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Abstract— Recent research has revealed that morphological
characteristics of neuronal structure are closely related to normal
neural functions such as learning and memory. Neuronal den-
drites and their spines define the inter-connectivity of the neural
network and hence, are important predictors of its function.
Many neuronal functions are observed to be correlated with the
appearance or disappearance of neural structures. In this paper,
we temporally track the evolution of spines on the dendrite.
Three-dimensional images were acquired by the digitization
of neuronal tissue sections using a two-photon laser scanning
microscopy with a 40X objective, 0.8 NA, over transgenic mice
expressing EGFP. We describe a pipeline of processing algorithms
for solving the spine correspondence problem automatically.
Our framework requires the segmentation and extraction of the
skeleton of the dendrite that is aligned with a rigid registration
algorithm. We then build a graph model that is spatially
aligned with the dendrite, the nodes of which represent the
spine branches. A maximum likelihood estimation framework
is employed to match graph models from different time-points.
We report the results from the automated matching and validate
it with manual measurements. The sensitivity and specificity of
the pipeline is evaluated with available ground-truth.

Index Terms— neuroinformatics, quantification of dendrites
spines morphology, registration, image segmentation, medial axis,
skeleton, maximum likelihood estimation.

I. INTRODUCTION

Recent experiments have revealed that important aspects
of cognitive function, such as experience-based learning [1],
attention and memory [2] are correlated with variations in
dendritic branching morphology and with spine density and
distribution [3].

Capowski [4] has provided a detailed history of neuron
tracing methods. Many of the current methods are semi-
automatic. Optical microscopes are enhanced with a computer
imaging system that allows a user to perform segmentation,
and conduct various measurements in an interactive fashion
[5]–[7]. Koh et al. [8] present a geometric approach for
automatically detecting and quantifying the three dimensional
structure of neurons using a set of heuristics as defined in [9].
More recently, Al-Kohafi et al. [10] presented a different ap-
proach for neuron tracing that has been inspired by vasculature
tracing algorithms.

Our efforts differ from the above approaches in two ways.
Firstly, we are interested in structures that exist at a smaller
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scale. We are especially interested in the detection of spine
structures on the dendrite rather than the entire neuron cell
with the dendrites and the soma. Secondly, we wish to track
the temporal change in the spine morphological structures in
3D and make comparative measurements. Hence, our problem
comprises of detection, tracking and measurements. The seg-
mentation and measurement steps have been well documented
in literature. In this paper, we focus on developing a tracking
algorithm that draws on a partial segmentation but does not
necessitate the complete delineation of the spine structures
with exact boundaries.

We now enumerate the three main stages of our pipeline.
Segmentation: We present a processing pipeline that elimi-
nates the noise and artifacts in the image. The accomplished
segmentation suffices only to the extent that temporal matching
may be accomplished. We acknowledge that more robust
segmentations using aforementioned techniques is possible.
Our tracking method is agnostic of the segmentation method
used. Our pipeline includes Otsu’s thresholding, median fil-
tering, contour smoothing filters, medial axis extraction and
finally spine skeleton extraction. Locations of the branches are
recorded on the skeleton for later use in the matching stage.
Registration: Smooth skeletal curves extracted from the
segmentation stage are overlapped in a single image plane
and rigidly registered using the iterative closest points (ICP)
algorithm [11]. The skeletons suffer from large translational
and minor rotational movements that are corrected. This
initialization is important prior to matching.
Matching: Based on the position of the spines on the dendrite,
a linear graph model in the image space is constructed.
Each node of the graph represents a branch-point in the
neuron where a spine possibly emerges from the dendrite. The
detection of these branch points or graph nodes is performed
in the segmentation stage itself. A graph node encodes a set of
attributes consisting of location coordinates, local curvature of
the skeleton, orientation of the spine and the location on the
parameterized skeleton curve. Given two graph models from
different time-steps, a maximum likelihood estimation (MLE)
framework assigns probability vectors to each branch point.
A dynamic programming algorithm then chooses the pairwise
matchings of nodes until all nodes are exhausted. The residual
(unmatched nodes) may be analyzed for new emerging spines.

