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Abstract Previous studies showed that all the vascular
parameters from both the morphological and topological
parameters were affected with the altering of imaging resolutions. However, neither the sensitivity analysis of the vascular parameters at multiple resolutions nor the distinguishability estimation of vascular parameters from different
data groups has been discussed. In this paper, we proposed
a quantitative analysis method of vascular parameters for
vascular networks of multi-resolution, by analyzing the
sensitivity of vascular parameters at multiple resolutions
and estimating the distinguishability of vascular parameters
from different data groups. Combining the sensitivity and
distinguishability, we designed a hybrid formulation to estimate the integrated performance of vascular parameters in
a multi-resolution framework. Among the vascular parameters, degree of anisotropy and junction degree were two
insensitive parameters that were nearly irrelevant with resolution degradation; vascular area, connectivity density, vascular length, vascular junction and segment number were
five parameters that could better distinguish the vascular
networks from different groups and abide by the ground
truth. Vascular area, connectivity density, vascular length
and segment number not only were insensitive to multi-resolution but could also better distinguish vascular networks
from different groups, which provided guidance for the
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1 Introduction
Because vascular networks of vertebrates supply tissues
with nutrients [28], their quantification analysis is of paramount importance in the development of cancer [2, 27],
stroke [10, 21], diabetic retinopathy [7, 30], tissue engineering [17] and therapeutic angiogenesis [31]. The methodological studies for the quantification of the vascular networks have gained great interest [23], which are commonly
composed by calculating their morphological and topological parameters.
Morphological parameters have been employed to quantify vascular networks in many pathological applications
[3]. Two-dimensional (2D) calculation of the vascular area
and size was utilized for the quantification of adventitial
vasa vasorum in balloon-injured coronary arteries [18].
Vascular number and volume were brought in to depict
patterns of arterial growth and quantify blood vessels [37].
However, the 2D analysis did not fully represent the characteristics of the volumetric vascular networks and therefore had limited accuracy. Three-dimensional (3D) analysis
of vessel number and volume was suitable to evaluate the
therapeutic effect of placental growth factor-1 in a mouse
ischemic hindlimb [19]. The osseous network morphological parameters such as connectivity and degree of anisotropy were borrowed for the analysis of collateral vascular
network development after ischemic injury [6]. Morphological parameters offer robust quantification of vascular
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networks. However, this treats the vascular networks as one
monolithic piece, missing vasculature-specific properties
such as vascular length, vessel junction and vessel segment.
Topological parameters have also been investigated,
which are closely related to the network analysis of blood
vessels. Generally, the calculation of topological parameters is based on the centerlines of the vascular networks,
i.e., skeletons, which are the medial axes along the tubular blood vessels [12]. A 2D quantitative image analysis method was proposed for in vitro angiogenesis assays
via lengths and junctions of the tubule complexes [20].
Besides, length, number of lines, and mean diameter of
the thickest line were used to investigate and evaluate the
3D angiogenesis in a tissue-engineered bone construct [1].
Furthermore, both morphological and topological parameters, including vessel volume, vessel surface, degree of
anisotropy, connectivity density, thickness, junction, were
employed for the 3D quantification of angiogenesis in the
brain [13, 14].
Although morphological and topological parameters
have been applied to the quantification of vascular networks in various biomedical applications, they were calculated with a wide range of image resolutions from 900 nm
[29] to 188 μm [37], whose results and conclusions are difficult for comparison. In [6], vascular parameters (including vascular volume, connectivity, number, thickness,
separation and degree of anisotropy) were compared at a
resolution of 16, 20, 30 and 36 μm. Their results showed
that all the vascular parameters were affected by the altered
resolutions. However, neither the sensitivity analysis of the
vascular parameters at multiple resolutions nor the distinguishability estimation of vascular parameters from different data groups has been discussed.
In this study, we proposed a quantitative analysis method
of vascular parameters by (1) analyzing the sensitivity of
vascular parameters for multi-resolution images and (2)
estimating the distinguishability of vascular parameters
from different data groups. The sensitivity analysis and distinguishability estimation of vascular parameters, including
four morphological and six topological parameters, were
conducted on 3D multi-resolution images. To facilitate the
calculation of the topological parameters, an adaptive centerline extraction method was presented to extract the centerlines of 3D vascular networks. Combining (1) with (2),
we designed a hybrid formulation to estimate the integrated
performance of vascular parameters in a multi-resolution
framework and to select the consistent and robust parameters for all of the observed scale images. The proposed
method was tested on both the simulated vascular network
data with multiple resolutions and the micro-computed
tomography (micro-CT) imaging data which were reconstructed at different pixel sizes.
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2 Methods
Centerline extraction of vascular networks is a prerequisite for the calculation of topological parameters. Hence,
an adaptive centerline extraction method was developed in
the first place. The calculation of vascular parameters and
the established method for quantitative analysis of vascular
parameters for vascular networks in multi-resolution framework were followed.
2.1 Adaptive centerline extraction
Earlier studies extracted the centerline based on 2D cross
sections by manually and interactively marking it pointby-point [33, 34]. These methods precisely extract the
