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Abstract

A new method for fully automated centerline extraction and quantification of microvascular structures in confocal microscopy (CM)

images is presented. Our method uses the idea of active contour models as well as path planning and distance transforms for the three-

dimensional centerline extraction of elongated objects such as vessels. The proposed approach is especially efficient for centerline extraction

of complex branching structures. The method performance is validated in several CM images of both normal and stroked rat brains as well as

simulated objects. The results confirm the efficiency of the proposed method in extracting the medial curve of vessels, which is essential for

the computation of quantitative parameters.

q 2003 Elsevier Ltd. All rights reserved.
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1. Introduction

Numerous three-dimensional (3D) visualization tools

exist to process and visualize thin 3D structures such as

vessels. The most common tool is maximum intensity

projection (MIP), which is a very simple ray tracer [1]. It

generates a 2D projection of 3D object along a single

direction, leading to some drawbacks such as visual

occultation of vessels and artificial crossings that can only

be detected by matching on several other projections [1].

Also, quantitative parameters such as diameter, length and

volume of vessels, which are beneficial for diagnosis,

planning surgery and therapy, are not accurately estimated.

So, an accurate processing of the 3D images is required for a

reliable visualization and proper extraction of the vessel

parameters. Obtaining the 3D main structure or the center-

line of the objects has received a great attention in recent

years for its applications in data compression, medical

image analysis, path planning, etc. Moreover, centerline

extraction is the first and the most important step for

quantification of tubular objects such as vessels. A number

of methods for 3D skeletonization or centerline extraction of

objects have been introduced in recent years, which are

mostly extensions of 2D methods.

The most popular methods for skeletonization are

distance transform (DT)-based techniques [2–7], which

tend to determine medial points by locating voxels lying

farthest with respect to the boundary of the object on its cross-

section normal to the local major axis. The method was first

introduced by Blum [2], in which the DT of object voxels

with respect to boundary voxels was used to determine

maximal balls (disks) within a 3D (2D) object. The maximal

balls are sphere-like sets of connected voxels with maximum

radius, which are completely contained in the object but not

in any other ball in the object. It has been shown that any

object can be fully represented by the set of its maximal balls

[3], whose set of centers gives the skeletal voxels.

Thinning methods are another category of skeletoniza-

tion [8–12]. The idea is to apply morphological erosion

operators to successively ‘peel off’ the outer layer of

the object until it is reduced to its skeleton. To prevent
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over-thinning of the object, the deletion of the object end-

points should be avoided and only boundary voxels whose

removals do not affect the connectivity and structural

topology should be removed. Most of the proposed 3D

thinning methods extract the medial surface of the object

where other algorithms are needed to obtain the medial

curve from the medial surface [10,13]. These methods are

generally faster than the DT-based methods, but the

extracted skeleton might contain extra or missing skeleton

branches.

Another type of centerline extraction technique is called

the path planning method [14–16], which has applications

in virtual endoscopies and robotic path planning. The idea is

to choose an initial path along the object, connecting two

given points. The path is then adjusted toward the central

axis.

A major drawback of all these methods is that the user

must define the start- and end-points of the paths. This is a

very tedious and almost impossible task when dealing with

complex and branching structures like vessels. In our

previous work [17,18], we automated the end-point

identification using a distance map and applied it for

centerline extraction of vascular structures.

Some other works have focused only on vessel

detection and quantification [19], where a multi-scale

approach with a Gaussian modeling of the intensity profile

inside the vessels is used. The convolution of the image

with a series of Gaussian kernels with different standard

deviations gives a scale-set of images where centerlines

are detected as local extremes of a response function,

designed for a set of models [20,21]. In another work

[22], the authors estimated the centerline after segmenting

the image by skeletonization. These works use convolu-

tions with several Gaussian kernels and thus are time-

consuming. The skeletonization methods based on fuzzy

theory [23], neural networks [24], and generalized

potential field [25], are also very slow, though they

produce accurate and reconstructable skeletons.