We demonstrate our results on four 3D confocal microscopy
data sets. Our framework is compared against manual valida-
tion (the correspondence was determined by a pathologist) on



2

one data set. Sensitivity and specificity ratios are computed
and plotted.

Thus, we obtain robust temporal matching of spines on
the dendrite. The rest of the paper is organized as follows.
In section II, we describe related work in neuronal structure
detection, registration and temporal matching. Section III
motivates and explains different stages of the image processing
pipeline that we employ. We represent the desired neuronal
structure using a graph model. In section IV, the MAP frame-
work with dynamic programming for matching graph models
is explained, while in section V reports on the implementation
and the results obtained. Finally, in section VI, we provide a
summary and describe our plans for the future.

II. RELATED WORK

The advances in modern imaging techniques have required
studies to be conducted on large amounts of data. Early
research in neuronal structure detection and estimation [12]–
[15] has focussed on developing automated techniques that
cause the results to be objective and reproducible with little
manual intervention.

A common feature in most of the above algorithms is the use
of the skeleton structure for making measurements. Rusakov
and Stewart [12] applied a medial axis construction to 2D
dendritic images. As a result, they were able to compute the
length of the neuronal spine in 2D and used that to estimate the
lengths in 3D. The medial axis is very sensitive to noise and
fidelity of the segmented contour, hence manual intervention
was still an issue. Watzel et al. [13] extended the above work
to a 3D setting. However, the images were restricted to consist
of a single dendrite. Candidate spines were detected based on
the branching medial axis spurs above a length tolerance. True
spines were distinguished from spurious ones using a length
tolerance.

Koh et al. [8] present a more general skeletonization ap-
proach. They assume that the image to be analyzed is of a bi-
phase medium, with one phase being the neuronal cytoplasm
(dendritic phase) and the other being the background tissue.
The method uses a geometric approach, detecting spines as
protrusions and contains several parameter settings that require
extensive fine tuning. There is no limitation on the number
or the structure of the dendrites in the image. In addition to
spine length and density, volumetric measurements and spine
classifications were obtained. Cohen et al. [16] formalized
the skeletonization approach by using a graph theoretic rep-
resentation. The graph was spatially aligned to the neuron in
3D. Connectivity analysis, critical point identification were a
part of the framework for constructing the graph. The graph
model was sufficient to compute different measurements such
as topological analysis, length measurements, diameters and
tortuosities.

Other approaches have been inspired by using a model to
fit the neuronal structure. Herzog et al. [14] employed a 3D
reconstruction technique using a parametric model of cylinders
with hemispherical ends to fit the shape of the dendrites and
the spines. In this method, short spines or spines with thin
necks were hard to detect and had to be manually added to

the model. Al-Kofahi et al. [10] reported on a state-of-the
art method that uses a generalized 3D cylinder model that
follows the neuronal topology recursively for identifying the
entire neuron cell including the dendrites and soma portions.
Each stage is guided by a set of 4 directional kernels in
3D. Additional modifications, such as dynamic adaptation
of the correlation kernels, and adaptive step size estimation,
were introduced for achieving robustness to photon noise,
varying contrast, and apparent discontinuity and/or hollowness
of structures. An approach using neural network recognition
for spines [15] has also been suggested.

Meijering et al. develop a semi-automatic neurite tracing
technique in which individual neurites are detected and traced
over a spatial sequence of images. This approach concerns
itself with the entire neuron and is not the temporal problem
that we seek to solve.

These approaches now place our work in perspective. We
wish to model and track the spines on a single dendrite image.
Modern approaches such as [10] are superior in terms of speed,
automation, and robustness compared to skeletonization-based
methods for tracing larger-scale neuronal structure. Smaller
structures such as spines still benefit from a skeletonization
approach on a localized basis. We also wish to point out that
our ultimate goal is to track spine structures on a dendrite
as they evolve in time. Hence, a model based representation
is essential to understand how the neuron changes with time.
Intuitively, the graph theoretic representation similar to [16],
that is spatially aligned with the skeleton seems ideal for our
purposes. It is easier to think of aligning two graph structures
derived from different time-points based on the branching
points.

