet Vv 0.95+0.08 0.810+0.014 0.859+0.012 1.40+0.39 0.752+0.049 0.803+0.046
DTUNet w/o FP vV 0.92+0.09 0.820+0.012 0.870+0.015 1.33+0.41 0.767+0.045 0.816+0.046
DTUNet w/o FP Vv V/ 0.89+0.06 0.832+0.009 0.880+0.009 1.28+0.29 0.773+0.042 0.821+0.041
DTUNet v 0.90+0.08 0.826+0.008 0.875+0.009 1.31+0.32 0.769+0.043 0.816+0.041
DTUNet v v 0.84+0.07 0.839+0.008 0.885+0.010 1.26+0.29 0.779+0.043 0.824+0.041

Abbreviations: ASCD, average symmetric centerline distance; DTUNet, dual-branch topology-aware UNet; FP, fusion path; OV, overlap.

to DTUNets with and without the FP. This reveals that
the TAL can further improve the performance of the
models by optimizing the consistency of the topologi-
cal connectivity between the predicted vessel centerline
and the predicted lumen segmentation. In addition, the
complete DTUNet architecture, which includes the FP,
marginally outperforms the DTUNet variant without this
component. Most notably, the DTUNet trained with the
lumen segmentation significantly outperforms the 3D
UNet that also incorporates lumen segmentation, across
all the metrics (p < 0.05). These findings highlight
the DTUNet’s strong capability in processing complex
vascular structures within CTA images.

3.6 | Comparison with a 3D UNet trained
using the soft-clDice + soft-Dice

The method of Shit et al3* (i.e., the 3D UNet trained
using the soft-cIDice + soft-Dice) also utilizes the cIDice

loss fucntion and Dice loss function for network opti-
mization. However, the proposed framework exploits an
elaborate two-branch architecture and a distinct loss
computation process, as detailed in Section 2.3. There-
fore, we compared the proposed framework with the
the 3D UNet trained using the soft-cIDice + soft-Dice.
It is worth noting that in the latter method, we also
used the medial surface/axis thinning algorithm3® to
obtain the final vessel centerlines from the predicted
lumen segmentation since its soft-skeleton algorithm is
designed for gradient backpropagation purposes rather
than for smoothing the vessel centerlines. Table 4
reports the results of the DTUNet and the 3D UNet
trained using the soft-clDice + soft-Dice. The result of
the DTUNet is superior to the result of the 3D UNet
trained using the soft-ciDice + soft-Dice. This finding
validates the superior capability of the dual-branch
architecture and the proposed TAL in extracting vessel
centerlines from CTA images. Moreover, the segmenta-
tion branch of the DTUNet achieves better performance
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TABLE 4 Comparison between the DTUNet (without the FP) trained using the TAL and the 3D UNet of Shit et al. by five-fold

cross-validation analysis.

Intracranial Cube
Method Output ASCD (mm)| OV4qo 1 OVys5 1 ASCD (mm)| OV 1 OVys 1
3D UNet®* Lumen + thining®®  0.90+0.07 0.825+0.008 0.871+0.006 1.34+0.35 0.770+0.043 0.815+0.042
DTUNet Centerline 0.89+0.05 0.830+0.006 0.878+0.008 1.31+0.36 0.773+0.042 0.819+0.041
DTUNet Lumen + thining®®  0.84+0.07" 0.839+0.008"  0.885+0.010" 1.26+0.29" 0.779+0.043"  0.824+0.0417

Note: 1 indicates a statistically significant difference of p < 0.05 in a paired t-test compared to other methods.
Abbreviations: ASCD, average symmetric centerline distance; DTUNet, dual-branch topology-aware UNet; FP, fusion path; OV, overlap; TAL, topology-aware loss.

Viewpoint 1

Viewpoint 2

OVy5:0.891

OV;5:0.892

OV;5: 0.894

FIGURE 10 Visualization of three example intracranial cases
with two different viewpoints. Green points are true positives; blue
points are false positives; red points are false negatives. In addition,
values of the OV, 5 metric are indicated for all the cases. OV, overlap.

than the centerline branch, with statistically significant
improvements. These results indicate that extracting the
final vessel centerlines from the lumen segmentation
output by the segmentation branch represents a more
effective choice.

