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Three-dimensional Motor Neuron Morphology
Estimation in the Drosophila Ventral Nerve Cord
Gavriil Tsechpenakis∗ , Member IEEE, Prateep Mukherjee, Michael D. Kim, and Akira Chiba

Abstract—Type-specific dendritic arborization patterns dictate
synaptic connectivity and are fundamental determinants of neuronal function. We exploit the morphological stereotypy and
relative simplicity of the Drosophila nervous system to model
the diverse neuronal morphologies of individual motor neurons
(MNs) and understand underlying principles of synaptic connectivity in a motor circuit. Our computational approach aims at
the reconstruction of the neuron morphology, namely the robust
segmentation of the neuron volumes from their surroundings with
the simultaneous partitioning into their compartments, namely
the soma, axon and dendrites. We use the idea of co-segmentation,
where every image along the z-axis (depth) is segmented using
information from ‘neighboring’ depths. We use 3D Haar-like
features to model appearance. Because soma and axon are
determined by their distinctive shapes, we define an implicit
shape representation of the 2D segmentation sets to drive cosegmentation and achieve the desired partitioning. We validate
our method using image stacks depicting single neurons labeled
with green fluorescent protein (GFP) and serially imaged with
laser scanning confocal microscopy.
Index Terms—neuron morphology, neuron compartment-based
labeling, co-segmentation, 3d Haar features, Drosophila

I. I NTRODUCTION
Normal locomotive behavior is fundamentally determined
by precise patterns of motor neuron (MN) connectivity that are
dictated by the selective connection of motor axons with muscle targets as well as specific dendritic input from presynaptic
neurons. In the vertebrate spinal cord, MNs are organized
into columns based on axonal projection patterns and within
these columns, groups of MNs that target individual muscles
are clustered into MN pools [19], [20]. Different MN pools
elaborate distinct dendritic arborization patterns and respond
to sensory stimulation with different latencies, demonstrating
that the selectivity of synaptic input is directly influenced by
the differential patterning of MN dendrites in the spinal cord
[36].
Therefore, determining how different MN subtypes pattern
and organize their dendrites in 3D space will be a crucial
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(A) The whole larva with expressed GFP [23] (all motor
neurons are shown). The panel also shows the Central Nervous
System (CNS), i.e.., brain and Ventral Nerve Cord (VNC), in relation
to the whole animal. (B) Magnification of the VNC. (C) Using a
genetic technique known as MARCM, we generate single MN clones
which we analyze. (D) An image stack produced with laser scanning
confocal microscopy; the 2D image results from intensity summation
over depth. (E) Noisy neuron volume from the data in (D). Using a
set of H Haar features we: (i) produce H over-segmentation sets for
each image in the stack, one for each feature; (ii) define implicit
shape representations to describe the topology of a segmentation
set; (iii) integrate shape information of all segmentation outcomes,
over all images (depths) and Haar features, to segment the neuron
volume from its surroundings and partition it into its morphological
compartments (soma, axon, dendrites). (F) The final outcome of our
approach.
Fig. 1.

step toward understanding how motor circuits are assembled
to control locomotion.
Our goal is to understand how connectivity patterns are
formed within a normal motor circuit and determine whether
a ‘connectivity map’ can be deduced by estimations of neuronal morphology. Also, developing a 3D model standard for
different MN subtypes will allow for unbiased determinations
of differences between neuronal morphologies in a wild-type
and mutant brain. This will greatly facilitate our investigation into how different MN subtypes pattern their dendritic
arbor to establish synaptic connectivity, which remains an
understudied yet important aspect of motor circuit formation.
Lastly, understanding the normal process of MN development
will ultimately be important in devising strategies to repair or