While the temporal tracking of spine/ dendrite structure
has been discussed in the neural literature, related work in
the tracking of microscopic structures exists is other fields
also. Sbalzarini et al. [17] presents a computationally effi-
cient, two-dimensional, feature point tracking algorithm for
the automated detection and quantitative analysis of particle
trajectories as recorded by video imaging in cell biology. The
tracking process requires no a priori mathematical model for
the motion, is self-initializing, discriminates spurious detec-
tions, and can handle temporary occlusion as well as particle
appearance and disappearance from the image region. Bonneau
et al. [18] present an approach for tracking quantum dot (QD)
trajectories in semi-conductors. Instead of a frame by frame
analysis, it is based on perceptual grouping in a spatiotemporal
volume. Individual molecular trajectories of the QD’s as
unstructured set of points are considered as minimal paths in a
Riemannian metric derived from the fluorescence image stack.
These paths are computed with a variant of the fast marching
method. On the other hand, our image stacks have about 5-6
time-points and therefore require a frame by frame analysis.
Furthermore, there is little correlation in the movement of
the spines over successive time-frames. Nevertheless, we shall
consider an evaluation of these techniques for comparison in
our future work.



3

III. IMAGE PROCESSING

A. Data Acquisition

For high content neuron screening, a fluorescence label,
such as green fluorescent protein (GFP), is often used to
mark neurons in vitro. GFP absorbs blue light and converts
it to green light which is of lower energy. The emitted
green light can then be captured by an optical microscope
such as the confocal laser scanning microscopy (CLSM) or
a two-photon laser scanning microscope (2PLSM). Imaging
reveals morphological or functional details of the specimen.
Three-dimensional images were acquired by the digitization
of neuronal tissue sections using a two-photon laser scanning
microscopy with a 40X objective, 0.8 NA, over transgenic
mice expressing EGFP. Image stacks of 512x512x17 were
generated every 24 hours for 5 days.

The nature of the imaging process, photobleaching effects,
long time gap between imaging periods and the elastic
nature of the tissue sections introduces the following types
of artifacts that require additional processing steps in the
segmentation process:

• Shot Noise: Fluorescence detection in image acquisition
is performed by photomultiplier tubes (PMT). PMT are
high gain, low sensitivity devices which, combined with
the low number of photons emitted by small structures,
such as dendritic spines, produces photon shot noise..

• Photobleaching effects: Heterogenous photobleaching of
fluorescence emission during confocal laser scanning is
induced by fundamental differences in exposure rates and
times at different z-planes orthogonal to the optical axis.

• Presence of unrelated structures: Often, the region being
scanned might consist of a portion of another dendrite or
unrelated tissue structure. Floating tissue fragments may
also be present on the slide at the time of scanning. These
cause problems during the medial axis computation.

• Orientation differences: There are significant differences
in the positions of the dendrite across time-points. This
may be due to the non-constant positioning of the scan-
ning head over the slide. The varying position requires
rigid registration for alignment.

• Floating spine heads: Owing to the photobleaching effect,
spine heads are often seen as detached from the main
dendrite structure that has a leading protrusion in the
direction of the spine head. The spine head has to be
accounted for in building the graph model and should
not be eliminated as an unrelated structure.

• Tissue stretching and contraction: The elastic nature of
the tissue causes it to deform locally in response to
stimuli. The long gap between successive scans show
deformation in the dendrite that needs to be accounted
for in the matching process.

B. Segmentation

An overview of the image processing pipeline is shown in
Figure 1. Our goal is to provide a spatially aligned graph
representation to the matching algorithm for each time frame.

Fig. 1. Image processing pipeline

The graph model, in turn, requires the determination of the
skeleton curve with the relative spine branch locations. Hence,
the segmentation framework must provide the foreground
object (dendrite) whose medial axis and skeleton may be
computed. The segmentation consists of the following 2 steps:

1) Otsu Thresholding: A maximum intensity projection
(MIP) of the image stack is computed along the z-axis. At
this point, we are interested in matching the neurons along a
single image plane. This is because of the limited resolution
available along the z-axis (17 slices) does not permit a full
3D delineation of the structure. Moreover, visualization of
the individual slices reveals small occurrence of changes.
Formally, the MIP image Pz is expressed as

Pz(x, y) = max
0≤z≤N

I(x, y, z) (1)

Here N = 17. An automated threshold T is computed using
the Otsu method [19] that separates the image into two classes.
The algorithm assumes a bimodal histogram H . The threshold
T is chosen such that the weighted within-class variance σw

is minimized.