centerlines of tubular objects, but are not fully automatic.
The automatic 3D centerline extraction methods were then
developed, which primarily included topological thinning
and distance coding. The topological thinning removes
the boundaries of volumetric vascular networks iteratively
layer by layer [24], which is time-consuming. The distance
coding, i.e., distance transform, has higher efficiency and
is popular [4, 12, 16, 26]. Unfortunately, most of the distance coding methods either hug the corner or need additional post-processing techniques to tune the centerlines
[36].
Based on distance coding, Wan et al. [32] proposed an
automatic centerline extraction method. This method firstly
converts the 3D vascular volume with the same distance
from the boundary (DFB) into a 3D-directed-weighted
graph. Secondly, it builds up a minimum-cost spanning
tree from the weighted graph using the modified Dijkstra’s
shortest path technique. Finally, it extracts colon’s centerline by tracing back the minimum-cost spanning tree.
Because of not hugging the corner, the method performs
well for single connective vascular networks, such as the
colon and small bowel. However, it cannot be used immediately for the vascular networks with multiple connective
regions. In addition, one pixel width of the centerline is not
always satisfied in the complex vascular networks. Thus,
we modified the method of Wan et al. in the following three
aspects in this paper:
• The structure of the vascular network in this paper is
more complex and includes more than one connective
region. Thus, we automatically marked all the connective regions in the first place by constructing the distance from the seed point (DFS) field [36]. In detail, all
the vascular voxels were assumed to be the seed points,
from which the DFS fields were constructed. The seed
points that have been visited by others’ DFS fields were
gradually removed. Finally, all the connective regions
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were marked with DFS-field values, and only one seed
point was reserved in each connective region.
• The source points of Wan et al.’s method were either
manually specified or automatically selected the bottom voxel among all of the voxels [32]. However, the
automatic strategy is not suitable for the vascular network with multiple connective regions. In this paper, we
employed the spread of the DFS field to select the source
point of the centerline in each connective region. After
marking the connective regions, we obtained all of the
seed points. Thus, we regenerated the DFS field starting
from the seed point in each connective region, and the
voxel with the maximum DFS-field value was selected as
the source point of the corresponding connective region.
• Wan et al.’s method performed well for colon and small
bowel; however, one pixel width of the centerline was not
always satisfied near bifurcations in complex vascular
networks. This is illustrated by a junction of blood vessels
in 2D (Fig. 1a). The red pixels compose the main centerline, while the blue pixels form a branching centerline.
When the branching centerline meets the main centerline,
it does not merge into the main centerline immediately
until it follows along several pixels, which brings about
the multiple pixel width of the centerline. After inspecting the geometry characteristic of the vascular networks,
we found that there was more than one pixel in this case
at the vertical direction of the centerline having the same
DFB field value, resulting in that the centerline was not
theoretically unique. For the merged pixels (within the
black boxes of Fig. 1a), the Euclidean distances from
either the pixels of the main centerline (red pixels within
the black boxes) or the pixels of the branching centerline
(blue pixels within the black boxes) to the boundary pixels were the same. To solve this problem, Gaussian noise
was added to the original DFB field, which aimed to differentiate the pixels with the same DFB field values so as
to cope with the multiple pixel width of the centerline. It
was noted that the Gaussian noise could not change the
order of the original DFB field values, because the order
determined the accuracy of the centerline position. On
the other hand, the Gaussian noise should have the ability
to make the same DFB field values be different. Empirically, an infinitesimal intensity can meet the requirements. Thus, the parameters of the Gaussian noise were
assumed as μ = 0 and σ = 10−10, where the non-uniqueness as well as the multiple pixel width of the centerline
could be avoided (Fig. 1b).
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Step 2: Select the source point for each connective
region.
Step 3: Construct the DFB field added with Gaussian
noise (μ = 0, σ = 10−10) for each connective region.
Step 4: Extract the centerline on each connective region
based on the DFB field of Step 3 using the method in
[32].
2.2 Vascular parameters
From both the morphological and topological parameters,
ten mostly commonly used parameters were investigated
as representatives in this study, including vascular volume (VV), vascular area (VA), degree of anisotropy (DA),
connectivity density (CD), vascular length (VL), vascular thickness (VT), vascular junction (VJ), junction degree
(JD), segment number (SN) and segment tortuosity (ST).
The preclinical importance of all the above vascular parameters is demonstrated and concluded in Table 1.
After binary manipulation of the vascular network data,
VV (mm3) and VA (mm2) can be obtained based on discrete
voxels. DA represents the degree to which the vascular network is oriented toward a specific direction. It is measured
by determining the mean intercept length of blood vessels
as a function of direction [9]. Connectivity is defined as
the maximal number of branches that can be broken within
a structure before it is divided into two separate parts [6].
Based on the Euler characteristic, CD (mm−3) is determined by using the method in [22].
Using our proposed adaptive centerline extraction
method, centerlines of vascular networks were generated.
VL (mm) is the length of the centerline, which is calculated by Euclidean distance. VT (mm) is defined as the
mean DFB field value of the pixels on centerlines. VJ is the
number of intersection points of connected centerlines. JD
denotes the number of blood vessels connected to the same
junction. A segment is defined as a piece of blood vessel
connecting two vascular junctions. SN is the summation
of all of the vascular segments. ST is denoted as the segment length divided by the minimum distance between the