3.7 | Subgroup analyses

We further computed the performance of the proposed
framework on various subgroups, based on vessel
radius and location. To this end, we computed the ves-
sel radius per segment by averaging the radii of the
lumen segmentation generated by the lumen segmen-
tation generation algorithm. Based on the histogram of
the vessel radius (Figure 12), the vessel segments were
grouped into three categories: thin vessels (radius <
0.6mm), medium vessels (0.6mm < radius < 1.0mm),
and large vessels (radius > 1.0mm). It should be noted

Viewpoint 2

Viewpoint 1

OVy5:0.929

OV;5:0.932

OV5: 0.935

FIGURE 11 Visualization of three example cube cases with two
different viewpoints. Green points are true positives; blue points are
false positives; red points are false negatives. In addition, values of
the OV, 5 metric are indicated for all the cases. OV, overlap.

that the average radius of the vessels tends to be
smaller than those reported in medical studies.*®~*2 This
discrepancy may be attributed to the under-segmented
nature of the lumen segmentation generation algorithm
as well as the multiple averaging operations used to cal-
culate the vessel radius. To group the vessel segments
based on location, we applied the same registration
approach mentioned in pre-processing to obtain a hemi-
sphere mask, a middle cerebral artery (MCA) mask,
an anterior cerebral artery (ACA) mask, and a pos-
terior cerebral artery (PCA) mask, according to the
work of ref. [43]. The vessel segments were subse-
quently assigned to one of these regions. Since the
proposed framework did not output the vessel radius,
we could not obtain the vessel thickness types of the
predicted centerlines. Therefore, ASCD and OV could
no longer be computed, and instead we used the aver-
age centerline distance (ACD) that only computed the
Euclidean distances from the target centerline points
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FIGURE 12 Histogram of the average radius of the vessels for

10 intracranial CTA images. The position corresponding to an
average radius of 0.6 is indicated with an orange dashed line. The
average radius of the vessels tends to be smaller than those
reported in medical studies due to the under-segmentation as well as
the multiple averaging operations. CTA, computed tomographic
angiography.

TABLE 5 Subgroup analyses of the proposed framework.

Property Category ACD (mm) | Recall;g T Recalljs 1

Vessel Thin 0.87+0.11  0.798+0.011 0.861+0.016
thickness ’
Medium 0.63+0.09 0.875+0.017 0.920+0.019
Large 0.85+0.10  0.753+0.035 0.873+0.023

0.847+0.016 0.901+0.017
0.859+0.017 0.910+0.018

Region Left hemisphere 0.72+0.08

Right hemisphere 0.70+0.06

MCA region 0.47+0.06 0.931+0.015 0.963+0.017
ACA region 0.49+0.06 0.918+0.025 0.958+0.019
PCA region 0.41+0.07 0.949+0.031 0.983+0.018

Abbreviations: ACD, average centerline distance; ACA, anterior cerebral artery;
MCA, middle cerebral artery; PCA, posterior cerebral artery.

to the predicted centerline points, and the recall as the
evaluation metrics.

Table 5 presents the subgroup analyses of the pro-
posed framework. It is evident from this table that the
proposed framework achieves better results for medium
vessels than for thin and large vessels. We observe no
significant difference in the results between the left and
right hemispheres, despite the fact that these brains
suffered from acute ischemic stroke. The proposed
framework also demonstrates encouraging results for
the MCA region, the ACA region, and the PCA region.

3.8 | Comparison with state-of-the-art
methods

In this experiment, we quantitatively compared the pro-
posed framework with the state-of-the-art methods

widely used for vessel segmentation and vessel center-
line extraction, including 3D UNet>® VNet** Su’s netf
CS2Net*® TransBTS*¢ and UNETR*’ From Table 6, it
is evident that the proposed framework achieves better
performance than the state-of-the-art methods across
all the metrics, with statistically significant improvements.