For quantification of vessels, a 3D skeletonization

approach should be time efficient for processing a large

real dataset and fully automated for the centerline extraction

of any branching structure. The extracted skeletons should

be accurately centered with distinguishable parts and a thin

connected centerline.

In this paper, we present a novel method for fast and

accurate extraction of centerlines of 3D elongated objects

with the desired features mentioned earlier. The method

can be effectively applied to the complex branching

structures in vascular images. The extraction process

does not require any user interaction or prior knowledge

of the object shape. We have applied this method to

several confocal microscopy (CM) datasets to evaluate

the results. However, the technique is general and can be

applied to other 3D image datasets for centerline

extraction. In Section 2, the proposed algorithm is

presented, while the improvements to the method are

described in Section 3. In Section 4, the experiments and

results are given and finally summary and conclusions

are given in Section 5.

2. Proposed centerline extraction algorithm

The goal is to extract a 3D centerline of any branching

object, hence the first step is to distinguish the different

branches of the structure. In doing so, we invoke the method

proposed in our previous work [17], to identify the end-

points of branches using a distance map from a predefined

reference point (RP). Next, a set of 26-neighbor voxels

called paths, connects each end-point to the RP [14]. A

voxel path connecting voxels V1 and Vn is defined as an

ordered sequence of voxels, {V1;V2;…;Vn21;Vn} such that

any two voxels Vi and Viþ1 have 26-connectivity. Each

voxel in the path is associated with its cumulative distance

back to the start voxel along the polyline connecting the

centers of path voxels in sequence [14]. Now the issue is to

move these paths toward the centerline of the object. For

this purpose, we employ a variant of the snake model,

introduced by Kass [26], where the paths are considered as

snakes. The snakes are evolved in order to minimize the

image potential energy, which is defined here as the gradient

of the computed distance map, as defined below, from the

boundary of the object. Forces are applied to the snakes to

shift them in the direction of decreasing the gradient. After a

few iteration, the snakes will be located at the center of the

object where the gradient field has its minimum value,

which is usually zero. During the translation of the voxels of

the snakes, the voxels might overlap with or get far from

each other. To obtain connected and fine paths as the

centerlines of the object, an up–down sampling on the final

snakes is performed. In the following, different stages of the

approach are described in detail.

2.1. Segmentation and surface extraction

After performing the required preprocessing tasks such

as filtering and thresholding as will be mentioned in Section

4, a binary structure of interest is segmented using a region-

growing algorithm [4]. The seed voxel for region growing is

the first foreground voxel met in scanning the image

sections. A region of 26-connected voxels is then grown

outward. The last voxel marked, is chosen as the Start Point

(SP) and also as the RP for the DT mapping. Having the

object segmented, the boundary surface, which is needed for

both gradient field construction and paths initialization, is

extracted.

2.2. Energy and gradient field construction

Using the object surface, the distance to the boundary is

computed using a front propagation procedure [4]. Perform-

ing the front propagation procedure on all voxels of
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the extracted surface, we compute the distance map,

denoted D, visiting only the voxels inside the object. For

all the voxels outside the object Dði; j; kÞ is assumed 21 and

for all voxels on the surface, Dði; j; kÞ is considered zero.

The value of D is increased for the central voxels as shown

in Fig. 1(a).

Interpreting the distance map D as a discrete 3D scalar

field, one can easily compute its approximate gradient for a

grid point by building finite differences in each of directions

i, j and k of the scalar field [6]:

Gði; j; kÞ ¼ 7Dði; j; kÞ

¼

0:5ðDði þ 1; j; kÞ2 Dði 2 1; j; kÞÞ

0:5ðDði; j þ 1; kÞ2 Dði; j 2 1; kÞÞ

0:5ðDði; j; k þ 1Þ2 Dði; j; k 2 1ÞÞ

0
BB@

1
CCA

¼

Gx

Gy

Gz

0
BB@

1
CCA ð1Þ

G is the gradient vector with the components of Gx; Gy

and Gz; respectively, in the directions of x, y and z. The

result of the discrete gradient computation is a 3D vector

field. In order to obtain a continuous gradient function in 3D

space, the gradient at the point ðx þ a; y þ b; z þ cÞ; where x,

y, and z are integer values and a, b, and c are real values

between 0 and 1, is approximated by standard trilinear

interpolation from the eight surrounding grid points as

follows [27]:

Gðx þ a; y þ b; z þ cÞ

¼ ð1 2 aÞð1 2 bÞð1 2 cÞGðx; y; zÞ þ að1 2 bÞð1 2 cÞ

£ Gðx þ 1; y; zÞ þ abð1 2 cÞGðx þ 1; y þ 1; zÞ

þ abcGðx þ 1; y þ 1; z þ 1Þ þ ð1 2 aÞbð1 2 cÞ

£ Gðx; y þ 1; zÞ þ ð1 2 aÞbcGðx; y þ 1; z þ 1Þ

þ að1 2 bÞcGðx þ 1; y; z þ 1Þ þ ð1 2 aÞð1 2 bÞ

£ cGðx; y; z þ 1Þ ð2Þ

Since the DT values increase towards the interior of the

object, the gradient vectors always point towards the center,

starting orthogonally to the boundary surface. One can

observe that the vector magnitude is smaller at the medial

curve than all other points (see Fig. 1(b)).

2.3. Initial path construction

With a voxel selected as the SP of the paths as

described in Section 2.1, the end-points of the branches

should be identified. The points which belong to the

surface of the object and have the local maximum

distance from SP, are defined as the end-points [17]. To

this end, we need to compute the DT map from the

reference point, SP, only for the voxels belonging to the

surface. This DT-coded surface can be used for initial

path construction. Computing the Euclidean distance map,

one can obtain the exact distance. In this work, we have

utilized an approximation to the Euclidean DT, which is

Chamfer DT with k3,4,5l metrics for its exclusive merits

[18,28]. The DT map is computed by assigning the SP

voxel a distance of zero and iteratively assigning values to

the neighboring voxels using weighted metrics: 3 for face,

4 for edge, and 5 for vertex neighbors.

Having the surface of the object coded, the computed DT

map is used to determine the voxels with the maximum DT

values. Each voxel on the surface is examined and compared

to its adjacent voxels to assess if it has the maximum code or

not. In order to avoid spurious end-points, we define a

Neighboring Window (NW) in which the selected end-point

must have the local maximum DT value. While small values

for NW lead to spurious endpoints, large values lead to

consuming much time without improving the result. A

compromise, therefore, should be made to determine the

optimum value for the NW. By trying different values of n

for the n £ n £ n NW, for different vascular objects, we

found the value of 7 (i.e. a 7 £ 7 £ 7 window) optimal.

The end-points determined based on the maximum code

might be a few voxels away from the central curves. These

points must ideally be at the centerline of the object, hence,

for improved accuracy, the endpoints can be shifted on the

surface of the object, in the direction of the gradient field.

With the end-points and the SP determined, the initial

paths can be generated on the surface, starting from each

end-point and finishing at the SP. The first path or the main
Fig. 1. (a) The distance transform map from the boundary. (b) The

computed gradient field [6].
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branch is constructed by connecting the end-point with the

maximum distance value to the selected SP by mono-

tonically decreasing in the distance. For any point in the

distance map, the set of all neighbors with lesser distance

values can be determined and this yields several possibilities

for traversing the distance map: steepest descent, median

descent and shallowest descent [14]. We preferred the

steepest descent method, since it connects the extreme

points with the shortest one-voxel-wide (thin) path. For the

rest of the end-points, if any, paths are constructed starting

from each end-point and terminating when a voxel on the

previous paths is reached. At the end of this stage, we have

paths with the number of object branches along with their

corresponding end-points and SP.

2.4. Path centering

In order to centralize the paths that were initially

constrained to lie on the surface of the object, we utilized

a variant of the snake model, proposed by Cuisenaire

[15]. In this model, the initial paths are considered as

snakes that must evolve to where the defined potential

energy has its minimum value. The image potential

energy is the distance map defined in Section 2.2. To

move the snake, the force derived from the gradient field

should be applied perpendicularly, as the parallel

component would only modify the sampling of the

snake and not its location. To remove the parallel

component, the force applied to each voxel of the snake

is defined as follows [15]:

FðvÞ
��!