SUBMITTED TO IEEE TRANS ON BIOMEDICAL ENGINEERING

2

restore MN connectivity after spinal cord injury or disease.
A. Drosophila larvae as a model
The Drosophila embryonic central nervous system (CNS)
comprises the developing brain and ventral nerve cord (VNC)
(Fig. 1A). The VNC, which can be considered functionally
orthologous to the mammalian spinal cord, is segmentally
reiterated and bilaterally symmetrical with respect to the ventral midline. There are approximately 400 neurons, including
an estimated 38 MNs, within each hemisegment (or halfsegment) of the VNC (Fig. 1B). Abdominal hemisegments
in the embryo comprise 30 stereotyped body wall muscles,
each of which is innervated by one or more of the 38
MNs. The muscle innervation pattern of individual MNs is
further highly stereotyped making embryonic MNs uniquely
identifiable [18]. During larval development, dendrites of these
abdominal MNs undergo considerable growth and dendritic
branching is dramatically increased, likely reflecting extensive
changes in synaptic connectivity that are required for more
complex larval behaviors such as the peristaltic movements
required for normal locomotion. Whether larval MNs project
their dendrites to stereotyped regions of the VNC to create a
connectivity map is unclear.
B. Imaging at single-cell resolution
Previous efforts to visualize morphology of single MNs
have relied on dye-backfilling methods such as DiI. DiI is
a lipophilic dye that is taken up by the axon and diffuses
along the cell membrane to reveal neuronal morphology.
However, this technique is limited in that neurons can only
be labeled one at a time and dye-labeled neurons are more
prone to photobleaching and phototoxicity. Furthermore, dyelabeling methods are not compatible with long-term sample
preservation, limiting the use of secondary markers.
To overcome these limitations, we use mosaic analysis
with a repressible cell marker (MARCM) [21], a genetic
technique that allows us to label and image individual MNs
(Fig. 1C). The use of fluorescent proteins allows for highresolution in vivo imaging with minimal photobleaching, reduced phototoxicity and enhanced labeling of the neuronal
membrane. Although labeled MNs generated by MARCM can
be imaged live in the intact animal, muscle contraction by larva
hinders the acquisition of confocal images through consecutive
z positions. The brain and VNC are therefore exposed by
dissection and the tissue is fixed with formaldehyde before
immunostaining with antibodies directed against mCD8 and
a secondary marker, Fasciclin II (FasII). FasII labels axon
fascicles that divide the VNC into distinct territories and
provides a frame of reference in which to map the relative
positions of the MN soma and dendrites [17]. The entire
morphology of single MNs is then imaged with laser scanning
confocal microscopy that produces the image stacks to be
analyzed (Fig. 2). Here we use only the green channel for the
estimation of the neuron morphology (Fig. 1D-F), while the
morphology-based MN classification requires datasets from
both channels and is beyond the scopes of this paper.

Fig. 2. Datasets for classifying individual neurons: the image stacks,

one for each channel; A: neuron images; B: CNS reference images.
The circled areas in A indicate the neuron partitions of our interest
(soma, axon, dendrites), while the numbered arrows show some
features from VNC that inevitably exist in the mCD8-stained stack
and we consider as noise.

C. Partial neuron structure estimation in fine scales
In the last decade there has been an increasing interest
in the problem of segmenting tubular and tree-like structures
such as the neuron dendrites. For example, Zhou et al. [38]
use a level set-based approach to segment precisely dendrites
from 2-photon microscopy images. Peng et al. [25] reconstruct
neurites (axons and dendrites) with fuzzy boundaries using a
region-based deformable model initialized by detecting neurite
regions and connecting them in a shortest-path manner. In the
work of [29], the tubular-like structures are segmented with
shape-constrained geodesic active contours, after branching
points are manually annotated in dendrites imaged with confocal microscopy, while in [1] a method for automated branching
points detection is presented. In [33], the tree structure of the
dendrites is estimated from multi-photon microscopic images,
using skeletonization and splines. Dima et al. [6] use wavelets
to trace the branches boundaries, while Uehara et al. [32] use
confocal and 2-photon microscopy images to show a shapedriven approach where the dendrite branches are approximated
with cylinders that serve as topology constraints for a wave
propagation method. In the work of [22], dendrite structures
are estimated by detecting their skeletons and then applying
intensity-based fuzzy c-means clustering, while in [37] the
detected skeletons are used in a graph-theoretic approach
to provide fine tracing of the dendritic branches. In [9] a
probabilistic method is proposed, where both local (in a single
image) and global (over the entire image stack) constraints
are considered in a K-Minimum Spanning Tree approach.
In the recent work of Kaynig et al. [15] neuron boundaries
are estimated from electron microscopy data with an energy
minimization using graph cuts. Finally, it is worth noting the
existence of software packages, such as Neurolucida1 , used
in [30] for tracing dendritic structures and calculating their
morphology statistics, and NeuronStudio2 .
D. Global neuron structure estimation
According to the study in [16], the morphological features
that uniquely describe individual MN subtypes are: relative
position between the soma and the CNS center; relative
position between the axon and the CNS center; direction and
extent of the axon; position of the dendrites along the axon;
relative positions of the dendrites and the soma; extent of
1 MBF

Bioscience: http://www.mbfbioscience.com/neurolucida
Neurobiology and Imaging Center, Mount Sinai School of
Medicine, NY: http://research.mssm.edu/cnic/tools-ns.html
2 Computational
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Fig. 4. Examples of the Haar masks in the 3D domain: {gray =
−1, white = +1}.

II. N EURON MORPHOLOGY ESTIMATION

Scope of the global neuron morphology estimation. From
the neuron volume (collapsed stack image shown), our goal is the
3D segmentation/partitioning of the morphological compartments,
for the estimation of their relative positions with respect to each
other and the VNC reference (midline). This representation can yield
the MN classification into distinct morphologies, shown with the
(2D ground-truth) sketches and described in [16]: the arrows show
the dendrites positions and extends, the disks illustrate the somata,
the curved lines show the axons, while the dotted lines represent
the VNC midline. The eight sketches correspond to different motor
neurons from four main nerve branches (ISN, ISNb, ISNd, SNa):
top row, left to right: [ISN: MN1-lb], [ISN: MN9-lb, MN10-lb],
[ISN: MN2-lb], [ISN: MN3-lb, MN4-lb]; bottom row, left to right:
[ISN: MN11-Ib, MN18-Ib, MN19-Ib, MN20-Ib], [ISNb: MN6/7-Ib,
MN12-Ib, MN13-Ib,MN14-Ib, MN30-Ib, MNISNb/d-Is, MNISNb/dII; ISNd: MN15/16/17-lb], [ISNb: MN15/16-lb], [SNa: MN21/22-Ib,
MN22/23-Ib, MN23/24-Ib]. For further details we refer the reader to
the study in [16].