We also qualitatively analysed the proposed frame-
work and compared it with 3D UNet and TransBTS.
Figures 10 and 11 visualize the results of the proposed
framework for an intracranial case and a cube case,
respectively. The proposed framework correctly predicts
most of the vessel centerlines, with only a few false posi-
tives and false negatives. Figure 13 visualizes the results
of the proposed framework, 3D UNet, and TransBTS for
an intracranial case and a cube case, respectively. Com-
pared with the 3D UNet and TransBTS, the proposed
framework predicts more vessel centerlines correctly, at
the expense of a few more false positives.

4 | DISCUSSION

In this paper, we presented and assessed a
segmentation-assisted framework for brain vessel
centerline extraction from CTA images. Comprehensive
experiments on an in-house dataset demonstrated
the effectiveness of each of its components and its
superiority over the state-of-the-art methods.

The proposed framework has demonstrated promis-
ing results across various vessel sizes, although it
exhibits superior performance on medium vessels rela-
tive to both finer and larger ones (Table 5). This variation
in performance can be attributed to the inherent chal-
lenges associated with each vessel type. Specifically,
the centerlines of thin vessels are often missed due
to their subtle nature. The centerlines of large vessels
are more difficult to predict due to two primary fac-
tors. First, the labeling of their centerlines is inherently
not well-centered. Secondly, the generated lumen seg-
mentation, which serves as supervisory information, is
somewhat less accurate due to the increased size of
the lumen. Additionally, our analysis reveals no signifi-
cant difference in the results between the left and right
hemispheres in stroke patients. This suggests that the
proposed framework may be applied to the collateral
circulation assessment in stroke patients. For example,
the automated collateral method proposed by Su et al®
required a comparison of vascular features between an
affected hemisphere and a non-affected hemisphere.
Moreover, the framework shows encouraging centerline
extraction performance in each of the MCA, ACA, and
PCA regions. Such regions play a vital role in the treat-
ment of stroke, such as arterial thrombolysis. These
findings indicate that the proposed framework holds the
potential for quantitative analysis of the brain vascula-
ture. This could be highly relevant for stroke research
and treatment decision-making.?

85UB017 SUOWIWOD BAITeaID 9 |geol(dde au Ag peusenob ae sejoiie YO ‘8sn J0 SN oy Akelq i auljuQ A8|IA UO (SUOIPUCD-pUe-SLelwoo" A8 IM Arelq Ul |uo//Sdny) SUONIPUOD pUe sWe | 8yl 8es *[S20z/20/T2] o Akeiqiauluo A1 ‘558, T dw/Z00T 0T/10p/wod Ao imArelq i jpu|uo-widee//:sdny wolj pspeojumoq ‘2 ‘SZ02 ‘60Z7ELr



LIU ET AL.

TABLE 6 Comparison with the state-of-the-art methods.

MEDICAL PHYSICS -8

Intracranial Cube
3D UNet33 1.05+0.07 0.794+0.014 0.840+0.012 1.66+0.37 0.722+0.037 0.769+0.037
VNet*4 1.18+0.12 0.769+0.021 0.820+0.019 1.68+0.42 0.703+0.039 0.756+0.039
Su’s net® 1.01+£0.07 0.802+0.006 0.849+0.007 1.48+0.34 0.739+0.044 0.789+0.044
CS2Net*® 1.05+0.10 0.792+0.012 0.839+0.012 1.59+0.37 0.720+0.036 0.768+0.038
TransBTS*6 0.98+0.10 0.811+0.011 0.856+0.017 1.42+0.26 0.744+0.035 0.793+0.034
UNETR?*’ 1.18+0.08 0.750+0.010 0.808+0.008 1.58+0.32 0.694+0.043 0.757+0.043
Proposed 0.84+0.07* 0.839+0.008* 0.885+0.010* 1.26+0.29" 0.779+0.0437 0.824+0.0417

Note: x and 1 indicate a statistically significant difference of p < 0.01 and p < 0.05 between the proposed framework and the state-of-the-art methods in a paired

t-test, respectively.