¼ GðvÞ
��!

2
~v·GðvÞ
��!
lvl2

~v ð3Þ

where v is a voxel which belongs to the snake. The force

to be applied to the voxel is denoted by F. Applying this

force to each voxel, we drive the snake towards the center

of the object. The algorithm for centering the initial path

or snake in pseudo code is as follows:

Path-Centering Algorithm:

For n ¼ 1 to number of initial paths

Snake U initial path (n);

While the Snake is not stabilized do

For each voxel, v, belonging to the Snake:

Compute FðvÞ
��!

;

vnew U v þ wFðvÞ
��!

;

v U vnew;

End

End

CenteredPath(n) U Snake;

End

w is the weight for the applied force. To define when

the snake is stabilized, one can consider different criteria;

for instance, setting a limit for the number of iterations,

setting a minimum threshold for the force value applied to

each voxel or setting a minimum value for the total

applied force to the snake. In our method, the centering

algorithm ends when the total force magnitude for the

snake is less than 1 or the number of iteration exceeds

100. Normally, the paths are centered in less than 15

iterations (see Fig. 2).

3. Algorithm improvements

3.1. Up and down sampling

In the process of path-centering using the snake model,

the voxels generally may overlap with each other while

moving towards the central region of the object or become

separated giving rise to a non-connected centerline.

Disconnectivity particularly occurs near the end-points

of the branches where the gradient field is not zero.

Overlapping and disconnectivity are both sources of error

for the quantification of branches, such as length and

diameter estimation, and must be avoided. Thus, we apply

an up and down sampling on the centralized paths.

Moving on each path, redundant voxels are removed,

while additional voxels are inserted if two consecutive

voxels are not neighbors.

Fig. 2. (a) The initial paths on the surface. (b) The centered paths.
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3.2. Updating the start points of branches

In the path-centering stage, some part of two initial paths

which are converging to the central axis of the object, might

overlap. This is not apparent when the centerlines of the

object are illustrated. However, it results in a significant

error when extracting quantitative parameters, since a part

of the final centerline of the object is counted for more than

one branch. To avoid this problem, a simple algorithm is

developed to march on the final centerlines and update the

SP of each branch. For any path and starting from an end-

point, each voxels of the path is checked to assess if it

belongs to the previous paths and if so, this voxel is set as

the SP of the path.

4. Experimental results

The algorithm was implemented in MATLAB and was

run on a Pentium III PC with 1000 MHz CPU with 256MB

Fig. 3. (a) The simulated vessel. (b) The initial paths. (c) The extracted

centerlines.

Fig. 4. (a) A noisy frame with NSD of 20. (b) The 3D visualization of the

simulated object with NSD of 50.
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of RAM. The acquired gray-level images were bi-leveled

using a global threshold selected by inspecting the vessels

and background areas for a set of CM images. Median

filtering was also utilized to efficiently remove the isolated

islands and fill small holes due to imaging distortion and

noise.

4.1. Synthetic objects

We applied the proposed algorithm on simulated

objects. One shown in Fig. 3(a), is a simple 3D object.

The initial paths on its surface and the extracted

centerlines are illustrated in Fig. 3(b) and (c), respectively.

During the path-centering stage, the initial paths converge

to the central curves. As mentioned before, if the SP of

branches are not updated, their lengths may be signifi-

cantly overestimated. This case will certainly happen for

the test image, shown in Fig. 3(a), as the initial paths are

completely separated from each other except for the SP of

the main branch.

Noise sensitivity. To evaluate the noise sensitivity of

the proposed algorithm, we applied the algorithm to the

simulated image and computed the lengths and diam-

eters of the object in the presence of noise. The additive

noise to our 256-level images, is the zero-mean

Gaussian noise with a standard deviation ranging from

0 to 50. A 2D cross-section of the noisy image with

noise standard deviation (NSD) of 20 is shown in

Fig. 4(a) and the 3D visualization of the simulated

object with NSD of 50 is illustrated in Fig. 4(b). The

lengths and diameters versus the NSD obtained by our

method are shown in Fig. 5. Note that the typical NSD

derived for our CM datasets is about 15.3 where the

algorithm is immune to noise.