Fig. 3.

the dendrites. To calculate these features, and apart from the
segmentation of the neuron volume from its surroundings, we
need to estimate the positions and shapes of the individual
compartments, namely the soma, axon and dendrites. That
is, we need to partition the neuron volume into these three
morphologically distinct sub-volumes (Fig. 3).
From the above it is clear that here our goal is not to estimate the neurites structure in fine scales, but to provide a computationally comprehensive description for the entire structure
of larval motor neurons, with simultaneous segmentation and
labeling of the individual morphological compartments. This
is the novelty of the present work. We base our study on the
detailed descriptions of larval motor neurons in Drosophila
found in the literature, namely the works of [16], [12], [28].
In summary, there are two major differences between our
work and the literature above: (i) we are not interested in the
precise segmentation of the dendritic structures, i.e., tracing
the branches and detecting bifurcations, since this yields
only a fraction of the desired morphology information; (ii)
computationally, our task is the segmentation and compartment
labeling, while existing image analysis techniques aim only at
the segmentation of a part of the neuron, i.e., dendrites only
or neurites.

From Figs. 1, 2 it becomes apparent that while intensity
determines the neuron volume, shape is what describes the
compartment label: soma is an ellipsoid, axon is an elongated
structure, while dendrites have arbitrary shapes.
The high variability in morphology, even for MNs of the
same subtype, does not allow for partitioning using shapeconstrained models, e.g., Active Shape Models [4]. Other
model-based methods, such as the multi-compartment level
set proposed in [7], can be best described as top-down,
since they assume a priori known topology of the individual compartments during the initialization. Appearance-based
methods, such as multi-label graph cuts [10], also consider
approximations for the compartment relative topology, and
ignore shape information. In our problem, the relative topology
is unknown and it is the objective, in the bottom-up framework
we describe below.
Our approach is based on the principle of co-segmentation
[26], [14]. It exploits the idea of sharing information about the
targets appearance and shape throughout the input set, instead
of using prior knowledge, e.g. training samples in a supervised
learning framework.
Co-segmentation principle was introduced by Rother et al.
[26] with a generative model in a Markov Random Field
(MRF) formulation that accounts for spatial coherence and
appearance similarities between images. It is used for the
detection of the same object in different scenarios: in front
of different backgrounds and/or observed from different viewpoints. In the same direction, the work of [13] uses an MRF
solved with the max-flow algorithm in a graph implementation,
aiming at maximizing the similarity between a pair of images.
MRF formulation of the co-segmentation problem is also
proposed in [24] where the common foreground in a pair
of images is quantified by histogram matching. It is worth
noting that although these approaches model the problem
with an MRF, the inference is solved in different ways. A
different approach was proposed by Joulin et al. [14], who
combine bottom-up unsupervised clustering with top-down
supervised classification, maximizing spatial and appearance
consistency within an image and the separability of two classes
between different images. Extending co-segmentation to larger
image collections, Russell et al. [27] build the solution from
initial over-segmentation sets. Based on the bag-of-words
model, they extract visual words, then topics, and the common
foreground is built by choosing good segments within each
topic. In [3], the common foreground in the image collection
is extracted in an interactive manner, where the user decides
what the target is, and a Generative Mixture Model-based
framework is driven by active learning based on the user’s
manual labeling.
Co-segmentation was recently applied to the problem of
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Haar features, their clustering and estimation of the reference region. (A) Images from the input stack at successive depths. (B)
(z−1)
(z)
(z+1)
Haar-based intensity features calculated for each image. (C) Clustering outcomes Ch
, Ch and Ch
for features h = 1, . . . , H. (D)
(z−1)
(z)
(z+1)
Estimated reference probability maps P
(x), P (x) and P
(x), ∀x ∈ Ω, from eq. (6).