Abbreviations: ASCD, average symmetric centerline distance; DTUNet, dual-branch topology-aware UNet; OV, overlap.

3D UNet

TransBTS

Proposed

FIGURE 13 Visualization of the results of different methods for an intracranial case and a cube case. The first row and the second row
show the results of the intracranial case and the cube case, respectively. Green points are true positives; blue points are false positives; red
points are false negatives. Yellow circles highlight the areas where the results differ.

The proposed framework exploits the lumen seg-
mentation generation algorithm based on centerlines,
originally introduced by M. Schaap et al.?° to pro-
vide additional supervisory information for training deep
neural networks. This effectively alleviates the reliance
on labor-intensive manual lumen annotation efforts,
addressing the scalability limitations of current neural
network-based methods. The ablation study in Table 3
has demonstrated that incorporating this algorithm
substantially improves vessel centerline extraction per-
formance. While initially designed for coronary lumen
segmentation, the algorithm has exhibited high seg-
mentation accuracy in cerebral vessel centerline extrac-
tion. This consistency in performance across different

vascular structures suggests its potential for broader
application in the lumen segmentation of various other
3D vasculatures.

The proposed framework also demonstrates good
performance of the centerline branch in extracting ves-
sel centerlines from CTA images. As shown in Tables 3
and 4, the centerline branch of the proposed DTUNet
outperforms both the 3D UNet that directly predicts
vessel centerlines and the 3D UNet trained using
lumen segmentation supervision. This highlights that
the dual-branch architecture, along with the proposed
TAL, not only enhances the lumen segmentation branch
but also optimizes the direct prediction of vessel
centerlines.
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While the proposed framework shows promising per-
formance in brain vessel centerline extraction from CTA
images, areas of improvement remain. In the regions
near the skull, vessels tend to be thinner and less dis-
tinct, often blending in with the surrounding tissues due
to similar intensity levels. The current framework may
overlook such vessels as it lacks specific mechanisms
to handle these low-contrast scenarios. Future work
could involve the development of methods designed to
enhance the detection and segmentation of thin, low-
contrast vessels. Additionally, we have noted instances
where vessel centerline segments predicted by the
framework are not fully connected, despite belonging
to the same continuous vessel. This fragmentation can
complicate the tracking and comprehensive analysis
of the vascular network. To mitigate this issue, fur-
ther research into post-processing techniques aimed
at connecting disjointed centerline segments could be
beneficial. Moreover, several studies have shown that
overlapping patch fusion can enhance edge segmenta-
tion accuracy, leading to improved overall segmentation
performance. In the proposed framework, the final vessel
centerlines are derived from thinning the lumen seg-
mentation. Consequently, the overlapping patch fusion
algorithm may offer further improvements. One more
thing; although the vessel lumen derived from the lumen
segmentation generation algorithm was verified by an
expert with decades of experience in vascular research,
its accuracy is still insufficient in certain scenarios, par-
ticularly with kissing vessels. Despite the robust feature
extraction capabilities of deep neural networks, the use
of inaccurate vascular lumens as supervisory infor-
mation can adversely affect network training to some
extent. Future research could focus on the development
of an enhanced centerline-based lumen segmentation
generation algorithm.

5 | CONCLUSION

In this study, we have developed and validated a
segmentation-assisted framework for brain vessel cen-
terline extraction from CTA images. The proposed
solution leverages lumen segmentation generated from
annotated centerlines during the training phase, which
we have shown to significantly enhance centerline
extraction performance without necessitating additional
annotation efforts. We show that the dual-branch
DTUNet, supported by a TAL function, effectively utilizes
both annotated vessel centerlines and the generated
lumen segmentation during training. Extensive experi-
ments on an in-house dataset demonstrate its superior-
ity over state-of-the-art methods on the ASCD and OV
metrics. Subgroup analyses further highlight its poten-
tial in clinical applications for cerebrovascular disease
diagnosis and treatment.
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