Fig. 5. The effect of noise on (a) the computed lengths and (b) diameters of

branches.

Table 1

The extracted features for normal and ischemia CM datasets

Dataset Number of vessels Total length (mm) Vessel volume/tissue

Capillary Pre-capillary Capillary Pre-capillary Capillary Pre-capillary

Normal

1 105 0 6125.80 0.00 0.0840 0.0000

2 148 1 7349.60 55.58 0.0863 0.0008

3 83 0 5367.30 0.00 0.0493 0.0000

4 96 0 5765.00 0.00 0.0478 0.0000

5 83 1 5867.50 14.17 0.0489 0.0008

Average 103 0.4 6095.0 13.95 0.0633 0.0003

Ischemia

1 105 4 3621.40 307.32 0.0266 0.0137

2 124 4 4053.00 239.76 0.0330 0.0096

3 194 2 5871.80 65.39 0.0674 0.0039

Average 141 3.33 4515.4 204.16 0.0423 0.0091
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4.2. Real medical data

Eight CM datasets of vascular images of rat brains were

used to test the algorithm (Table 1). The main advantage of

the confocal, laser-scanning microscope is that it allows

researchers to observe an object in three-dimensions and to

gather quantitative data such as thickness, area, and volume

of a cellular structure. Most confocal microscopes are

computer-driven with a precision-made electronic step

motor attached to the microscope stage. Computer com-

mands move the stage up and down under the control of the

step motor in increments smaller than 1 mm [29]. One can

focus precisely up and down through a specimen, while

looking at the computer monitor, by using computer

commands rather than focusing controls on the microscope.

A clear fully focused fluorescent image is achieved every

step of the way. This allows one to collect any number of

optical sections through the specimen [29].

The ability of CM imaging to section non-invasively

allows one to collect a uniform series of optical sections,

through the material at steps of 0.6 mm, which is the

resolution limit of an optical microscope in the Z-direction

[29]. For the purpose of visualization or quantification, these

sections are to be processed in 3D.

The sections we used were analyzed with a Bio-Rad

MRC 1024 (argon and krypton) laser scanning confocal

imaging system mounted onto a Zeiss microscope (Bio-

Rad; Cambridge, MA). The image size was

260.6 £ 260.6 mm2 in the X and Y directions and 1 mm

increment in the Z-direction.

Normal and stroke rat brains. A 3D visualization of a

normal rat brain is illustrated in Fig. 6(b) where the complex

structure of the vessels is obvious. The proposed method

efficiently extracts the centerlines of the vessels as shown in

Fig. 6(c). The centering stage takes less than 1 min and the

extracted centerlines are thin, connected and accurately

centered. In Fig. 7(a), a stroke rat brain is illustrated where

the stasis of the vessels is detectable compared to the 3D

image of a normal vascular dataset. The extracted

centerlines for this 256 £ 256 £ 30 dataset is shown in

Fig. 7(b). In Table 1, some extracted features for normal and

stroke rat brains are compared.

4.3. Comparison to previous work

A well-known centerline extraction technique is skele-

tonization and particularly the definition of the medial axis

function of Blum [2]. However, if one wishes to have

smooth and centered curves [30], he will need to rely on the

results of post-processing techniques in order to obtain a

unique and smooth path inside the segmented object [31].

Thinning methods also require further processing to smooth

and remove undesirable small parts of the skeleton and

moreover to distinguish its different branches.

In our approach, however, we extract accurate centered

paths in a unique and fast process. Unlike the extracted

skeletons by thinning methods, it contains no false or

missing branches. Furthermore, each branch in the skeleton

is distinguishable and so their lengths can be easily

computed.

Herein, it is worth mentioning that the centerlines of

structures which have loops are partially extracted. This is

because the end-point is defined as the voxel with the

maximum distance from the RP. For a loop, only one voxel

is found as the end-point (which has the maximum DT value

in the map). Thus, by traversing the steepest descent path,

only the centerline for one half of the loop is extracted.