Fig. 5.

estimating 2D neuron boundaries from electron microscopy
data [35], where the objective function to be minimized
penalizes disagreements between the segmentation outcomes
from two closely correlated images (successive images in
the stack). However, the aim of this work was to segment
boundaries ignoring the actual neuron morphology.
Here, we assume intensity continuity/smoothness along the
z-axis (depth), i.e. that successive images are correlated. If
a region of interest exists at a given depth, then part of it
should also exist at neighboring depths. We use this as a soft
constraint to account for progressively appearing/disappearing
regions over depth, which depicts the arbitrary 3D topology
of the neuron compartments. We also assume that the entire
soma is present in the examined volume.
A. Initial segmentation
Similarly to e.g. [14], we first create superpixels from each
image in the stack with over-segmentation. Due to the data
inhomogeneities in the xy plane and along the z-axis, and
to obtain more robust intensity information, we use Haarlike features [34] of fixed size in 3D as shown in Fig. 4.
Such masks are essentially based on the idea of wavelet
decomposition, some of which (the two-box masks) approximate the sigmoid Haar basis functions. They provide coarse
modeling of appearance, are not used for rich representation
of texture (i.e., contrary to steerable/Gabor filters), but they
can be computed very efficiently using the idea of the integral
image [34]. Detailed texture modeling is not our scope, due
to the high variability of intensity (lack of salient textures).
Let I (z) be an image in the the stack, at depth z = 1, . . . , Z,
and H be the total number of Haar features, using n × n × m
masks and taking into account images at neighboring depths

I (z±δz) , δz = 1, . . . , (m − 1)/2. In our experiments, and for
1024 × 1024 × 30 dataset size, we set {n = 25, m = 5} and
H = 20 features.
We segment I (z) using each feature h = 1, . . . , H sepa(z)
rately, and we obtain H segmentation outcomes Ch . Here,
we adopt the k-means algorithm, although other methods can
be used (e.g. normalized cuts as in [27], [14]). Panel A in
Fig. 5 illustrates three successive images in the stack, panel B
shows the calculated H features for each depth, while panel
(z)
C shows the initial clustering Ch of each feature. The goal
(ζ)
is to combine the outcomes Ch , ζ = z ± δz, to obtain the
final result C˜(z) for I (z) .
Our co-segmentation approach is driven by shape, as we
define it below, since this is what discriminates the individual
compartments of our interest.
B. Shape representation
We integrate information about both the shape and the
relative positions of the neuron compartments in the image
domain. That is, we define a shape representation of a set of
objects using distance functions.
(z)
(z)
Let Ch = {Ch,k }K
k=1 be a segmentation outcome for fea(z)
ture h at depth z, where Ch,k is the k-th segment and K is the
total number of segments3 . We consider a reference segment
(z)
Cs , which is chosen as the region that best approximates a
prior knowledge that we have for the data, and is calculated
(z)
from all segmentation outcomes {Ch }H
h=1 , as we explain
below.
3 Note that k and K are independent from the unsupervised approach for
creating initial regions, and therefore they are irrelevant from the cluster index
and total number of clusters of the k-means algorithm that we use. Also, we
consider fixed the total number of k-means clusters for the entire volume.
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probability of the segment k being part of the reference can
be formed as,
(z)
(z)
P (k = s|Dh (k, disc)) = 1/ exp{Dh (k, disc)} (4)
We define the auxiliary variable,
(
(z)
1, ∀x ∈ Ch,k
(z)
λh,k (x) =
,
0, otherwise

(5)
(z)

which essentially is the Heaviside function of Φh,k . Then,
(z)
considering all segmentation outcomes Ch , h = 1, . . . , H,
at depth z, we estimate the probability map ∀x ∈ Ω,

H X
K
Y
(z)
(z)
P (z) (x) =
λh,k (x)P (k = s|Dh (k, disc))
(6)
h=1

Fig. 6. Shape representation of a random over-segmentation outcome
(z)

Ch . First row (from left to right): collapsed stack image; image
at depth z with the box indicating the image part of our focus;
general schematic representation of the shape as a vector field, at
x ∈ Ω. Second row (from left to right): an over-segmentation set
(z)
(z)
Ch with the reference Cs being the dark region in the center and
P
(z)
(z)
its directed distance Φs superimposed; visualization of K
k=1 Φh,k
(z)
for the distance functions Φh,k of all k segments, normalized in [0, 1].

If Ω is the (2D) image domain and x ∈ Ω denotes
location in Cartesian coordinates, the directed (vector) distance
function Φ(z)
of the estimated reference segment s at depth
s
z describes its shape but also the relative positions of all
(z)
segments {Ch,k }K
k=1 ,
(z)
Φ(z)
(1)
s = d(x, Bs ), ∀x ∈ Ω
(z)
where d(x, Bs ) is the vector distance of every x ∈ Ω from
(z)
the closest point on the reference segment boundary Bs . The
(z)
magnitude and direction of Φs represent the relative position
of x ∈ Ω and therefore of every segment (Fig. 6).
(z)
Moreover, the shape of each segment Ch,k is described with
the distance function,(
(z)
(z)
d(x, Bh,k ), ∀x ∈ Ch,k
(z)
Φh,k =
,
(2)
0, otherwise
(z)

(z)

where d(x, Bh,k ) is the undirected distance of every x ∈ Ch,k
(z)
from the closest point on the segment boundary Bh,k (Fig. 6).
Then, the topology (shapes and relative positions) at a single
(z)
depth, given a segmentation outcome Ch , can be defined as
a vector field,