σ2
w(t) = q1(t)σ2

1(t) + q2(t)σ2
2(t) (2)

where σ1(t), σ2(t) are the standard deviations of the classes
for a given threshold t and q1(t), q2(t) are the weights
computed from H . The optimal threshold is selected as:

T = min
0≤T≤255

σw(t) (3)

and the final segmented images S is given by:

S(x, y) =
{

0, if P (x, y) < T
1, if P (x, y) ≥ T

Figure 2a shows an example of a maximum intensity
projection image. Note that the neuron is a slender long tissue
structure with small protruding spine heads. The spine heads
are apparently disjoint from the main structure although that is
not so in reality. We would like to obtain a segmentation of this
entire structure with no loss in the spine heads. Further more,
the entire image consists of only the neuron tissue and the
background. For this case, the Otsu thresholding framework
provides acceptable results. Figure 2b shows the output of
the automated thresholding algorithm. We notice the presence
of photon shot-noise. In a rigorous implementation, the raw
image may be deconvolved based on the point-spread function
of the detector. In practice a standard median filter with a
window size of 5x5 is used, with acceptable results.
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(a) (b) (c)

Fig. 2. (a) Maximum Intensity projection along z-axis (b) Otsu thresholding for foreground extraction (c) Connected components image of the main dendrite
with a detached spine head

2) Connected Components: Earlier, we briefly mentioned
the occurrence of unrelated tissue fragments in the images.
For example, in Figure 2b, we notice some components
that are definitely not associated with the dendrite. These
components are detached and located far enough from the
neuron. An Euclidean distance map DS of the background as
a function of the main dendrite component is computed [20].
All structures that lie more than a pre-determined threshold
TD in the distance map are eliminated. The spine structures
remain preserved. Formally, if p is a pixel in S, then

Sc(p) =
{

0, if DS(p) < TD

1, if DS(p) ≥ TD

Figure 2c shows the final segmented image Sc with the
unrelated fragments removed by this method.

C. Medial Axis Extraction

As we discussed in Section II, the skeleton has been a
popular choice for modeling a slender, curved structure such
as the dendrite. However, a formal definition of a skeleton is
not available in the literature. It is well-known that skeletons
computed from heuristics such as ”boundary-peeling” have
topological artifacts. They are best computed by starting
with the medial axis. The medial axis is the locus of the
centers of maximally empty balls. Figure 3a shows the medial
axis computed from the segmented image Sc. It is easy to
observe that medial axis is replete with noise. It exhibits
several protrusions that are generated from the noisy boundary
contour. Using a set of hierarchical contour smoothing filters
[21] based on a Gaussian kernel, we process the segmented
images. The standard deviation σ of the filter is set to 15
pixels. The medial axis from a smooth contour is shown in
Figure 3b. At this point, the branches arising from the spine
are primarily present, albeit, there are still some spurious ones.
We would like to extract the skeletal backbone with the true
spine branches. The floating spine heads are re-attached to the

medial axis by joining the centroid of the spine head with the
nearest located medial axis branch.

A tree representation of the medial axis is then computed.
Each node in the tree has pointers to its neighbors (8-
connected) if they belong to the tree. A depth first search is
conducted starting from the base node. Each node is assigned
a visit number when it is visited. Therefore, the neighbors of
each node are either its children or a parent depending on
the visit numbers. Once the depth first search is completed,
every node is checked to see if it belongs to the skeleton
or not. This is accomplished by looking recursively at all its
children and proceeding along the longest running branch. The
other branches either are spine or spurious branches. This is
determined by setting thresholds on the depths (Td = 20).
The spurious branches usually have short extensions and may
be pruned. Figure 3c shows the obtained skeleton curve. The
curve is smooth and continuous. Candidate spine locations
are marked out on the skeleton albeit some of them are
still spurious. We shall rely on our probabilistic matching
framework to identify the spurious locations and not match
them with a true spine.

