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ABSTRACT
Centerline extraction is widely used in medical image processing. It can beneﬁt applications such as building the connectivity map of neurons from microscopic images as well
as examining retina vessels for preventing blindness. Many
methods have been developed to extract centerlines from 2D images. An algorithm based on 2-D rapid tensor voting is
proposed in this paper. This method uses the Canny edge detector and a simple ridge ﬁnding algorithm to roughly extract
centerlines, which is fast, does not require any seeds and allows the object to be disconnected. Then efﬁcient 2-D tensor
voting is applied to enhance the centerline, which can rapidly
bridge the gaps caused by the earlier step and reject artifacts
due to noise. We demonstrate the robustness of the algorithm
and compare with existing methods. The result shows good
computational efﬁciency as well as accuracy.
Index Terms— 2-D centerline extraction, tensor voting,
axon extraction, vessel extraction
1. INTRODUCTION
2-D centerline extraction for tubular objects is widely applied
in medical image processing. In learning the morphological
structure and studying the function of the brain, 2-D axon centerline extraction, with the help of maximum intensity projection and 3-D recovery, is a efﬁcient and effective method for
reconstructing the neuron network structure. In retinal image
analysis for pathology detection and computer aided screening, vessel centerline extraction is a prerequisite that provides
the most stable and predominant image structure for later registration and other processing.
For 2-D centerline extraction, computation time is one of
the key concerns. For reconstructing large scale neuronal networks, data volume greater than 10 terabytes [1] require the
method to be efﬁcient. In vessel extraction from retinal images, medical systems prefer a rapid algorithm to work with
live data.
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There are generally two approaches for 2-D centerline extraction. The ﬁrst approach is to evaluate each pixel and identify the pixels belonging to the object of interest [2]. The
second is to generate a set of ”seed” pixels and use these as
starting points to identify the set of connected pixels that are
very likely part of object of interest [3, 4]. The ﬁrst approach
normally costs more computational time since it needs to process all the pixels in the image, but it can be implemented with
pipeline accelerators. Besides, this approach can have more
constant time consumption with respect to the amount of centerlines. The second approach costs less time since it only
process a small portion of the pixels in the image. It can also
provide an useful partial result if a computational deadline
occurs. However, it needs an effective seed generating strategy to better balance recall and time consumption. If the ﬁrst
approach can have similar or even higher computational efﬁciency to the second approach with similar accuracy, it may
be preferable due to this reason. Our motivation in this paper
is to introduce a fast method based on efﬁcient tensor voting
that does not need seed points, is as accurate and as fast as
tracing based methods.

The method proposed in this paper applies rapid 2-D tensor voting [5], which largely enhances the output of centerline extraction by removing artifacts due to noise and bridging gaps due to weak contrast. Therefore, the early stage
of centerline extraction can focus on identifying the centerline sections with high ﬁdelity only without attempting to
extract the full set of connected centerline pixels. We compare our method to a rapid tracing-based method [4]. The
result shows that the computational efﬁciency of this method
is much higher, while the accuracy is similar.

The initial centerline extraction is presented in section 2.
The rapid tensor voting method is discussed in section 3. Experiment results are demonstrated in section 4 and the paper
concludes in section 5.
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2. INITIAL CENTERLINE EXTRACTION

3. EFFICIENT 2-D TENSOR VOTING

We ﬁrst apply the Canny Edge Detector using non-maxima
suppression and hysteresis thresholding. Then, starting from
every edge pixel, we move along the gradient direction (or
the negative of the gradient, if objects of interest have lower
intensity than the background), until we arrive at another edge
pixel or reach the maximum search length. If another edge
pixel with near-opposite gradient direction is found before the
maximum step length is reached, the middle point between
the two edge pixel can then be marked as centerline pixel.
Each centerline pixel has two parameters: saliency I ∈ [0, 1]
and orientation α ∈ [−π/2, π/2]. Saliency is the intensity of
the pixel. Orientation is the direction perpendicular to local
gradient. The image containing all of these centerline pixels
is referred to as the ”center map” in the rest of the paper. One
example of centerline extraction is shown in Fig. 1(c).
The advantage of this initial centerline extraction is that
the object that is signiﬁcantly larger (or smaller, if minimum
search length is used) than the object of interest will not be
extracted. Therefore, the cell bodies in axon extraction and
the outer dark area in retina vessel extraction will be ignored.
One example is shown in Fig 4(a). However, as it can be
observed, though the process is fast, the centerline is not continuous and is noisy. We use tensor voting to enhance this
result.
For the axon extraction problem, the image stack is ﬁrst
projected onto a single image before initial centerline extraction. The intensity of each x-y position in the new image is
the maximum intensity along the z axis of the original image
stack at this x-y coordinate. This projection is called Maximum Intensity Projection (MIP). MIP image is used as input
to the initial centerline extraction. 3-D recovery is needed as
a post-processing step to recover the 3-D structure, which is
discussed later.

