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Abstract: Fast and accurate extraction of vascular structures from medical images is fundamental for many clinical procedures. 
However, most of the vessel segmentation techniques ignore the existence of the isolated and redundant points in the segmentation 
results. In this study, we propose a vascular segmentation method based on a prior shape and local statistics. It could efficiently 
eliminate outliers and accurately segment thick and thin vessels. First, an improved vesselness filter is defined. This quantifies the 
likelihood of each voxel belonging to a bright tubular-shaped structure. A matching and connection process is then performed to 
obtain a blood-vessel mask. Finally, the region-growing method based on local statistics is implemented on the vessel mask to 
obtain the whole vascular tree without outliers. Experiments and comparisons with Frangi’s and Yang’s models on real magnetic- 
resonance-angiography images demonstrate that the proposed method can remove outliers while preserving the connectivity of 
vessel branches. 
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1  Introduction 
 

Vascular segmentation is an important method in 
the quantification of morphological changes of blood 
vessels, enabling an accurate diagnosis during treat-
ment processes (Forkert et al., 2013). For example, 
brain stroke, which is often caused by stenosis of 
cerebral vessels, is the third most common cause of 
death and a major cause of long-term disabilities. It is 
important to investigate initial symptoms at an early 
stage with the aim of eliminating the need for invasive 
treatments (Chowriappa et al., 2013). Therefore, the 
accuracy and visualization of the extracted vessels 

become key factors. However, it is difficult to accu-
rately extract blood vessels because of the high com-
plexity of cerebrovascular anatomical structures, 
limited spatial resolution, and low image contrast of 
medical images, such as magnetic-resonance- 
angiography (MRA) images (Bogunović et al., 2011). 

For vascular segmentation, a large number of 
algorithms have been developed, including the semi- 
automatic and automatic segmentation. As manual 
segmentation is subjective and prone to human errors, 
automatic approaches are commonly used. One of the 
well-known techniques is the active contour model, 
based on the geometric curve evolutionary theory 
(Zhao et al, 2014; Chen et al., 2018); it has facilitated 
the accurate extraction of neuroimages (Wang et al., 
2015; Woźniak and Strzelecki, 2015). Active contour 
models are usually implemented by a level-set 
framework by locally minimizing an energy function 
with a gradient-descent algorithm (Ding et al., 2014). 
The statistics-based method has been another typical 

Frontiers of Information Technology & Electronic Engineering 
www.jzus.zju.edu.cn; engineering.cae.cn; www.springerlink.com 
ISSN 2095-9184 (print); ISSN 2095-9230 (online) 
E-mail: jzus@zju.edu.cn 

 

‡ Corresponding author 
* Project supported by the National Natural Science Foundation of 
China (Nos. 61472042 and 61802020), the Beijing Natural Science 
Foundation, China (No. 4174094), and the Fundamental Research 
Funds for the Central Universities, China (No. 2015KJJCB25) 

 ORCID: Shi-feng ZHAO, http://orcid.org/0000-0002-5037-169X 
© Zhejiang University and Springer-Verlag GmbH Germany, part of 
Springer Nature 2019 

Administrator
新建图章



Tian et al. / Front Inform Technol Electron Eng   2019 20(8):1099-1108 1100 

choice for vessel segmentation (El-Baz et al., 2012; 
Tian et al., 2013). The finite mixture model has been 
widely used to assign each pixel to a finite number of 
classes according to the statistical properties of the 
pixels and its neighbors (Adel et al., 2010). The  
expectation-maximization (EM) algorithm is often 
employed to estimate the unknown parameters. 

In addition, the enhancement filter proposed by 
Frangi et al. (1998), which analyzes the second-order 
derivatives encoded in the Hessian matrix, has been 
frequently used. Vessels with various widths can be 
depicted by determining the vesselness of the image 
at multiple scales (Kumar et al., 2015). Yang et al. 
(2012) proposed an improved Frangi method for the 
preprocessing of coronary artery segmentation by 
adding geometric information obtained from ray- 
casting in a local sphere, for discriminating tubular 
structure between false step-edge responses at the 
heart chamber and positive vessel responses. Becker 
et al. (2013) proposed a vesselness-based method for 
the tracing of vessel trees. Rajeswari and Jagannath 
(2017) proposed an enhancement filter based on the 
ratio of multi-scale eigenvalues of the Hessian matrix. 
Such vesselness information for the quantification of 
the likelihood of each voxel belonging to a vascular or 
non-vascular structure can be employed for initiali-
zation of other methods, such as the Canny refine-
ment algorithm (Yang X et al., 2014) and the local 
entropy approach (Hibet-Allah et al., 2016). 

