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Abstract— We propose a variational scheme for neuron
segmentation. The growing demand for an automated image
analysis tool for efficient segmentation of neurites has led to
significant focus and advancement in the field of neuro-image
analysis. However, the complex structure of the neurites and
imaging artifacts pose considerable challenge for automated
image analysis. Analysis of the neuronal morphology is important
to determine the cause of certain neurological diseases (e.g.
Alzheimer’s disease). Such applications demand accurate
segmentation of the neuron that respect the geometric structure
as well as the branching patterns. Our proposed method relies on
level set evolution to perform segmentation. The propagation of
the level sets is primarily governed by a medial flow vector field,
which encourages the growth of the level set along the width and
the axis of the vascular neurite structures. Experimental results
on both 2D and 3D images suggest that the method is robust to
imaging artifacts and is efficient in capturing the complex
branching structures of the neurons.
Inext Terms— Vessel segmentation, active contours, biological
imaging

I.INTRODUCTION
Automated analysis of the morphological structure of neurons
has been a major challenge for image analysts. The importance
of the problem is highlighted by the fact that recent advances
in the field of microscopy have enabled the biologists to
acquire a significant amount of data. In fact, a major
bottleneck in developing the neuronal map (or Neurome) of an
organism is the lack of proper tools for automated image
analysis. Although this problem of neuron segmentation has
received considerable attention in the last few years, manual or
semi-manual segmentation tools is still considered the gold
standard for the job. With almost 20,000 neurons in the VNC
of the fruit fly Drosophila, the success of the Neurome project
largely depends on high quality automated segmentation
methods.
In this paper, we primarily focus on the problem of
segmenting neurons from 2D/3D images. The confocal
microscopy images are obtained from the Biology department
at UVa. Also, to demonstrate the wide applicability of our
method, we show our results on 2D retinal blood vessel
images from the publicly available DRIVE database.
Figure 1 shows two neuron images of the Drosophila
by confocal microscopy.
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Figure 1: 2D projection of the 3D confocal microscopy image of
Drosophila larvae neuron

These images are obtained by staining the Drosophila larvae
with standard fluorescence proteins (e.g. GFP) and then
imaging the fluorescing cells. Similar to any light microscopy
imaging techniques, the picture quality is hampered due to the
presence of background clutter (non-neuronal structures) and
contrast inhomogeneity. An efficient segmentation tool should
be able to handle the non-neuronal structures (or structured
noise) and also deal with the changes in foreground contrast.
The state of the art tracing tools can be broadly
categorized in two categories: The first set of methods relies
on manually or semi-manually chosen seed points to initiate
the tracing ([1]-[4]). These algorithms are computationally
simpler, since the computation is performed on a set of preselected points and its neighborhood. However, while manual
selection of seed points is time consuming and prone to human
error, automatic selection of seeds is still an open problem.
Since the foundation of these techniques lie in proper seed
selection, the seed-based methods suffer heavily in absence of
robust initialization methods. Moreover, additional care needs
to be taken to preserve the branching patterns of the neurons.
A second set of tools have been developed, which relies on
traditional image segmentation routines, followed by
reconstruction of the neuronal structures using Minimum
Spanning Tree ( [5]). These methods rely on good quality
segmentation and noise free skeletonization of the object to
detect the neurite centerlines. The quality of the segmentation
routine heavily impacts the final output, and although these
methods are typically robust to detecting branches, one needs
to post process the final result to eliminate the non-neuronal
structures. A nice review of the latest neuron tracing methods
is presented in [6].