The procedure of the proposed adaptive centerline
extraction is given as follows.
Step 1: Mark all the connective regions by constructing
the DFS field.

Fig. 1  Schematic of multiple pixel widths of the centerlines. a Centerline extraction before adding Gaussian noise. b Centerline extraction after adding Gaussian noise
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Table 1  Preclinical importance of vascular parameters
VV

Quantify arterial growth [37], therapeutic effect of placental growth factor-1 [19] and collateral vessel development [6] in hind limb
ischemia and angiogenesis in mouse brain after transgenic over-expression of VEGF165 [14]

VA

Assess adventitial vasa vasorum in balloon-injured coronary arteries [18], arterial growth in hind limb ischemia [37] and angiogenesis in
mouse brain after transgenic over-expression of VEGF165 [14]

DA Analyze collateral vessel development after ischemic injury [6] and angiogenesis in mouse brain after transgenic over-expression of
VEGF165 [14]
CD Analyze collateral vessel development after ischemic injury [6] and angiogenesis in mouse brain after transgenic over-expression of
VEGF165 [14]
VL

Assess microvasculature of mouse latissimus dorsi muscle [3], angiogenesis on co-culturing endothelial cells with fibroblasts [20] and
angiogenesis in a tissue-engineered bone construct [1]

VT

Assess microvasculature of mouse latissimus dorsi muscle [3], adventitial vasa vasorum in balloon-injured coronary arteries [18], arterial
growth [37] and collateral vessel development [6] in hind limb ischemia

VJ

Quantify angiogenesis on co-culturing endothelial cells with fibroblasts [20] and angiogenesis in mouse brain after transgenic over-expression of VEGF165 [14]
Quantify angiogenesis in mouse brain after transgenic over-expression of VEGF165 [14]

JD
SN

Quantify arterial growth [37] and therapeutic effect of placental growth factor-1 [19] in hind limb ischemia and angiogenesis in a tissueengineered bone construct [1]

ST

Assess microvasculature of mouse latissimus dorsi muscle [3]