However, the results of the above methods may 
not be satisfactory because of the existence of outliers, 
which obscure the blood vessels. The outliers may 
emerge from real thin vessels or non-vessel structures 
such as subcutaneous fat, with high intensities be-
cause of the intensity overlap between them. They 
exist in the form of small islands; thus, it is necessary 
to remove them. To the best of our knowledge, this 
problem has not been investigated in detail. 

A common dilemma is that when more vessels 
are segmented, more outliers can be produced. As the 
outlier voxels have similar intensities with the vessels, 
the simple thresholding method cannot analyze them. 
The connectivity filter (the largest-connected- 
component approach) is the most frequently em-
ployed method to remove outliers. This method se-
lects the largest (few) connected vascular tree(s) using 
a three-dimensional-region-growing algorithm (El-Baz 
et al., 2005). However, most researchers have men-

tioned it as only a post-processing procedure without 
detailed discussion (Chan et al., 2006; Sulayman et al., 
2016). In addition, some fractions at the tails of ves-
sels and isolated small branches may be missing. 

To address the above challenges, in this study, 
we present a novel method for the refinement of 
blood-vessel segmentation. First, a vesselness mask, 
based on the vascular shape characteristic, is defined. 
It quantifies the likelihood of each voxel belonging to 
a bright tubular-shaped structure. Two operations, 
including connection component selection and vas-
cular structure refinement, are then employed to ex-
tract the blood vessels. 
 
 
2  Related work 
 

As the intensities of some surrounding tissues 
such as the brain tissue are very close to those of 
blood vessels, there are some non-vessel voxels, i.e., 
outlier points, in the segmentation results. To effec-
tively remove outlier points emerging around the 
vessels, shape (geometric) features of the vessels need 
to be considered. Using all of the eigenvalues of the 
Hessian matrix, some vesselness filters can fully 
consider geometric features represented by the ei-
genvalues and suppress the noise impacts on vessels. 
In this section, two related studies are discussed. 

2.1  Frangi’s model 

Frangi’s model, based on vesselness, is a 
well-known and extensively used method to enhance 
tubular structures. It maps each pixel to a real number 
between 0 and 1, which represents to which extent the 
pixel belongs to a tubular structure. 

The vessel shape can be represented by an eigen- 
analysis of the Hessian matrix H of a dataset. The 
Hessian matrix is a square matrix of second-order 
partial derivatives of a function; it can be used to 
describe the local intensity variation of an image. The 
Hessian matrix for a three-dimensional (3D) image 
I(x) (x=(x, y, z)) can be expressed as 
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where the second-order partial derivatives can be 
obtained by the convolution of I(x), and the second- 
order partial derivative of the Gaussian function  
G(x; σf) with a variance of σf is Ixx(x)={∂2G(x; 
σf)/∂x2}·I(x). Denote the eigenvalue with the kth 
smallest magnitude (|λ1|≤|λ2|≤|λ3|) as λk; the corre-
sponding eigenvectors correspond to a singular di-
rection. The geometric meaning of these eigenvectors 
at point x in the vessel region is described in Fig. 1. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
Regarding bright vessels with a dark background 

in MRA and computed-tomography-angiography 
(CTA) images, an ideal tubular structure should sat-
isfy the following relationship: 
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where RA differentiates the plane structures from the 
line structures in the latter case where  its value is zero, 
RB is the maximum for a blob structure, and S is a 

measure to distinguish a low-intensity background as 
the eigenvalues are small in the background. Based on 
these three parameters, a vesselness measure Vσ(S) 
can be expressed as 
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where α, β, and γ are thresholds of the 3D vesselness 
function used to control the sensitivity of the vessel 
enhancement filter to the parameters of RA, RB, and S. 
The multiscale theory is applied to the vesselness 
measure because of the different sizes of blood ves-
sels. The vesselness function of Eq. (4) has the 
maximum response in the case where the spatial scale 
factor σ is approximately equal to the practical size of 
the vessels. Therefore, the vesselness measure cor-
responding to several scale factors of each voxel can 
be calculated; the maximum response value is ob-
tained by 
 