Nevertheless, the purpose of our method is to have

Fig. 6. (a) A 2D CM image. (b) The 3D visualization of a normal rat brain.

(c) The extracted centerlines.
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centerlines of vascular images, which are tree-like struc-

tures. In addition, the pre-processing stages remove most of

the unreal loops.

Zhou and Toga [4] presented a DT-based method for

skeletonization of volumetric objects. They have used two

distance maps to approximate the distance of the object

voxels from boundary voxels and a single RP. The use of

recursive algorithms has made their skeletonization method

time-consuming. In another DT-based algorithm reported

by Shahrokni et al. [5], the recursive steps are bypassed, but

it still takes a long time to analyze a set of complete confocal

microscopic images. Compared with their approach, our

proposed algorithm is computationally more efficient and is

about 50% faster. In addition, the resulting centerline has no

disconnectivity in the branch joints. The results of applying

the thinning method of Ref. [32] and DT-based method of

Ref. [5] on a single branching vessel are compared with our

approach in Fig. 8. The medial curve obtained by the

thinning method [32] has many spurious branches. The

result of the DT-based method [5] is thin and without any

extra or missing branches but is not connected. In Fig. 8(d),

the centerline of the vessel is shown which has been

obtained by using the snake model as described in this

paper. This thin and connected centerline has been extracted

in about half of the processing time needed for the path

planning approach.

In another approach [1], a tracking process is presented

to obtain a set of centerline points. The tracking is an

iterative process in which an ordered set of points is

computed step by step in a local area around the previous

point [1]. A drawback of this method is that the initial point

and the initial direction must be given. Although the method

is very accurate, it fails for structures with branch angels of

108 or less and 1708 or more [1].

Paik et al. [14] define the initial path on the surface of the

colon and then move this path to the center of the object by

applying a thinning algorithm to the object and projecting

the path on the resulting surface. In our previous work [18],

we extended and automated this method to be applicable for

centerline extraction of complex vascular structures.

Although, it produces smooth centered curves, the thinning

algorithm is computationally inefficient, compared to the

algorithm presented here, in which the centering stage is

accomplished in a few seconds.

In another approach, Cuisenaire [15] first extracts the

shortest path between the two given points and then

centralizes it by a simplified active contour model concept

which was first introduced by Kass [26]. We invoked his

idea of using snake model for our centering step to move the

paths, initially laid on the surface of the vessels. Deschamps

and Cohen [16] presented a similar approach in which the

3D minimal paths are first obtained and then centralized by

Fig. 7. (a) The 3D visualization of a stroke rat brain. (b) The extracted centerlines.
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minimizing a defined potential energy. The main feature of

our method compared to the above mentioned works, lies in

the fact that the proposed approach is totally automated and

needs no user interaction to select points on the vessels.

Furthermore, it is computationally less extensive, because it

requires less DT mapping. Contrary to the methods

proposed by Shahrokni [5], Cuisenaire [15] and Deschamps

[16], where two different DT are computed for all the voxels

of the object, our algorithm makes use of one DT for the

whole voxels of the object and another one only for the

voxels on the surface of the object.

5. Summary

A fast and efficient method for fully automated and

accurate centerline extraction of elongated objects is

presented. The proposed method is based on the DT

concept, path planning, and active contour models. It

generates thin and connected centerlines of objects without

requiring any user interaction or any prior knowledge of the

object shape. This automated method has been applied to

the complex branching structures of the vascular images of

rat brains generated by CM. The experimental results on

both simulated and real medical images illustrated

the efficiency of the method in extracting 3D centerlines

of complex structures such as those in microvascular

images.

The quantitative results from analyzing CM images of

the normal and stroke rat brains illustrate that the proposed

methods are sensitive to the differences between the two

groups based on the number, total length, and relative

volumes of both capillaries and pre-capillaries (see Table 1).

These differences could not be evaluated without our

methods and software. Important applications of the

methods presented in this paper include evaluation of

treatment responses in development of new drugs.
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