two junctions [14]. Hence, the more the segment tortuosity
approaches unity, the straighter the segment.
2.3 Quantitative analysis of vascular parameters
in multi‑resolution frameworks
2.3.1 Notation
Vascular parameter is defined as x, where
x ∈ {VA, DA, CD, VL, VT , VJ, JD, SN, ST }. For each
vascular parameter x, its values can be calculated through
all data groups and resolutions. The values of each vascular parameter are assembled into a matrix, which is
denoted by A(x) with a size of M × N, where M is the
number of data groups and N is the number of resolutions.
Element Ak,i(x) represents the value of vascular parameter x at the kth data group and the ith resolution. Matrix
A(x) can be written as A(x) = [c1(x), c2(x),…,cN(x)], where
ci (x) = [A1,i (x), A2,i (x), . . . , AM,i (x)]T , (i = 1, 2, …, N) is
a column vector, denoting the values of vascular parameter x at different data groups with the same (ith) resolution. A(x) can also be rewritten as A(x) = [r1T(x), r2T(x), …,
rTM(x)]T,
where
rk (x) = [Ak,1 (x), Ak,2 (x), . . . , Ak,N (x)],
(k = 1, 2, …, M) is a row vector, denoting the values of
vascular parameter x at different resolutions within the
same (kth) data group.
2.3.2 Sensitivity analysis of vascular parameters
Different vascular parameters have been used to quantify
the vascular networks, but they are calculated with a great
discrepancy in imaging resolutions [29, 37], which makes
the comparison of their results meaningless. In this paper,
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we attempt to analyze the sensitivity of vascular parameters
for the multiple resolutions, in order to provide guidance
for the quantitative study with different resolutions.
The sensitivity of a vascular parameter for multi-resolution images is defined as:
N

N


1 
ci (x) − cj (x)2 ,
F1 (x) =
2

(1)

i=1 j=1

where x ∈ {VA, DA, CD, VL, VT , VJ, JD, SN, ST }. ci(x)
and cj(x) are two column vectors of A(x) that are normalized, denoting the values of vascular parameter x with the
ith and jth resolution, respectively.
2.3.3 Distinguishability estimation of vascular parameters
The performance of vascular parameters on the distinguishability between different data groups is also estimated in
this paper. For the quantification of vascular networks in
the computer-assisted diagnosis, vascular parameters are
requested to maximally distinguish the quantities from
different data groups. This can be modeled by maximizing the differences in different data groups with the same
resolution.
On the other hand, the changing trends of vascular
parameters have to abide by the ground truth, because
different changing trends among data groups can obtain
similar differences in different data groups. In this paper,
vascular volume (VV) was regarded as the ground truth
parameter to estimate the other vascular parameters. This
is rational because as the most commonly used parameter for 3D quantification of vascular networks [15, 19], it
has turned out to be a 3D equivalent parameter to the 2D
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vascular density, which is treated as the golden standard
[35].
The distinguishability of a vascular parameter from different data groups is defined as:

F2 (x) =

1
τ (x) ·
2

M 
M 

k=1 l=1

2

 T
rk (x) − rlT (x) ,

(2)

2.3.4 Integrated performance of vascular parameters
To facilitate the comprehensive assessment, we designed a
hybrid formulation to estimate the integrated performance
of vascular parameters during the quantification of vascular
networks in a multi-resolution framework. The hybrid formulation encompasses the following two parts. Firstly, the
optimal parameter is insensitive to the variation of vascular
networks at different resolutions. This part can be modeled
as x̂ = arg minF1 (x). Secondly, the optimal parameters can
better distinguish the vascular networks from different data
groups. This part can be described by x̂ = arg maxF2 (x).
Incorporating the two parts together, the following hybrid
formulation can be obtained:
(3)

where λ is defined as a weighing parameter, which is
applied to adjust the weight between F1(x) and F2(x).
The vascular parameters that are insensitive to multiresolution but can better distinguish the vascular networks
from different data groups must minimize the function of
F(x). Substituting Eqs. (1) and (2) in Eq. (3), the following
equation is obtained:

F(x) =

N N

1 
ci (x) − cj (x)2 −  · τ (x)
2
2
i=1 j=1

·

M 
M 

k=1 l=1

N

1 

(ci (x) − cj (x))T (ci (x) − cj (x)) − · τ (x)
2
2
i=1 j=1

·

M
M 


(rkT (x) − rlT (x))T (rkT (x) − rlT (x)).

(5)

k=1 l=1

where x ∈ {VA, DA, CD, VL, VT , VJ, JD, SN, ST }. rk(x)
and rl(x) are two row vectors of A(x) that are normalized,
denoting the values of vascular parameter x from the kth
and lth data group, respectively. τ(x) is the linear correlation coefficient of vascular parameter x with the ground
truth parameter VV, which is calculated after column by
column reshaping the matrix of the vascular parameter
A(x) and the matrix of VV over all data groups and all resolutions into a column vector, respectively. Thus, τ(x) is
mainly manifested in the performance of the distinguishability of vascular parameter x from different data groups
compared with VV.

x̂ = arg minF(x) = arg min{F1 (x) − F2 (x)},

N

F(x) =

(4)

2

 T
rk (x) − rlT (x) .