{ }
min max

( ) max ( ) ,R S R Sσσσσ  ≤ ≤
=                  (5) 

 
where σmin and σmax denote the minimum and maxi-
mum scales, respectively. In this model, the boundary 
of a non-vessel structure with the same intensity as 
the vessels can cause a step-edge response, which can 
easily lead to a false segmentation result (Yang et al., 
2012). In addition, it cannot properly enhance vessels 
throughout crossings or bifurcations corresponding to 
a large part of the vascular network (Hannink et al., 
2014). 

2.2  Yang’s model 

With the enhancement of vascular structures, 
other tubular structures such as nasal soft tissue in the 
brain MRA images are simultaneously enhanced in 
Frangi’s model, which certainly increases the seg-
mentation difficulty of blood vessels. The Hessian 
multiscale measure in Eq. (4) considers only the local 
geometric features without the global gray-scale in-
formation; consequently, some pseudo blood vessels 
and many isolated outliers emerge in the enhancement 
results. To resolve this issue, Yang JZ et al. (2014) 
proposed an improved method based on Frangi’s 

Fig. 1  Geometric meaning of the eigenvectors v1, v2, and v3 
of the Hessian matrix H at point x in the vessel region 
v1 indicates the direction along the vessel (the minimum 
intensity variation), and v2 and v3 form a basis for the or-
thogonal plane 
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model. An image gray-scale factor F is added to the 
vesselness function, expressed as 
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Specifically, we have 
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where Pmax is the maximum gray value of the images 
and c the smoothness factor of F. Fig. 2 shows the 
graph of F when c=1. 
 
 
 
 
 
 
 
 
 
 

The parameter of Hu in Eq. (7) is computed by 
employing an iterative threshold method. It calculates 
the average image gray value, and is used to roughly 
segment the original image into foreground and 
background. The process is repeated until the thresh-
old does not change; it is implemented by a mathe-
matical expression as 
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where L is the number of gray scales and hk the 
number of voxels with a gray value of k. The iteration 
is repeated until Ti is equal to Ti+1, leading to the final 
segmentation threshold, i.e., Hu=Ti. 

According to the curve of F shown in Fig. 2, the 
voxels whose gray values are larger than Hu can be 
enhanced further, while the voxels whose gray values 

are smaller than Hu will be suppressed. Therefore, the 
pseudo vessel structures and isolated outliers may be 
removed. However, the model still has the common 
drawback that other threshold-based methods share; 
i.e., the vessels with intensities lower than the 
threshold are suppressed, meaning that there is a re-
quirement to determine an accurate threshold. 
 
 
3  The proposed methodology 

3.1  Vesselness filter definition 

Inspired by Frangi’s and Yang’s models, a ves-
selness filter is defined. The vesselness value is a real 
number between 0 and 1. If a voxel belongs to a  
tubular-like structure, the corresponding vesselness 
value is close to 1; otherwise, it is close to 0. In 
Frangi’s and Yang’s models, the object shape is 
judged on the basis that for an ideal tubular structure, 
RB≈0 and RA≈1; for an ideal plate-like structure, RB≈0 
and RA≈0 (this explains the inability to differentiate a 
plate-like structure from a tubular structure by only 
RB); for an ideal blob-like structure, RB≈1 and RA≈1. 
The relationship between the shape and the corre-
sponding eigenvectors is illustrated in Fig. 3. 
 
 
 
 
 
 
 
 
 

 
Note that if RB≈0, the second term in the second 

line of Eq. (6) is close to 1; however, if RA≈1, the first 
term in the second line of Eq. (6) is not sufficiently 
close to 1, represented by the red lines in Fig. 4. 
Therefore, to efficiently enhance the tubular structure, 
a novel vesselness filter is defined in Eq. (9), which is 
expressed at the top of the next page. 