K
X
(z)
(z)
Φh = Φ(z)
,
Φ
(3)
s
h,k ,
(z)

(z)

k=1

given that Ch,i ∩ Ch,j = ∅, i 6= j, i.e., for a given x ∈ Ω,
(z)
(z)
Φh,i (x) and Φh,j (x) cannot both have non-zero values.
Estimation of the reference from soma segments. In our
application, we consider a region of the soma, the least variable
structure whose shape approximates a disk in the 2D domain,
as the reference segment. If soma is over-segmented and/or
there are regions from other compartments present at the
(z)
given depth, then Cs is chosen as the segment that best
approximates our prior knowledge, i.e. best fits a disc.
Using the Bhattacharyya distance
the normalized shape histograms of

(z)
Dh (k, disc)
(z)
Ch,k and a

between
disc, the

k=1

Note that K is not necessarily the same for all segmentation
outcomes; however, in the above definition we consider a
single K for notation simplicity. Fig. 5D shows P (z−1) (x),
P (z) (x), P (z+1) (x), ∀x ∈ Ω, where the reference segment is
obtained by thresholding these maps.
C. Co-segmentation
Our objective is to combine the over-segmentation outcomes
from all H features and m depths around z to obtain the
final partitioning C˜(z) , for every image in the stack. C˜(z)
must contain segments of only three classes (soma, axon and
dendrites), however the number of segments is unknown since
more than one dendrites may exist.
Soma and axon have distinctive shapes as we describe
above. We exploit this information to drive our task using
the definitions in eqs. (1)-(3).
We formulate co-segmentation as a minimization of a cost
function across allimages in a given stack,
PZ
E = z=1 ε(z)
,
(7)
ε(z) = z + δz + p
were we introduce three kinds of loss terms that serve as
constraints for appearance and shape, as described below.
(a) Local appearance homogeneity. We penalize inconsis(z)
tencies among the sets {Ch }H
h=1 . Assume that two features
h1 and h2 , h1 6= h2 , produce two segmentation outcomes
(z)
(z) L
{Ch1 ,k }K
k=1 and {Ch2 ,l }l=1 , where K and L are the numbers
of segments for each case. We want to detect which segments
from one set match spatially the segments from the other, and
penalize mismatches between spatially overlapping segments.
We define a disagreement term between two segments k
and l produced from clustering two features h1 and h2 , as
(z)
∆h1 ,h2 (k, l) =


Z
(z)
(z)
(z)
(z)
(z)
=
δh1 ,h2 (k, l) Ch1 ,k ∪ Ch2 ,l − Ch1 ,k ∩ Ch2 ,l (x)dx, (8)
Ω

where

(
(z)
δh1 ,h2 (k, l)

=

(z)

(z)

1, if Ch1 ,k ∩ Ch2 ,l 6= ∅
0, otherwise

(9)

Then, the local segment homogeneity can be defined as,
X

H
K X
L
X
(z)
z =
∆h1 ,h2 (k, l)
(10)
(h1 , h2 ) = 1
h1 6= h2

k=1 l=1

(z)

(b) Local shape smoothness. If Φh

is the shape of the
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(z)

segmentation outcome Ch for feature h at depth z, we penalize shape variations that this feature yields over neighboring
depths z ± δz,

H  z+δz
z+δz
X
X
X
1
(i)
(j)
Φh − Φh , (11)
δz =
|i − j|
h=1

i=z−δz j = z − δz
j 6= i

1
gives higher weights to shape differences between
where |i−j|
images closer to each other with respect to depth.
Let us take into account the inherent properties of this
implicit representation of shape (see also the vector illustration
in Fig. 6), and consider the shape Φ = [φx , φy , φz ] of a segmentation set: the x and y elements correspond to the distance
function of the reference and the z element corresponds to
the distance representation of a segment if φz 6= 0. Then
(i) (φx , φy ) are calculated using all H features and therefore
can be considered constant with respect to the outermost
summation in eq. (11), (ii) φx , φy and φz are pairwise
orthogonal, and (iii) it has been shown that the distance-based
shape representation satisfies the first-order continuity, i.e. ∂Φ
∂x ,
∂Φ
∂Φ
and
are
defined
in
the
entire
image
domain.
Therefore,
∂y
∂z
eq. (11) can be decomposed into,

rδz

=

z+δz
X

z+δz
X

i=z−δz j = z − δz
j 6= i

sδz =

H  z+δz
X
X
h=1

z+δz
X

i=z−δz j = z − δz
j 6= i

1
Φ(i) − Φ(j)
s ,
|i − j| s

(12)


1
(i)
(j)
ΦKh − ΦLh ,
|i − j|

(13)