According to the definition of 2-norm, Eq. (4) can be
expanded as:

Finally, F(x) can be reduced to


  

F(x) = N · tr AT (x) · A(x) −
A(x) · AT (x) − 
e


  

T
·τ (x) · M · tr A(x)·A (x) −
A(x)·AT (x) ,
e

(6)
where tr(·) denotes the trace of a matrix, i.e., the summation of the elements on the main diagonal, and Σe(·)
denotes the summation of every element of a matrix.
When λ = 0, F(x) = F1(x), the optimization objective
function only involves the sensitivity of vascular parameters to multi-resolution. In contrast, when λ = + ∞,
F(x) ≈ − λF2(x), the optimization objective function only
considers the distinguishability of vascular parameters
from different data groups.
To equally incorporate the sensitivity to multi-resolution
(F1(x)) and the distinguishability from different data groups
(F2(x)), λ should have identical restrictions between F1(x)
and F2(x). In this case, λ is approximated to the ratio of the
expectation of F1(x) to the expectation of F2(x), denoted as
λeq

eq =

1
p
1
p



F1 (x)


F1 (x)
= x
,

x F2 (x)
x F2 (x)
x

(7)

where p is the number of vascular parameters. Thus,
when we substitute λ with λeq in Eq. (6), F(x) can properly guide the estimation of the integrated performance
of vascular parameters, because it equally takes the sensitivity and distinguishability of vascular parameters into
account.
2.4 Experimental data
To illustrate the feasibility of the established method for
quantitative analysis of vascular parameters in a multiresolution framework, two groups of data were employed
as representatives in this study. The first one was a group
of data from the synthesized vascular datasets [11]. The
group of data was composed of 12 vasculatures, whose
networks were substantially more and more complex.
Based on the 12 vasculatures (data 1–12) from the synthesized vascular datasets, the vascular data with five
types of pixel sizes were generated by the following
decimation:
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Iout (nx , ny , nz ) =
P−1
S−1
 Q−1


Iin (nx D − p, ny D − q, nz D − s) · h(p, q, s), (8)

p=0 q=0 s=0

where Iin is the original vascular data, Iout is the decimated vascular data, and D is the sampling interval.
D = 1, 2, 3, 4, 5 denotes that the pixel sizes of the decimated vascular data are single, double, triple, quadruple
and quintuple of the original one. h(p, q, s) is a smoothing filter used to make the decimation match the resolution degradation of micro-CT imaging. P, Q and S are the
sizes of vascular data along the three orthogonal directions.
There were 12 vascular datasets for each resolution, resulting in a total of 60 simulated vascular datasets.
The second one was acquired by our home-developed
micro-CT imaging system, for the fact that computed
tomography was an importance modality in the image
processing and analysis of blood vessels [8, 25]. We
used standard methods for vascular corrosion casting of
an adult rat [5]. In brief, an adult rat was injected with a
casting medium through the heart’s apex, followed by
maceration of soft tissue and decalcification of surrounding bone. Eight regions of lung vascular networks were
dissected from the remaining vasculature. Anatomical
images of these vascular networks were acquired by our
home-developed micro-CT imaging system. The cone
beam micro-CT system consisted of an X-ray tube (Apogee series 5000, Oxford Instruments, CA) with a focal spot
size of 35 μm, and a high-resolution CCD X-ray detector
(C7942CA-22, Hamamatsu, Japan) with a 2344 × 2240
pixel array and 50-μm pixel size. The scan was performed

with X-ray parameters of 50 kVp, 0.95 mA, 480 projections and 0.55-s exposure per projection. The eight anatomical images were reconstructed using the 3Dmed software 4.0 (http://www.3dmed.net) with a voxel size of 50,
100, 150, 200 and 250 μm, respectively. The reconstruction with different pixel sizes mimicked micro-CT imaging with different resolutions, where the partial volume
effect was ignored to simplify the procedure. There were
40 images that were segmented with the same threshold.
Specifically, the eight groups of vascular data with a voxel
size of 50 μm are shown in Fig. 2.