Tensor Voting (TV) is a method ﬁrst proposed by Guy and
Medioni [6] for extraction or enhancement of local features
(lines, curves or surface) extraction results. Local feature extraction by itself is often unreliable in noisy and complicated
images. That is, the lines or curves are often noisy and interrupted. TV enhances or predicts local features by integrating clues from nearby features. In our case, the inﬂuence of
nearby features is based on a given voting ﬁeld designed to
extract smooth curves.
In tensor voting, a 2-D tensor can be represented by symmetric, positive semideﬁnite 2 by 2 matrix as follows:


axx axy
(1)
= λ1 e1 eT1 + λ2 e2 eT2
T=
axy ayy

(a) MIP image

(c) After centerline extractor

(b) After Canny edge detector

(d) After tensor voting

Fig. 1. Example of centerline extraction process.

where λ1 and λ2 are the eigenvalues (λ1 ≥ λ2 ≥ 0); e1 and
e2 are the orthonormal eigenvectors. Graphical representation of this kind of tensor is ellipse, as shown in Fig 2(a).
One common parameterization is to deﬁne a tensor with three
parameters: orientation β, stickness s and ballness b.


β = arccos eTx e1
(2)
s = λ1 − λ 2
(3)
b

=

λ2

(4)

where ex = (1, 0)T . A tensor with ballness equal to 0 is
called stick tensor. A tensor with stickness equal to 0 is called
ball tensor.
In TV, the ”vote” is a tensor calculated from the geometric relation between the voter and the votee. All the votes to a
pixel will be summed and form the output tensor of that pixel.
A typical voting method is to ﬁlter the tensor image with a
non-holonomic ﬁlter, called voting ﬁeld, aligned with the local tensor orientation. The original TV method [6] aligns the
voting ﬁeld with the tensor of every feature pixel in the spatial
domain, which is very time-consuming if the feature pixels
are not sparse. A better option is to use the efﬁcient tensor
voting [5] based on steerable ﬁlters [7].
The steerable ﬁlter idea is to decompose the ﬁlter into several basis ﬁlters that only consist of a single frequency of ﬁlter
orientation angle. Then this ﬁlter can be steered in frequency
domain using a linear combination of the basis ﬁlters. Although a general decomposition method of any ﬁlter is given
by [7], a type of stick tensor voting ﬁeld (the votes are all stick
tensors) that has limited bandwidth (in terms of the frequency
of the ﬁlter orientation angle) is proposed in [5] as follows:
Ṽ (r, φ)

=

T

=

1 −r22
e 2σ cos2n (φ)T 
G


1 + cos(4φ)
sin(4φ)
sin(4φ)
1 − cos(4φ)

(5)
(6)

where, (r, φ) is the polar coordinate of a pixel; G is the normalization term; σ is the parameter deciding the decay rate of
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weight vs. r, which decides the scale of the voting ﬁeld; n is
the order of the voting ﬁled, which deﬁnes the decay rate of
the weight vs. φ. It can be proven that the necessary number
of basis ﬁlters is 2n + 5. The second order (n = 2) stick
tensor voting ﬁeld is shown in Fig. 2(b).