PK
PL
(i)
(i)
(j)
(j)
where ΦKh =
k=1 Φh,k and ΦLh =
l=1 Φh,l are
(i)
the representations of the segmentation sets {Ch,k }K
k=1 and
(j) L
{Ch,l }l=1 for a given feature h at depths i and j respectively.
(c) Topological segment connectivity/separability. We are
interested in partitioning a volume into three distinct compartment classes. This determines that merging segments from the
initial clustering should successively reveal the desired shapes.
For the clustering outcome of each feature h, at depth z,
(z)
we define a structure (hypermatrix) Mh with size K × K,
where K is the total number of estimated segments. Each
(z)
(z)
(z)
element Mh (k1 , k2 ) is the shape histogram of Ch,k1 ∪Ch,k2 .
(z)
To avoid redundancies, Mh is a triangular matrix with
the main diagonal consisting of the shape histograms of the
individual segments. Moreover, taking into account the spatial
coordination of the segments, we only allow for merging
(z)
within neighborhoods, which makes Mh sparse.
Let qd and qe be the normalized shape histograms of an
average soma (disc) and axon (elongated structure) estimated
manually from existing datasets. Note that both compartments
have conceptually distinct shapes and therefore it is possible
to obtain their shape priors individually, although their relative
topology is highly variable. Then the Bhattacharyya distances
(z)
(z)
D[Mh (k1 , k2 ), qd ] and D[Mh (k1 , k2 ), qe ] indicate similarity with the desired shapes. Let
 
 

(z)
αh (k1 , k2 ) = min D k1 ∪ k2 , k1 , D k1 ∪ k2 , k2 , (14)

where
( 

 (z)

(z)
D k1 ∪ k2 , k1 = D Mh (k1 , k2 ), Mh (k1 , k1 )


 (z)
 ,
(z)
D k1 ∪ k2 , k2 = D Mh (k1 , k2 ), Mh (k2 , k2 )
penalize shape inconsistencies before and after merging segments k1 and k2 . Also, let
(z)
βh (k1 , k2 ) =
  (z)
  (z)

= min D Mh (k1 , k2 ), qd , D Mh (k1 , k2 ), qe , (15)
which indicates the highest similarity between a merging
outcome and the two shape priors. We define the cost term,

H  X
K
X
X (z)
(z)
p =
αh (k1 , k2 )βh (k1 , k2 ) ,
(16)
h=1

k1 =1 k2 ≥k1

which penalizes large shape variations before and after merging (with α) and dissimilarities with the desired priors (with
β), over all features.
D. Cost minimization
The minimization of the segmentation cost posed in (7),
using the definitions in eqs. (10), (11)- (13), (16), is a combinatorial problem, where segments from different feature clustering outcomes over different depths are pairwisely merged to
successively produce larger segments. Various methods have
been proposed in the recent co-segmentation literature describing global optimization solutions, e.g. as Markov Random
Fields [26], [13]. The most straightforward, but also most
computationally demanding, approach would be to solve the
minimization as an N ×M ×Z×H MRF, for N ×M ×Z image
stacks, over H features. The construction of a graph according
to [13] can also be adopted, considering the segments as
superpixels (replacing the pixels in the graph). We describe
the steps of a bottom-up solution, according to which the
complexity reduces monotonically during segment merging.
Given an image stack {I (z) }Z
z=1 :
(z)
(i) For every I , calculate the initial segmentation out(z)
(z)
comes Ch , h = 1, . . . , H, consisting of Kh number
of segments.
(z)
(ii) For every I (z) , estimate the reference segment Cs from
eq. (6). Produce Z references.
(z)
(iii) For every I (z) , calculate H shapes Φh . Produce H ×Z
shape representations.
(iv) Calculate the cost terms z , rδz , sδz , p , and the total
cost E.
(z)
(v) Merge segments within the sets Ch for each h and
z independently, in a pairwise manner, and keep the
merged segments that yield the minimum total energy
E 0 ≤ E. Specifically, ∀z ∈ [1, Z]:
•

•

(z)

disagreement matrices ∆h1,h2
calculate H×(H−1)
2
from eq. (8), to account for all pairwise segmentation
outcome disagreements for the H features.
For every pair of features h1 and h2 , merge the
segments that simultaneously yield lower values for
(z)
∆h1,h2 and