3 Results
The developed adaptive centerline extraction method was
first validated in the first subsection, and then, the established method for quantitative analysis of vascular parameters was evaluated with the synthesized vascular dataset
and micro-CT imaging data.
3.1 Validation of the adaptive centerline extraction
method
One vasculature from the synthesized vascular datasets (Fig. 3a) was used to validate the performance of the
adaptive centerline extraction method. Compared with the
method of [32], the proposed method could properly singularize the centerline and assure one pixel width of the
centerline (see the yellow arrow in Fig. 3b, c). The results
demonstrated that the proposed adaptive centerline extraction method could properly avoid the multiple pixel width

Fig. 2  Eight groups of vascular data of micro-CT images with a voxel size of 50 μm dissected from the casting lung vasculature
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problem and facilitate the accurate calculation of vascular
parameters.
After validation using the simply connected synthesized data, we further tested the performance of the adaptive centerline extraction method on micro-CT imaging
data (Fig. 3d). As shown in the circled area of Fig. 3e, f,
the proposed adaptive centerline extraction method had
superior ability in recognizing and extracting the centerline located in disconnected regions than in the previous
method from [32]. The results demonstrated the feasibility of the proposed method in extracting the centerline
with multiple connective regions. We noted that both
the proposed centerline extraction method and the one
in [32] did not have the multiple pixel width problems
because of the rugged geometric structure of this microCT imaging data. This geometric structure could eliminate the phenomenon that there was more than one pixel
at the vertical direction of the centerline with the same
DFB field value, and thus, the centerline was theoretically unique.

3.2 Experiments on simulated multi‑resolution data

Fig. 3  Results of the centerline extraction. a One vascular dataset from the synthesized vascular dataset. b Result of the centerline
extraction on synthesized vascular dataset with the method from [32].
c Result of the centerline extraction on synthesized vascular dataset

by the proposed method. d Micro-CT imaging data. e Result of the
centerline extraction on micro-CT imaging data with the method from
[32]. f Result of the centerline extraction on micro-CT imaging data
with the proposed method

The proposed quantitative analysis method of vascular
parameters for vascular networks of multi-resolution was
preliminary tested on simulated multi-resolution data. The
centerlines of the simulated multi-resolution vascular networks were extracted by our adaptive centerline extraction
method. The vascular parameters were calculated and then
normalized (to make sure every parameter was quantified in the same order of magnitude) as shown in Fig. 4.
We could see that the ground truth VV was most insensitive to the changing in resolutions, because it had minimal
variations among the 5 different resolutions (single, double, triple, quadruple and quintuple) in each data group. In
addition, DA and JD also had superiority in depressing the
influence of multi-resolution. VT, JD and ST were nearly
constant among the 12 data groups (data 1–12) for each
resolution, which indicated that they were not suitable for
distinguishing the different vascular networks. However,
we could neither quantitatively analyze the sensitivity or
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Fig. 4  Results of vascular
parameter calculation on the
simulation data. The x axis
represents the different vascular
data groups (i.e., data 1–12),
and the y axis represents the
normalized value of the corresponding vascular parameter.
Five types of color denote the
five types of resolution

distinguishability separately nor evaluate the hybrid performance of vascular parameters only from Fig. 4. Thus, we
applied the proposed quantitative analysis method of vascular parameters to the simulated multi-resolution data.
The sensitivity analysis of vascular parameters was
conducted when λ = 0 in Eq. (6), where the optimization
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objective function F(x) was reduced to F1(x). The optimization objective function only took the sensitivity of vascular
parameters to multi-resolution into account, whose results
are given in Fig. 5a. DA and JD were the two most insensitive parameters, and their values were nearly irrelevant
with resolution degradation. In contrast, VJ was the most

Med Biol Eng Comput (2016) 54:511–524

Fig. 5  Quantitative analysis results of vascular parameters in multiresolution framework on the simulation data. a Result of distinguishability and sensitivity of vascular parameters, where the x axis rep-
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resents the sensitivity analysis (λ = 0) and the y axis represents the
distinguishability estimation (λ = 1000). b Result of integrated performance of vascular parameters (λ = λeq)