The defined function in Eq. (9) can provide a 
strong response of the filter at tubular voxels (blue 
curves in Fig. 4). This function may almost simulta-
neously enhance the other two shape structures; 
however, this is not very important in the presented 
methodology as the enhancement result is intended to 

Fig. 3  Isosurface representations of the structures and 
the corresponding eigenvalues: (a) plate-like; (b) tubular- 
like; (c) blob-like 
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be further processed to become a mask. This requires 
retention of more details of the blood vessels. In ad-
dition, the adaptive method proposed in Eq. (8) im-
proves the algorithm performance. The threshold of 
Hu evaluated by Yang’s model is too low to suppress 
non-vessel issues. An example of the distribution of 
gray values of a brain MRA dataset is shown in Fig. 5. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
For the brain MRA images, the gray values are in 

the range of 0 to more than 1100; over 95% of the 
voxels have gray values smaller than 300 (the other 
5% are mainly vessels). According to the proposed 
adaptive threshold method in Eq. (8), initially, the 
global average gray value T0 should be calculated. 
The histogram of the volume data usually shows two 
peaks (Fig. 5). The value of the lowest point between 
the two peaks is chosen as the initial value of T0. In 
the example shown in Fig. 5, this value is 85, which 
divides the original image into foreground and back-
ground. The mean gray value of the foreground, 

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
denoted as avgforeground in Fig. 5, and mean gray value 
of the background, denoted as avgbackground in Fig. 5, 
are then calculated. 

3.2  Connection component selection 

After filtering the blood vessels, a branch- 
connecting operation is implemented. For the voxels 
of the blood vessels, 26-neighbor connection com-
ponents (CCs) are all searched by the vesselness filter, 
and denoted with the numbers from 1 to m. Consid-
ering that vessels are structures with high vesselness 
values, consisting of a large number of voxels, these 
voxels can be sorted using a parameter Ci, defined as 
 

1 2 ,i i iC w N w A= +                     (10) 
 

where Ni is the normalized number of voxels in the ith 
CC, Ai the normalized average gray value (the gray 
value here is the rescaled vesselness value in the 
range of 0 to 255, instead of  the original gray value) 
of the voxels in the ith CC, and w1 and w2 the weights 
of each part. The case where w1=1 and w2=0 corre-
sponds to the general connectivity filter method. 

Fig. 5  Gray histogram of a brain MRA dataset 
Two peaks are observed, representing the background and 
foreground. A long tail in a high-intensity region (approxi-
mately 300–1000) after the rightmost peak is observed, 
which indicates the cerebral vessels 

T0

avgbackground

avgforeground

0             200          400           600          800          1000      1200

T0=85
avgforeground=157.9358
avgbackground=18.6779
T1=(avgforeground+avgbackground)/2=88.3069

 Gray value

N
um

be
r (

×1
05 )

1

2

3

4

5

6

7

8

2 3

22
BA

22

0, 0 or 0,

ππ( ) tantan1 exp exp 22
22

V S RRσ

λ λ

βa

> >

       ⋅ ⋅      − ⋅     −−       

                                                                                                            

= 2

21 exp , otherwiσe.
2
S F
γ


    ⋅ − − ⋅       

 
           (9) 

Fig. 4  Comparison between the first two terms in the 
original vesselness function (red curves) and those of the 
proposed method (blue curves) 
Solid curves represent the second term which includes RB, 
while dotted curves represent the first term which includes 
RA. References to color refer to the online version of this 
figure 
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In the implementation, we adjust w1 and w2, and 
obtain the dice coefficient of the segmentation result 
in Fig. 6 (preserving 20 CCs). We set w1=0.2 and 
w2=0.8 for each dataset. After sorting all Ci values of 
the m CCs, the top k (k<m) CCs are preserved. Thus, 
some small isolated issues are removed. A mask with 
main tubular structures and rough segmentation of 
blood vessels is obtained, and can be used to remove 
outliers in the segmentation procedure. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.3  Vascular structure refinement 

Denote the segmentation volume as Vs and the 
mask volume as Vm. The refinement procedure is 
implemented based on a region-growing method; the 
pseudo-code is presented in Algorithm 1. 