z+δz
X  z+δz
X
X
1
(i)
(j)
ΦKh − ΦLh
|i − j|
h={h1 ,h2 }

i=z−δz j = z − δz
j 6= i
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This step builds homogeneous segments that satisfy
appearance and shape smoothness, that is it produces
monotonically decreasing appearance and shape disagreement between two feature segmentation outcomes at a given depth, by conditionally decreasing
the number of segments.
(vi) Solve the above joint minimization problem recursively,
over all depths z ∈ [1, Z], repeating steps (ii)-(v). In
our implementation we used the graph-based Dijkstra’s
shortest path algorithm [5]. However, due to the limited
number of examined images (Z) and neighbors over
depth (2δz), the recursive solution is trivial using most
known optimization approaches (e.g., dynamic programming).
Note that in the above procedure we only consider pairs of
segments that are spatial neighbors in the image domain.
III. R ESULTS
Our MARCM experiments and imaging studies have thus
far yielded over 150 high-resolution image stacks of 28
unique larval MN subtypes. We analyzed 34 randomly chosen
datasets depicting 4 MN subtypes (MN1,9,15,16). Manual
identification of these MNs agrees with the results of previous
studies that focused on dendritic patterns [16] and presynaptic
(axonal) patterns of connectivity [12].
In all datasets, the estimated and manually labeled compartment subvolumes largely coincide, which is sufficient for the
desired morphology-based MN recognition.
A. Accuracy
We validated the accuracy of our method pixel-wise, by
defining as error the percentage (%) of misclassified pixels
with respect to the compartment area (2D) and volume (3D),
|ground truth − estimated|
comp
(17)
errordim
=
ground truth
Here we report [average, worst-case] errors from two comparison approaches:
(i) We manually traced soma, axon and dendrites boundaries
for each image in a given stack and compared the resulting
areas with our results. In average, over all depths in a stack,
soma
the 2D segmentation errors were: error2D
= [2.3, 6.8],
axon
dendr
error2D = [4.1, 5.7], and error2D = [11.3, 20.4].
(ii) We interpolated the manually traced boundaries over depth,
calculated the 3D volume, and compared it with our estimated
volume. The [average, worst-case] segmentation errors in 3D
soma
axon
were: error3D
= [5.1, 7.9], error3D
= [6.3, 7.2], and
dendr
error2D = [10.8, 18.7].
As anticipated, the segmentation of the soma yields lower
errors, due to the relatively homogeneous intensity, its smooth
variation over depth, and the small shape variation. On the
other hand, the intensity inhomogeneities and random shapes
of the dendrites make their accurate segmentation more challenging. The higher errors we report for the estimation of the
volumes are mainly due to the interpolation of the 2D ground
truth boundaries.
Fig. 7 shows qualitative results of our approach. The left
side of panel (A) shows an example of initialization for our

(A) Co-clustering using three Haar features over three
successive images in the stack. Left: individual over-clustered features. Right: co-segmentation result at a single depth. (B) Indicative
segmentation result for a given dataset. Left: segmentation of a
random image in the stack; the CNS center is also illustrated with
a red line. Right: result in 3D. (C) Illustration of the solution at a
random depth (same as in (B)), with respect to manual boundary
tracing (ground-truth) shown with black lines.
Fig. 7.

method, over three successive depths in the stack, using three
Haar features. Essentially, our approach splits and merges
such spatial segments, taking into account neighboring images
along depth. In this example, the right side of the panel shows
the cross-section of the final result at the given depth. Panel
(B) shows a result in 2D (cross-section at a random depth)
and in 3D (see legend). Panel (C) illustrates a magnification
of the result in 2D, with the black outlines showing the manual
tracing of the compartments used as ground-truth in eq.(17).
The most relevant approach in the literature to compare our
method with is the multi-compartment geometric deformable
model (MGDM) [7], which must be initialized inside each
distinct area/volume of interest. An obvious advantage of our
method is that it does not require such initialization, and
therefore the bottom-up compartment estimation is achieved
without any a priori known topology. We tested the performance of MGDM for the 2D segmentation of the collapsedstack neuron images and the segmentation of the neuron
volume by extending the method into 3D.
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Fig. 10. Two- and three-dimensional Hessian-based Frangi filter [8],
Fig. 8. Segmentation of the collapsed-stack images of four neurons,

using the multi-compartment geometric model in [7].

Three-dimensional segmentation using a 3D extension of
MGDM [7]: depth instances are shown for each neuron volume (row).
Fig. 9.

Fig. 8 illustrates the images of four motor neurons, with the
2D MGDM results superimposed: while somata are relatively
accurately segmented, due to the smooth high intensity, axons
and dendrites could not be captured. This is due to the intensity
inhomogeneities and the lack of shape prior information. In
all cases we initialized the method with a single line-seed
inside each region of interest. We also observed that different
initializations produce different segmentation results. Fig. 9
shows three depth instances (in each row) of the segmentation
of two neuron volumes, using the 3D extension of MGDM.
We also tested the performance of more straightforward
approaches, namely direct intensity clustering (fuzzy c-means
and graph-cuts - see [11] for a review) and deformable
models, such as our method in [31]. We first segmented
the neuron volumes, and then partitioned the results into
the distinct compartments manually, since part-based labeling
is not an inherent process in such methods. The best and
worst classification errors we obtained were: soma ⇒ [6.2,
9.4]; axon ⇒ [7.1, 9.8]; dendrites ⇒ [12.1, 19.1], where no
single method performed better than the others for all datasets.
Also, graphical model-based classification using conventional
Markov and Conditional Random fields was not feasible, since
no training can capture the high variability in the intensity,

[2] for the estimation of the neuron compartments. First row: four
images of the neuron stack; second row: the corresponding filter
results; third row: the 2D filter applied to the collapsed-stack image
(the estimated directionality is shown in the rightmost panel).