(a) Ellipse represnetation
of a tensor

(b) a typical tensor
voting ﬁeld

Fig. 2. Tensor and tensor voting ﬁeld

For the case of cross-over, assigning the centerline to the
voxel with maximum intensity will miss other centerline voxels at different z coordinates. These cross-overs are shown
as intersections in MIP. To identify intersections, ballness
and the ratio between stickness and ballness can be used as
criterions. After an intersection pixel is identiﬁed, we check
the peaks of intensity curve along z-axis and mark the local
peaks (higher than closest local minimum plus 100 in this
paper) as centerline voxels.
This method can only recovery simple cross-overs where
the two axon intersect each other in MIP with a large angle.
For more complicated cases, a rapid 3-D method [9] is recommended. Although 3-D based methods tracks axon better,
they are generally slower than the 2-D methods.
5. EXPERIMENTS

In this paper, the tensor at a centerline pixel (x, y) is built
from its parameters (Ix,y , αx,y ) as follows.



cos(αx,y ) 
cos(αx,y ), sin(αx,y )
(7)
Tx,y = Ix,y
sin(αx,y )
As can be seen, these tensors are all stick tensors. For the noncenterline pixels, the local tensors are set to all zeros. Then
the tensor image is decomposed into 2n + 3 basis images,
while the voting ﬁeld is decomposed into 2n + 5 basis ﬁelds.
After convolution between basis images and ﬁelds, the output
tensor image can be reconstructed. Detailed implementation
of efﬁcient 2-D tensor voting can be found in [5].
After tensor voting, non-maxima suppression and hysteresis thresholding is used to reﬁne the centerline. One problem
is that tensor voting tends to extend the open ends. To avoid
extending the centerline too far, newly generated end points
need to be extracted. A simple method that can be implemented in frequency domain is described in [8]. End point set
extracted from the new center map is compared to the original center map given by early centerline extraction. The end
points that is not a part of original center map will be eliminated. The result after tensor voting and post-processing including end point elimination is shown in Fig. 1(d).
It should be noted that the basis voting ﬁelds are decided
by the size of the image and the two parameters. These parameters are normally constant for a series of images from
the same application. Therefore, by avoiding calculating the
same voting ﬁeld, time cost can be reduced.
4. 3-D RECOVERY
Similar to most methods involving MIP, the recovery is to
check the intensity along the z-axis for each centerline pixel
and mark the voxel with maximum intensity as part of the
centerline.
However, when cross-over pattern occurs, two independent axons may seem to intersect with each other on the MIP.
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We ﬁrst compare our method to [10], which is a tracing
method based on matched ﬁlter, conﬁdence and edge measures, for extraction of vessels in retina images. We used a
computer equipped with Intel Core 2 CPU and used a single
core (2.00 GHz). The method proposed here cost about 6.1
seconds when working on a 565 by 584 retina image whereas
[10] costs approximately 16 seconds. If it is used in processing a serial of images with same size and similar contrast,
the voting ﬁeld does not need to be calculated every time. In
this case, the time cost of the proposed method can be farther
reduced to approximately 4.2 seconds per frame. Most of
the time is spent on Fast Fourier Transformation (FFT) and
double ﬂoating point multiplication. These can be accelerated
on proper hardware or with further code optimization.
To compare the results, DRIVE data set [11] is used. It
is a retina image set for vessel extraction. After rough parameter tuning on the training data set, the proposed method
obtained 78% recall and 97% precision on the test image set.
In comparison, the method in [10] achieves 78% recall and
88% precision with the tracer sensitivity set to 1.0. The extracted centerline can be totally different from the manually
marked centerline but still be correct. Therefore the precision and recall are calculated based on following rules: if a
computer-marked centerline pixel overlaps or is adjacent to a
manual marked centerline pixel, it is considered as true positive. A comparison is demonstrated in Fig. 3, which shows
that our method has less false positive at the similar recall
level while the time efﬁcient is much higher.
Several cases of axon extraction are shown in Fig. 4. The
color of centerline shows its position along the z-axis. More
greenish means closer to the lens. The centerline extraction
near cell body is shown in Fig. 4(a). The comparison between
a real intersection and a cross-over are shown in Fig. 4(b) and
(c). It can be seen that the depth smoothly changes in the
real intersection case, but is discontinuous in cross-over case.
This characteristic and the local ballness can be used in 3-D
recovery for cross-over identiﬁcation.

(a) Avoid Cell

(b) Real intersection

(c) Cross over

Fig. 4. Example of centerline extraction results.
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6. CONCLUSION
We proposed and implemented a rapid 2-D centerline extraction method involving tensor voting. This method is proven to
be much more efﬁcient than and has similar accuracy with existing method. Further improvement might be possible using
machine learning techniques to tune the parameters.
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