Fig. 6  Results of the test for robustness of the proposed quantitative analysis of vascular parameters in multi-resolution frameworks

sensitive parameter and its value altered dramatically with
the changing in resolutions.
The distinguishability estimation of vascular parameters was carried out when λ = 1000 in Eq. (6), where
F(x) ≈ − λF2(x). The optimization objective function only
reflected the distinguishability from different data groups,
whose results are also given in Fig. 5a. VA, CD, VL, VJ
and SN could better distinguish the quantities of the vascular network from different vascular data groups and abide

by the ground truth (VV), because they minimized F(x)
(or −λF2(x)). The other vascular parameters (DA, VT, JD
and ST) were not suitable for distinguishing the vascular
network.
As shown in Fig. 5b, when λ = λeq (1.0245), the sensitivity and distinguishability were treated equally. Among
the nine parameters, VA, CD, VL and SN were the optimal
parameters that minimized the optimization objective function (F(x)), indicating they not only were insensitive to
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multi-resolution but could also better distinguish the vascular networks from different data groups.
In order to test the consistency of the integrated performance of vascular parameters, we reduced the number of vascular data groups from 12 to 2. In more detail,
the quantification estimation was implemented on data
1–12, data 1–11, data 1–10, data 1–9, data 1–8, data
1–7, data 1–6, data 1–5, data 1–4, data 1–3 and data 1–2
from the synthesized vascular datasets, respectively. The
weighing parameter λ is λeq, whose value is calculated
by Eq. (7) on each data combination, respectively. The
result of minimizing the optimization objective function
(F(x)) is shown in Fig. 6. With the number of groups in
the testing data reduced from 12 to 2, the parameters VA,
CD, VL and SN were always the optimal vascular parameters that minimized the optimization objective function
(F(x)) better, which demonstrated their consistency for
all of the observed scale images. Therefore, the robustness of the proposed quantitative analysis of vascular
parameters for vascular networks of multi-resolution
was validated.
3.3 Experiments on rat vascular cast data
After centerline extraction of the lung vascular networks by
our proposed method, the ten parameters were calculated
as shown in Fig. 7. The results on the micro-CT imaging
data were quite consistent with those on the simulation
data. VV, DA and JD still had smaller variations among the
5 different resolutions, demonstrating their superiority in
the depression of multi-resolution influence. Meanwhile,
VT, JD and ST were nearly constant among the different
data groups on each resolution, indicating their unsuitability for distinguishing the different vascular networks. Then,
we applied the proposed method to the micro-CT imaging
data to quantitatively analyze the performance of vascular
parameters in multi-resolution frameworks.
The sensitivity analysis of vascular parameters was conducted when λ = 0 in Eq. (6). The optimization objective
function only took the sensitivity of vascular parameters
to multi-resolution into account, whose results are shown
in Fig. 8a. DA and JD were still the two most insensitive
parameters that were nearly irrelevant with resolution degradation. VJ was the most sensitive parameter, and its value
altered dramatically with changing resolutions.
The distinguishability estimation of vascular parameters was conducted when λ = 1000 in Eq. (6). The optimization objective function only reflected the distinguishability of vascular parameters from different data groups,
whose results are also given as Fig. 8a. VA, CD, VL, VJ
and SN could still distinguish the quantities of the vascular networks better from different vascular data groups and
abide by the ground truth (VV). The other four vascular
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parameters (DA, VT, JD and ST) were worse for distinguishing the vascular network.
When λ = λeq (0.8498), the sensitivity to multi-resolution and the distinguishability from different groups were
treated equally. The results are given in Fig. 8b. Among
the nine parameters, VA, CD, VL and SN were still optimal
parameters, which not only were insensitive to multi-resolution but could also better distinguish the vascular networks from different data groups.
The quantitative analysis results of vascular parameters
for vascular networks of multi-resolution on micro-CT
imaging data were the same as the results on synthesized
data, which proved the robustness of VA, CD, VL and SN
for the quantification of the vascular networks in a multiresolution framework.

4 Discussion
The proposed adaptive centerline extraction method was
suitable for the multiple connective regions by region
marking and source point selection. The method also
guaranteed the single pixel width of centerlines by adding
Gaussian noise. All the morphological vascular parameters
(VV, VA, DA and CD) were precise, because their calculation was independent of the centerline. Among the topological vascular parameters, VT, VJ, JD and SN were immune
from Gaussian noise. The Euclidean distances from these
multiple centerline points to boundary pixels were the
same. No matter which centerline point was selected, the
value of VT was invariant. The singularized centerline
made the position of the junction more precise, and thus,
the junction-related VJ, JD and SN were more accurate
than the method of Wan et al. [32], as long as the intensity of Gaussian noise was infinitesimal. VL and ST were
affected by Gaussian noise. In the worst case, a vasculature
has a unique thickness and its whole centerline is affected
by the multiple pixel width problem. After our singularization by the adaptive centerline extraction method, the centerline will randomly recruit the multiple centerline points
in the direction vertical to the reconstructed centerline. In
this case, the centerline will be rugged and the VL and ST
will be overestimated. We will be devoted to handling this
problem in the future. Generally, vasculature has a varying
thickness instead of a unique thickness, where the overestimation of VL and ST caused by the proposed adaptive centerline extraction method can be neglected. Compared with
the method of Wan et al., the proposed adaptive centerline
extraction method in this paper improved the accuracy of
calculating the vascular parameters.
The results of the sensitivity analysis and distinguishability estimation of vascular parameters on both the simulated dataset and micro-CT imaging data were consistent.
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Fig. 7  Results of vascular
parameter calculation on microCT imaging data. The x axis
represents the different vascular
data groups (i.e., data 1-8), and
the y axis represents the normalized value of the corresponding
vascular parameter. Five types
of color denote the five types of
resolution