across datasets and within the same dataset (over depth).
Finally, we examined how the multi-scale Hessian-based
filter of Frangi et. al [8], and its N-dimensional extension [2]
can be used to extract the axon and soma subvolumes. As
shown in Fig. 10, this type of filtering enhances the tubularlike structures of a neuron volume, however, its capability
of partitioning the desired compartments is limited: (a) soma
and axon cannot be segmented without additional global
shape information, and (b) the dendrites cannot be accurately
captured due to the lack of sufficient resolution (also see
section I-C). The first row of Fig. 10 illustrates four images
from a stack, while the second row shows the corresponding
(3D) filter responses. In the third row, the 2D vesselness is
estimated (middle) from the collapsed-stack image (left); the
right panel illustrates the directionality of the detected vessellike structures (notice the smoother directionality in the somaaxon region). From these images it becomes apparent that
while such filter can be used to approximately locate soma
and axon, it cannot be used for the actual partitioning of the
desired compartments.
B. Solution stability
We validated the stability of our solution for different
initializations, namely different initial over-segmentation sets
(z)
for each feature and depth: {Ch }H
h=1 , z = 1, . . . , Z. The
plots in Fig. 11A show the segmentation errors for the three
compartments over 100 different initial over-segmentations
with k-means. Fig. 12 illustrates the inconsistencies of kmeans: the right image shows the normalized frequency with
which pixels change clusters.
Fig. 11B shows the error in estimating the reference (soma
region) at a given depth from eq. (6),


 (z) 
(z)
A ∩100
r=1 Cs (r) − A Cs (i)
,
(18)
errorref =


(z)
A ∩100
r=1 Cs (r)
(z)

where ∩100
r=1 Cs (r) denotes the intersection of the estimated
(z)
references over all initializations, Cs (i) is the reference from
the i-th initialization, and A[·] denotes area.
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Fig. 11. Solution stability for different segment initializations. The x-axis in (A) and (B) corresponds to repetitions of the k-means algorithm

(also see Fig. 12) that produce different segments as initialization for our method. (A) Average segmentation errors calculated from eq. (17)
for each neuron compartment separately. (B) Variation in the reference segment estimation according to eq. (18). (C) Segmentation errors
for each compartment, where each numbered bar corresponds to a different sampling factor that determines neighboring images along z:
1 = {I (z−2) , I (z−1) , I (z) , I (z+1) , I (z+2) }, 2 = {I (z−4) , I (z−2) , I (z) , I (z+2) , I (z+4) }, 3 = {I (z−6) , I (z−3) , I (z) , I (z+3) , I (z+6) }.

We also validated the robustness of our method with respect
to the correlation between successive images in the stack.
For that purpose, we considered different sampling factors
along z, i.e. images at different distances from each other.
We recorded the segmentation errors from eq. (17) for each
compartment separately, as shown in Fig. 11C. As anticipated,
and similarly to existing co-segmentation methods, the more
correlated the considered images, the higher the segmentation
accuracy. In our framework, when neighboring images are far
from each other along z, the intensity continuity (smoothness)
assumption is violated.
Finally, Fig. 13 shows some indicative results of our method
for neuron reconstruction and compartment-based labeling.
For visualization purposes, the reconstructed somata and axons
are illustrated as surfaces; the dendrites are represented with
randomly sampled points from the obtained boundaries that
were triangulated (for transparency).
IV. C ONCLUSIONS AND DISCUSSION
The morphological properties of a neuron have a direct
influence on patterns of synaptic connectivity. We developed
an appearance and shape driven co-segmentation method for
3D reconstruction of the neuron morphology, in order to create
3D models standard for different motor neuron subtypes in
the Drosophila nervous system. Such models will serve as a
predictive tool for the assembly of motor circuits in the normal
and mutant brain.
Beyond the specific application, the co-segmentation approach we described here balances the trade-off between shape
and appearance in the segmentation of part-based structured
objects: we bridge top-down (model fitting) methods, such as
Active Shape Models (ASMs) [4] and bottom-up methods,
such as the multi-compartment geometric models [7]. We
described two key differences between our approach and
these two families of methods: (a) the relative topology of
the compartments is fixed but their shapes are highly varying; therefore ASMs cannot be applied due to the linearity
of the employed Principal Component Analysis; (b) multicompartment geometric models require labeled initializations
within the different parts, i.e., consider prior knowledge for
topology; on the contrary, in our approach topology is discovered in a bottom-up fashion. Finally, the difference between
our approach and existing co-segmentation methods can be
summarized in that we drive segmentation using shape, while
existing algorithms use appearance.

Clustering inconsistencies for the same feature at the same
depth (left: original image; right: result). Gray levels on the right
panel illustrate in a normalized scale the severity of the k-means
algorithm inconsistency, after 100 repetitions with the same number
feature clusters and different centroid initializations. Brighter regions
correspond to image pixels that change clusters frequently, while
darker regions correspond to more stable pixels.
Fig. 12.
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