D. Iterative Closest Point Registration

Figure 4a shows the overlap of color-mapped segmented
images from all time-points prior to registration. It is easy to
observe that there is considerable shift in their location owing
to different scanning positions. We would like to rigidly initial-
ize the images so that spatial correlation is maximized at the
matching stage. Automatic landmark selection based methods
are also not appropriate since the tissues are elastic and there
is a perceptible amount of local deformation. Moreover, the
landmarks, which are the spines, are detected along with the
spurious ones. Image-based registration algorithms have con-
vergence problems on account of the noise. The metric space is
not smooth for optimization convergence. Therefore, we chose
to use the Iterative Closest Point (ICP) registration algorithm
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(a) (b) (c)

Fig. 3. (a) Medial axis of the segmented image (b) Medial axis after contour smoothing (c) Extracted smooth skeleton with the spine locations marked

(a) (b) (c)

Fig. 4. Overlapped images (a) before and (b) after ICP registration of the skeletons (c) Measurement of the mean square error in the segmented images after
ICP registration of the skeletons. The last image suffers from non-linear deformation and therefore has a high value.

[11] for matching skeletons. The matching of skeletons gives
us the best localization rigidly prior to the matching stage.

We realize correspondence through an optimization process
that searches for a rigid transform that allows the closest
similarity between consecutive skeletons. The input is a set of
stationary (PS) and moving (PM ) points drawn from skeleton
curves. For the neuron images, we register each segmented
skeleton to its predecessor, and the pairwise transforms were
merged sequentially to obtain each image’s global transform.
We use the Levenberg-Marquardt optimization method in the
Euclidean distance metric space. Figure 4b shows the obtained
localization in the images across all time-points. The main
body of the dendrite seems to overlap well. We now need to
match the spines on each of the dendrites.

IV. MATCHING FRAMEWORK

To match the spine locations between two dendrites at
epochs T1 and T2, we build an attribute graph representation

of the dendrites called the dendrite graph from the registered
skeleton, as described in section IV-A. We then determine a
graph homomorphism between the two dendrite graphs D1

and D2, using a maximum likelihood estimation (MLE) based
framework.

A. Dendrite Graph Model

The dendrite graph D(V,E) of a dendrite is an attributed
graph constructed from the registered skeleton of the dendrite.
Here, V is the set of vertices, where each vertex represents the
attributes of a branch point. The set of edges E represents the
adjacency relationship between the branch points. Formally,
the set of n vertices is:

V = {v1...vn|vi ≡ (r̄i, κi, si, θi), viε<5} (4)

where r̄ = (x, y) is the 2D Euclidean position of the corre-
sponding branch point, κ is the 2D local curvature, s is the
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arc length parametrization of the branch point (see section IV-
A.1), and θ is the orientation of the spine with respect to the
skeleton (see section IV-A.2).

Formally, the set of edges of the dendrite graph is:

E = {(vi, vj)} where, (5)
degree(v1) = 1,

degree(vn) = 1,

degree(vi) = 2, 1 < i < n

Therefore, each non end-point vertex is connected to exactly
two other vertices by edges, and each end-point vertex is
connected to exactly one other vertex, forming a linear acyclic
graph.

1) Arc Length and Curvature: We determine arc length and
curvature of the branch points along the skeleton according
to the method given by Mokhtarian and Mackworth [21].
A planar curve can be represented in the parametric form
as r(u) = (x(u), y(u)). The function r(u) is a parametric
representation of the curve, and there are infinite distinct
representations of the same curve. The natural parametrization
of the curve based on arc length s can be computed from any
parametrization using the equation:

s =
∫ u

0

|ṙ(v)|dv (6)

where ṙ(u) = dr/du.
The curvature κ of the curve at s is defined as ( [22]):

κ(s) =
ẋ(s)ÿ(s)− ẍ(s)ẏ(s)
(ẋ(s)2 + ẏ(s)2)3/2

(7)