II. LEVEL SETS FOR NEURON SEGMENTATION
Based on our dataset, we hypothesize that an efficient neuron
tracer should be able to (a) detect and remove background
clutter, (b) distinguish between neuronal and non-neuronal
structures and (c) respect the geometric shape and branching
pattern of the neurons. Variational segmentation techniques
using level sets ([7]-[9]) have gained popularity due to their
natural adaptability to topology changes in the object. In fact,
the region based curve evolution approaches [8] are efficient
in dealing with images where edge based methods are prone to
error. In this paper, we formulate a novel level set evolution
framework to segment the neuronal segments. Since level set
based methods are robust to topological changes, we do not
require additional post processing routines to preserve the
important morphological structures like junctions and
branches. Also, our method can deal with background clutter,
which may be removed by analyzing the Hessian matrix of the
image. The topology adaptive property of level set methods
encourages the preservation of non-neuronal elongated
structures. This problem can be eradicated by using
morphological filters to control the topology of the evolving
level sets. In the following subsections we introduce our
formulation and the mathematical framework for
segmentation.
A. Medial Flow Vector Field
Frangi et al. [10] proposed a method to distinguish between
tubular and non-tubular structures in digital images. Using the
prior information that the neurites are tubular in shape, the
eigenvalues of the Hessian matrix is analyzed to emphasize
the tubes. This operation is performed in scale space to allow
preserve structures with multiple widths. Formally, the scale
space vesselness score
is computed at each pixel (voxel)
(at scale ) as follows
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are the eigenvalues of the hessian of the image,
corresponding to the eigenvectors
. The computed
vesselness score at the correct scale enhances the tubular
structure, while eliminating blobs, discs and noise. It is
observed that the eigenvector is oriented in the direction of
minimum curvature, i.e. in the direction of the vessel. The two
other orthonormal eigenvectors point outwards, signifying
maximum curvature (Fig.2).
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Figure 3: (a) 2D neuron segment and (b) the medial flow vector
field shown by blue arrows.

With this background, let us now introduce the medial flow
vector field. If ( ) be the grayscale digital image with
domain
(
), we define the medial flow vector
field as
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( ) is the magnitude of the vector field at the location .
As illustrated in Fig.3, this vector field indicates the axial
direction of the cylindrical neurites. The magnitude function is
chosen such that the vector field is more prominent in the
neuronal portions. Apart from the medial flow field, we can
also define two orthonormal vector fields, ( ) and ( ) as
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These vector fields are orthogonal to the medial flow field and
are oriented towards the vessel edges.
,
are the
magnitudes of the vector fields.
Choosing a suitable magnitude function is an
important engineering issue. Intuitively, the magnitude
function should be chosen such that the vector fields are
dominant in presence of tubular structures. Since the neurons
are brighter than the background, we define the magnitude
function as follows
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( ) is the scale space vesselness score

over the range of scales. The convex combination,
parameterized by the constant
( ) emphasizes the
junctions and end points, which are often less enhanced by the
Frangi filter. In all our experiment, we fix
.
B. Mathematical Framework for Level Set Evolution
The level set evolution is guided by the vector fields defined
in the previous subsection. Our objective is to evolve a level
set function from a preselected seed along the medial flow
field. The evolution equation is obtained by minimizing the
following energy functional

Figure 2: Ideal eigenvector directions for a tubular structure

(a) initial

(b) 10 iterations

(c) 20 iterations

(d) convergence

Figure 4: Level set evolution at different time steps to segment the tubular structure in Figure 3
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is the signed distance function for level set evolution which
is strictly positive at points inside the object and negative for
the points outside. The object boundary can be obtained by
computing the zero level set of
. The vector
( )
represents the gradient of the level set function at x
.
The segmentation is performed by minimizing the
functional ( ) with respect to
Let us discuss the
contribution of the different terms in (3). The second term
contributes to the smoothing of the level set function (LSF).
Since for a signed distance function
||
||
minimizing this term facilitates the level set function to be
faithful to the signed distance function property. Also, this
eliminates the need for periodic manual re-initialization of the
LSF [9]. is a parameter, which controls the influence of the
regularizer term to the energy functional. Selection of
depends on the signal to noise ratio of the image. A
discussion on the selection of is presented in [9].
Evolution of level set function is governed by the first
term ( ( )). This can be written as
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C. Discussion
Equation (3) along with the topology controlling constraint
discussed above describes our framework for segmentation.
However, the constraint imposed on the functional is
inherently a combinatorial quantity, which makes it difficult to
unify with the continuous domain formulation in (3). We take
a two-step approach to approximate the solution of this
optimization problem: First, we minimize (3) using traditional
gradient descent method. In this paper, we only state the result
for computing minima via gradient descent:

( )
∑
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denotes the inner product of the vectors
and
( ) is the unit step function or the Heaviside function.
( ) has the effect of stretching the object area
Minimizing
to cover the width of a vessel. Propagation of the zero level set
( )
of along the vessel axis is obtained by minimizing
( ) The minimizing LSF tries to align the level set
and
normal vectors

yield undesired segmentation. In fact, the final segmentation
may contain disjoint components due to contrast variation i0n
the neurites. Although the connectivity between the
components may be analyzed using the Tree2Tree algorithm
[5], we propose a simple solution to this problem. The
minimization of (3) does not constrain the number of
connected components in the final solution, which allows
multiple disjoint components to appear. We now minimize
( ) with the constraint ( ( ))
. is a function that
counts the number of connected components in a binary
image. Here is an integer that specifies the number of
permissible components in the result. This can be viewed as a
topology controlling constraint on the LSF.

along the force fields by minimizing

the inner product, thus stretching the object boundary to cover
the axial length and the width of the vessel. This is illustrated
in Figure 4.
The functional in (3) can be minimized using the
calculus of variation. The optima can be numerically
computed using the gradient descent method. Such numerical
methods are known to converge to local minima, which my
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The dummy variable t is introduced for

iterative computation of the LSF. The LSF is iteratively
updated according to (4).
To include the topology constraint in the evolution,
we use mathematical morphology. Our objective is to obtain
the neuronal structure as the largest connected component in
the solution. The nearby components are merged using
morphological open-close filter. After application of the openclose filter, an area based connected filter [11] is used to
preserve at most connected components. The signed distance
function is re-initialized at this point to continue evolution
according to (4). The two steps described above are repeated

sequentially until convergence, at which point no significant
change in the LSF is observed.
III. EXPERIMENTAL RESULTS
The discussed method is applicable to both 2D and 3D image
data. Also, our formulation is not limited to extracting
neuronal structures. It is a generalized framework, which can
efficiently segment vascular structures from the background.
To demonstrate the efficacy of our approach, we present
segmentation results on both 2D and 3D data. Segmentation
results are also demonstrated for non-neuronal structures
which highlights the broader applicability of the proposed
method.
The 3D images are obtained from Dr. Barry
Condron’s laboratory at the University of Virginia. The
dataset consists of ten confocal images of a GFP labeled
neuron from the ventral nerve cord (VNC) of the central
nervous system of the fruit fly Drosophila. These images are
plagued by background clutter and have poor signal to noise
ratio. The 2D image dataset consists of ten retinal blood vessel
images from the publicly available DRIVE database [12]. The
dataset contains retinal images which are characterized by
better SNR, but complicated structure of the blood vessels.
Quantitative evaluation of the segmentation is
obtained by computing the mean absolute error (MAE)
between the segmentation result and the ground truth. For the
neuron database, the ground truth is obtained by manually
segmenting the neurons using the tracing tool Vaa3D [13]. For
the 2D dataset, we make use of available manual segmentation
results [12].
The discussed approach relies on the choice of a few
parameters. The parameter regulates the magnitude of the
vector fields. In all our experiments, the value of k is chosen as
0.1. The image intensity term is associated with a lower
weight to suppress the imaging artifacts to appear in the
solution. The constant controls the effect of smoothing of the
LSF. This value is fixed to 0.033 as suggested by the authors
in [9]. Further research is required to automate the selection of
a few parameters, which would make the algorithm more
robust. Also, for computational purpose, the Heaviside
function ( ) and the Dirac delta function ( ) are replaced
by their smooth, regularized counterparts as described in [8].
Five 2D segmentation results and three sample 3D
tracings are shown in Figure 6 and Figure 5 respectively. The
segmentation result is skeletonized and a quantitative
performance metric is computed by calculating the normalized
MAE [5], to calculate the deviation of the obtained skeleton
from the ground truth. The average MAE for the 2D dataset
was 1.41%, and the average MAE was 1.12% for the 3D
neuron dataset.
IV.CONCLUSION
We have presented a framework for automated segmentation
of neurons from 3D images. The technique is able to
distinguish neuronal structures from background clutter and is
effective in dealing with contrast inhomogeneity. Also, the
method shows promise for a variety of biological and

biomedical images that involve filamentous structures. The
efficacy of the algorithm is demonstrated by the results on
both 2D and 3D images.
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Figure 6: Segmentation results on the DRIVE dataset. The top row shows the retinal images. Skeletons of the blood vessels obtained by
segmentation are shown in the second row. The segmentation results are superimposed on the image in the last row.
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Figure 5: 3D Neuron segmentation results
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