 
Algorithm 1  Refinement of segmentation 

1: function Refinement of segmentation 
2:  F←0 // F is of the same size as Vs 
3:  for each non-background voxel Vs(i, j, k) in Vs do 
4:  if the corresponding voxel Vm(i, j, k) is non- 

background and F(i, j, k)=0 then 
5:   F(i, j, k) ←1 
6:   RegionGrowing (Vs, F, i, j, k) 
7:  end if 
8:  end for 
9:  for each non-background voxel Vm(i, j, k) in Vm do 

10:  if F(i, j, k)=1 then 
11:  set V(i, j, k) to be background 

// keep only the region-growing result 
12:  end if 
13:  end for 
14:  return Vs 

15: end function 
 

The function RegionGrowing involves Vs and F 
as arguments. For each input voxel Vs(i, j, k), it  

expands to its 26-neighbor non-background voxels 
with depth-first search. For the newly expanded re-
gion, F is set to one. After the application of this 
RemoveNoise function, isolated outliers are removed 
while disconnected far ends of the small vessels are 
kept (as long as the vessels appear in the mask). The 
complete procedure is illustrated in Fig. 7. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4  Results and discussion 
 

In the experiments, several 3D MRA brain da-
tasets were employed to evaluate the proposed 
method. Implementation details and experimental 
results are presented. 

4.1  Blood vessel mask 

As the intensities of some tissues are close to 
those of vessel structures, some non-blood vessel 
points often exist in the segmentation results. First, 
the proposed vesselness filter and connection selec-
tion were applied to the original image. However, this 
did not completely and effectively segment the blood 
vessels because of some outliers with tubular shapes. 

To illustrate the gray values of the vascular 
structures, we employed a threshold process (Eq. (8)) 
on an original MRA brain image, where voxels with 
gray values lower than Hu were set to zero. Table 1 
presents the ratio of the remaining structures to the 
whole brain, while Fig. 8 shows the remaining parts 
after the threshold process, for different values of Hu. 

The term F added in Eq. (9) suppresses the 
non-vessel structures with tubular shapes, particularly 
nasal structures in the MRA brain images. As Hu was 
used as a threshold in F, it should be properly set to 
achieve a balance, where the effect of the intensity 
overlap between vessels and outliers can be reduced. 
To preserve as many small vessels (with low  

Fig. 6  Segmentation results for different weights 
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intensities) as possible, Hu should be relatively low. 
In this study, Hu was set to 200. Fig. 9 shows that the 
distribution of the voxel number to intensity is similar 
to a normal distribution with a mean value of 200. A 
blood vessel mask was then generated through global 
thresholding. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

4.2  Outlier removal 

The difference between the proposed region- 
growing method and the traditional method is that the 
average gray value of the images is considered in our 
method. The average gray value of a CC was  

important for the final accurate segmentation, as there 
existed some isolated small vessels that need to be 
retained, and some large components such as nasal 
structures that need to be removed. The weight w2 
should be larger when fewer CCs were preserved; we 
set w2=0.8 in the experiments. In addition, it was 
important to keep an appropriate number of compo-
nents; we set k=15. 

The first row of Fig. 10 shows the outlier re-
moval results from cerebral vessels of an MRA da-
taset, initially segmented by the active contour model, 
obtained with different methods, including Frangi’s, 
Yang’s, and our models. The second row of Fig. 10 
shows the amplified spatial details corresponding to 
the local region marked with a box in the first row. 
The first column of Fig. 10 shows that some outliers 
disrupt the blood vessels segmented by the method 
without shape information. The second column of 
Fig. 10 shows that Frangi’s model can remove most of 
the outliers, even some small blood vessels are elim-
inated, as the boundary of a non-vessel structure with 
the same intensity as that of a vessel has a high edge 
response. The third column of Fig. 10 shows that 
Yang’s model can extract most of the vessels; how-
ever, some blood vessels at the bifurcation are missed, 
as an inappropriate threshold is employed and the 
vessels with intensities lower than the threshold are 
suppressed. It is challenging to determine an accurate 
threshold. The last column of Fig. 10 shows that our 
model can accurately extract thick and thin vessels. 
Furthermore, the extracted cerebral tree is observed 
with a good connectivity. The excellent performance 
of our method is attributed to the use of neighborhood 
statistics. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 1  Different thresholds of Hu and volume ratios 
of the preserved parts 

Threshold of Hu Volume ratio (%) 
100 54.2912 
150 32.2688 
200 6.1140 
250 1.3543 
300 0.4750 
350 0.2179 

 