However, curvature as defined in Equation 7 is susceptible
to noise and numerically instablilities. Therefore, in practice,
the curvature of a smooth curve is computed. Specifically, Let
X(s, σ) = x(s) ∗ g(s, σ) and Y (s, σ) = y(s) ∗ g(s, σ) where
g(s, σ) = 1

σ
√

2π
e−

s2

2σ2 is a Gaussian of width σ and ∗ denotes
convolution. Then,

κ(s, σ) =
Xu(s, σ)Yuu(s, σ)−Xuu(s, σ)Yu(s, σ)

(Xu(s, σ)2 + Yu(s, σ)2)3/2
(8)

Xu(s, σ) = x(s) ∗ ∂

∂s
g(s, σ)

Yu(s, σ) = y(s) ∗ ∂

∂s
g(s, σ)

Xuu(s, σ) = x(s) ∗ ∂2

∂s2
g(s, σ)

Yuu(s, σ) = y(s) ∗ ∂2

∂s2
g(s, σ)

2) Orientation: Orientation of the spine branches refer
to their relative location on the skeleton curve. Clearly, the
branches on the left/right need to be matched with only the
ones on the left/right in the other time-point. The orientation
of the branches is computed during the depth first search of
the skeleton. The variance for this parameter during matching
is set very low since we do not want to match a left spine
with a right spine.

B. Graph Homomorphism

A graph homomorphism is a mapping between two graphs
that respects their structure [23]. Formally, a graph homomor-
phism f from a graph D1(V1,E1) to a graph D2(V2,E2) is a
mapping f : V1 → V2 from the vertex set of D1 to the vertex
set of D2 such that {f(u), f(v)} ∈ E2 whenever {u, v} ∈ E.
Ideally, we would like to determine a exact mapping from
every branch point in D1 to every branch point in D2. However,
the number of estimated branch points in the dendrites at the
two times steps varies because of the evolution of spines and
due to spurious branch points. Therefore, we use maximum
likelihood estimation (MLE) based techniques to find the best
homomorphism between the two graphs.

Let [i, k] be the condition that vk ∈ V2 (a branch point in
D2) is the evolved version of branch point vi ∈ V1 in D1.
We wish to find a mapping such that p([i, k]|vk = f(vi)), is
maximum, where vk ∈ V2 and vi ∈ V1. By Bayes law,

p([i, k]|vk = f(vi)) =
p(vk = f(vi)|[i, k]).p([i, k])

p(vk = f(vi))
(9)

Assuming a uniform distribution for p([i, k]), we pose the
problem as one of determining the best k that maximizes
the likelihood probability p(vk = f(vi)|[i, k]), that is to find
arg maxk p(vk = f(vi)|[i, k]). We model this distribution by
a 5 dimensional normal distribution N(0,Σ)

p(vk = f(vi)|[i, k]) =
1

(2π)5/2 |Σ|1/2
e(−

1
2 (vk−vi)

>Σ−1(vk−vi))

(10)

where Σ is the covariance matrix of the feature vector
(x, y, κ, s, θ). We assume the cross-covariance terms to be
zero, and only the auto-covariance terms to be non-zero (i.e.
Σ is a diagonal matrix). The parameter Σ is not sensitive as
long as it is chosen at about the right scale. The following Σ
was found to be optimal in our experiments:

trace(Σ) =
[

10 10 0.02 0.0025 0.0001
]

(11)

We use a dynamic programming algorithm to compute the
graph homomorphism that maximizes the likelihood probabil-
ities p(vk = f(vi)|[i, k]) for all the spines on the two dendritic
sections. Let n be the number of spines in D1 and m be the
number of spines in D2. Then

i Let p(i, j) be the probability p(vj = f(vi)|[i, j]) as
computed by Equation 10

ii Let P (i, j) be the score of the best correspondences of
spines 1 to i in D1 with spines 1 to j in D2

iii Boundary Conditions Let P (n, j) = p(n, j) and
P (i,m) = p(i,m)

iv Recursion Formula
P (i,j) =8

><
>:

P (i− 1, j − 1) if P (i− 1, j − 1) + p(i, j) ≥
+p(i, j) max{P (i− 1, j), P (i, j − 1)}

P (i− 1, j) if P (i− 1, j) > P (i, j − 1)
P (i, j − 1) otherwise

(12)

v Termination Condition To find P (n,m), i.e. the best
correspondence between spines 1 to n in D1 with spines
1 to m in D2
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(a)

Fig. 5. Correspondence (yellow, blue lines) observed among images from different time steps(1, 2 and 5). Note that most of the observable spines have
been matched. The time-points sometimes present spines that are not present in the other time-point (green circles). These spines are not matched by our
framework and may be detected as a new emergent spine. The correspondence with the third image is poor owing to large elastic deformation.