However, there were some subtle deviations between the
results of the two groups of data (Figs. 5, 8), which were
probably caused by the differences in the structure of the
vascular networks, the acquisition of multiple resolutions
and the error in the calculation of vascular parameters.
Nevertheless, these deviations did not affect our selection

of consistent and robust vascular parameters for all of the
observed scale images.
VV was regarded as the ground truth to estimate the
distinguishability of other vascular parameters in this
paper, because it was the golden standard in the 3D quantification of vascular networks. Besides, VV also had good
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Fig. 8  Quantitative analysis results of vascular parameters in multiresolution framework on the micro-CT imaging data. a Result of
distinguishability and sensitivity of vascular parameters, where the x

Med Biol Eng Comput (2016) 54:511–524

axis represents the sensitivity analysis (λ = 0) and the y axis represents the distinguishability estimation (λ = 1000). b Result of integrated performance of vascular parameters (λ = λeq)

Fig. 9  Results of sensitivity analysis of all the vascular parameters. a Simulation data. b. Micro-CT imaging data

performance in the sensitivity analysis in both the simulated
dataset and micro-CT imaging data. As shown in Fig. 9, the
sensitivity of VV to multi-resolution was almost the same
as that of DA and JD. The superior property of VV was also
manifested in [6].
Based on the ground truth parameter VV, the purpose
of this paper is to select the vascular parameters that are
suitable for the quantification of vascular networks of
multi-resolution. Therefore, each of the optimal vascular
parameters selected by the proposed quantitative analysis method can be individually applied to the quantification of vascular networks of multi-resolution. However, all
the optimal vascular parameters selected by the proposed
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method are highly correlated with the ground truth parameter VV, which leads to the information redundancy among
these optimal vascular parameters. In order to increase the
information, we should select the vascular parameters that
are insensitive to multi-resolution and provide different
values from different data groups, but have low correlations with VV. Based on this method, the selected optimal
vascular parameters may reflect the other characteristics
of vascular networks, although the vascular parameters at
the moment do not abide by the ground truth quantities of
vascular networks (VV). The quantitative analysis method
incorporating the above consideration will be investigated
in the future.

Med Biol Eng Comput (2016) 54:511–524

To the best of our knowledge, this was the first time that
the vascular parameters have been fully quantitatively analyzed and estimated from the perspective of sensitivity and
distinguishability. The selected optimal vascular parameters can be used straightforwardly for the clinical and preclinical quantification of vascular networks. However, there
were some drawbacks. Before the quantitative analysis, we
had to obtain the vascular parameters. The calculation of
vascular parameters, especially the topological parameters,
was complex and time-consuming. This problem was noteworthy because the 3D micro-CT imaging data were generally large, which could be overcome in the future by relying on the state-of-the-art computing techniques, such as
GPU and cloud computing.

5 Conclusions
In conclusion, this paper has proposed a quantitative analysis method of vascular parameters for vascular networks
of multi-resolution. The method was applied on simulated
vascular networks data with multi-resolution and microCT imaging data which were reconstructed at different
pixel sizes. The results suggested that DA and JD were two
insensitive parameters that were nearly irrelevant with resolution degradation. VA, CD, VL, VJ and SN had the ability to better distinguish the quantities of vascular networks
from different vascular data groups and also abide by the
ground truth (VV). VA, CD, VL and SN were the optimal
parameters, which not only were insensitive to multi-resolution but could also better distinguish the vascular networks from different data groups. The method presented
herein can offer guidance for the quantification of vascular
networks and is helpful for the clinical study of vasculature-related diseases.
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