Fig. 10  Comparison of our method with Frangi’s and 
Yang’s models 
Column 1 shows the segmentation results of the cerebral 
vessels by the active contour model; columns 2–4 show the 
outlier removal results from the cerebral vessels of Frangi’s, 
Yang’s, and our models, respectively. Enlarged views of the 
spatial location marked with a box for the different models are 
shown in the second row 

Fig. 8  Blood vessel mask with different thresholds of Hu: 
(a) Hu=100; (b) Hu=150; (c) Hu=200; (d) Hu=250;  
(e) Hu=300; (f) Hu=350 
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In addition, three MRA brain datasets were em-
ployed to validate the proposed model. Fig. 11 shows 
the segmentation results for the three MRA datasets, 
obtained with different methods including Frangi’s, 
Yang’s, and our models. Each row of Fig. 11 corre-
sponds to one of the datasets. The first column of 
Fig. 11 shows that the vessel masks were extracted 
using the proposed filter. These vessel masks con-
tained the whole cerebral tree and outliers. Outlier 
removal was then applied to the segmented mask with 
Frangi’s, Yang’s, and our models; the results are 
shown in columns 2–4 in Fig. 11. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

These results demonstrate that our method can 
distinguish all outliers and blood vessels, as the tan-
gent term is added to the vesselness filter defined in 
Eq. (9); the addition of the F term (Eq. (7)) to the 
model enables the suppression of the non-vessel- 
shape structure issues, such as the nasal structure. If 
the brain has undergone skull-stripping, it is not 
necessary to use it in Eq. (7). Furthermore, note that 
the thin branches disconnected from the thick vessel 
were extracted in the segmentation results obtained 
by our model. 

4.3  Performance evaluation 

We investigated aspects of performance evalua-
tion such as the quality of segmentation and the 
computational time. We compared Frangi’s, Yang’s, 

and our methods in terms of sensitivity, specificity, 
and the dice similarity coefficient (DSC). The average 
performance measures are shown in Table 2, which 
reveals that the proposed model provides better sen-
sitivity and DSC scores than the other two methods. 
Note that our method has a similar specificity per-
formance to Frangi’s and Yang’s models. 
 
 
 
 
 
 
 

 
The computational time was evaluated. We 

randomly selected nine datasets for evaluation. Da-
tasets 1–3 were acquired from the Beijing Tiantan 
Hospital, datasets 4–6 were acquired from the Navy 
General Hospital, and datasets 7–9 were obtained 
from a publicly available MIDAS (http://insight- 
journal.org/midas/) dataset. Table 3 shows the corre-
sponding computational time. The experiments were 
implemented in Matlab 2014b, and run on a PC with 
Intel Core i5, 3.3 GHz CPU, and 12 GB RAM. We 
considered only the running time of the filtering 
procedure, where differences existed among the three 
methods. Table 3 reveals that the proposed method 
does not increase the computational complexity upon 
the addition of other equations. 
 
 
5  Conclusions 
 

We have presented a novel method for segmen-
tation of blood vessels from MRA datasets. The entire 
vessel tree could be extracted by our method, which 
uses neighborhood statistics and shape information. 
First, a vesselness filter with a strong response at 
tubular voxels has been defined, and an analysis of the 
CCs has been performed to obtain a blood-vessel 
mask containing thick and thin vessels and some 
outliers. A region-growing method based on local 
statistics has been implemented on the vessel mask to 
obtain the whole vascular tree without outliers. The 
results showed that our efficient and robust model 
could accurately extract the entire cerebral tree.  
Furthermore, the proposed method can be used for  

Table 2  Performances of the three methods 
Method Sensitivity Specificity DSC 
Frangi’s 0.602 74 0.978 29 0.647 06 
Yang’s 0.704 76 0.983 87 0.751 27 
Ours 0.782 61 0.986 58 0.850 39 

DSC: dice similarity coefficient 

Fig. 11  Comparison of our method with Frangi’s and 
Yang’s models on three MRA brain datasets 
Column 1 shows the results of the original Frangi vesselness 
filter; columns 2–4 show the outlier removal results from the 
cerebral vessels with Frangi’s, Yang’s, and our models, re-
spectively. The results of the different datasets are presented 
in different rows 
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extraction of the coronary artery, which has a similar 
tubular structure to the brain blood vessels. The pro-
posed model could be further developed, for example, 
by including a procedure to efficiently determine the 
threshold of Hu. 
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