V. RESULTS AND VALIDATION

This section reports on a number of experiments we con-
ducted to evaluate our matching framework for spine tracking.
Experiments were conducted with a validated temporal dataset
having five epochs (four pairs). Our goals were three-fold: (i)
We demonstrate the ability of the framework to match existing
spines correctly and new spines are left unmatched. (ii) We
show that spurious branch points that were earlier detected
are not matched. (iii) We demonstrate that real datasets benefit
from the availability of automated tools for objective analysis.

All our experiments were compiled and executed on an
Intel P4 3.2 GHz processor equipped with 1GB RAM. The
registration framework was developed in C++ using the The
Insight Segmentation and Registration Toolkit (ITK) libraries
[24].

In order to validate our algorithm, five images were re-
viewed and all pertinent spine locations on the skeletons were
marked up manually. The matched pairs can be separated and
counted in four categories:

i a counts the number of true-positive results.
ii b counts the number of false-positive results.

iii c counts the number of false-negative results.
iv d counts the number of true-negative results.

Thus, one can define the sensitivity and specificity of our
framework as follows:

sensitivity =
a

a + c
specificity =

d

b + d
(13)

error =
b + c

a + b + c + d
(14)

Sensitivity measures the effectiveness of the algorithm in
detecting the true-positives. A high value indicates that it is
easy for the algorithm to rule out a spurious match with a
high probability. On the other hand, a high value of high
specificity means that the method can identify a bona fide
match with a high probability of success. A graph of sensitivity

and specificity values for the four pairs of image matchings
is plotted in Figure 6. From the graphs, we observe that
framework has a good sensitivity (> 0.85), specificity (> 0.85)
and with a low error rate (< 0.1) for the first three image pairs.
The performance for the fourth image pair is expected to be
low. The correspondence of Image 4 with Image 5 has been
plotted in Figure 5. In Figure 4c we plot the mean square
error metric in the images after registration. We observe a
high value in the mean square error for the fourth image after
rigid registration. This is because a large amount of non-rigid
stretching in the image that is not accounted for by the ICP
registration algorithm. All the four parameters in the MLE
framework require some amount of localization that is missing
in this pair.

Fig. 6. Plots of the sensitivity, specificity and error ratios for the matching
on 5 time-points (4 pairs).

On further investigation of the matching errors in fourth
image pair, we found the the spines in image 5 were tightly
clustered around each other, as a result of which the skele-
tonization step combined several spines into a single spine.
This caused misidentification of spine correspondences.
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VI. CONCLUSIONS AND FUTURE WORK

In this paper, we described methods to temporally track
the evolution of spines on a dendrite using a graph-theoretic
representation of the dendrite. A suite of image processing
algorithms including adaptive thresholding, filtering, medial
axis extraction and contour smoothing are used to obtain an
initial skeletal curve with spine locations. We then build a
dendrite graph, where each spine emerging from the dendrite
is represented as a node in the graph. Attributes of the spine
such as its location coordinates, local curvature of the spine
segment, location on the parameterized curve are stored as
attributes to be matched. An MLE framework is constructed
that performs the matching of the two graphs so that the
probabilities are maximized. The framework was successful
in matching a high percentage of corresponding spines. New
spines that were present in some of the time-points were
detected in the residues and remained unmatched. Using avail-
able ground-truth, the sensitivity of our matching algorithm
was measured at > 85% with a specificity of > 85%.

Our work therefore extends current literature on 3D neuron
structure tracing by incorporating a tracking component. In
future, we would like deploy our methods with existing ones
to explore the full pipeline of detection, matching and making
comparative measurements in an automated and objective
manner.
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