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Abstract. Automatic interpretation of Transmission Electron Micrograph (TEM) volumes is central to advancing current understanding of
neural circuitry. In the context of TEM image analysis, tracing 3D neuronal structures is a significant problem. This work proposes a new model
using the conditional random field (CRF) framework with higher order
potentials for tracing multiple neuronal structures in 3D. The model consists of two key features. First, the higher order CRF cost is designed
to enforce label smoothness in 3D and capture rich textures inherent in
the data. Second, a technique based on semi-supervised edge learning is
used to propagate high confidence structural edges during the tracing
process. In contrast to predominantly edge based methods in the TEM
tracing literature, this work simultaneously combines regional texture
and learnt edge features into a single framework. Experimental results
show that the proposed method outperforms more traditional models in
tracing neuronal structures from TEM stacks.
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Introduction

Understanding the interconnectivity structure of the brain is a grand challenge
in neuroscience. Recent developments in imaging have enabled capturing massive amounts (in terabytes) of Transmission Electron Micrograph (TEM) data
at sub-nanometer resolutions. Manual analysis of these data repositories is infeasible, justifying the need for evolving image analysis algorithms. One of the
challenges in interpreting these data repositories lies in automated tracing of
multiple interacting neuronal structures in 3D. This paper proposes a robust
and efficient tracing algorithm employing conditional random fields(CRFs).
Problem Definition: Images displayed in Figure 1 correspond to different zslices from a TEM stack. Three sample structures are shaded to illustrate difficulty levels in tracing: simple(red), medium(green) and hard(blue). As can be
seen, the structures express regional textures that are discriminative and noisy.
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Furthermore, each structure has special gradient profiles that cannot be captured
using simple gradient operators. Finally, structures could deform considerably
without arbitrary movement from one slice to another. The figure also illustrates problems introduced during the imaging process (sample damage shown
by a black box in Figure 1(b), illumination artifacts from Figure 1(b) to 1(c)).
As is evident from Figure 1, it would be desirable to model regional cues (in-
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Fig. 1. (Best Viewed in Color) Three representative slices with manual annotations.
Structure in red is simple to trace since it has well defined gradients and regional cues.
Structure in green is tougher since it shares boundaries with many different neighbors
and a variety of gradient profiles arise on its border. Structure in blue is toughest to
trace due to inconsistent region and edge information.

tensity, texture etc .. ), characteristic gradient profiles (learnt edges) and 3D
smoothness constraints (dynamics of structures in the z-direction) in a unified
framework that implicitly handles arbitrary changes in topology. This work aims
to convince the reader that CRFs are capable of exploiting multiple information
sources for tracing neuronal structures in TEM stacks.
Contributions: The primary contribution of this work is in designing an algorithm for tracing multiple interacting 3D structures in TEM stacks. Salient
features of the proposed model include:
– Semi-supervised edge learning scheme for propagating high confidence edge
maps during the tracing process (Section 2.1)
– Design of a higher order CRF cost for simultaneously enforcing 3D label
smoothness and capturing regional textures (Section 2.2)
Related Work: While there has been a lot of interest in EM tracing over the
past year, this work differs from existing literature [3],[6],[5],[4] (and references
therein) in the following ways. The nature of data considered is vastly different,
in that it has discriminative regional texture in addition to characteristic gradient profiles. Most existing techniques approach the problem employing strong
edge learning methods since the datasets considered present edge detection as
the important challenge. In particular [7] propose a global technique that performs optimization over the entire stack. However, scaling global techniques to
large datasets would be difficult. Sample damage and unfavorable imaging conditions could further seriously affect a truly global approach. This motivates the
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proposed approach where multiple interacting structures are traced in a scalable
manner.
The proposed solution adopts a CRF framework for integrating multiple sources
of information described previously. The following paragraph provides a brief
background and introduces notations that will be used in this paper. CRFs
are image models that capture contextual interaction between pixels. Given
features xpz of a pixel p in slice z of the stack, the goal is to infer its label
ypz ∈ L = {1, 2..L}. L is the label set containing L labels, which in the present
case is the number of structures to be traced. P z denotes the set of pixels constituting slice z. Labeling is achieved by minimizing a CRF energy comprising
unary, interaction and higher order terms, see Equation 1. Unary potentials
encode the likelihood of a pixel pz to take on label ypz . Interaction potentials
encourage label smoothness between pz and its neighbors q z contained in a neighborhood system Npz . Higher order terms encourage label consistency across any
clique (group of pixels) cz contained in the set of cliques C z in slice z. For this
work, cliques are superpixels generated by oversegmentation. The CRF energy
is given by:
X
X
X
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The above energy function can be efficiently minimized using graph cuts if each
term obeys a submodularity constraint. The time complexity of inference employed in this work is similar to traditional alpha expansions. For further details
[9],[2],[1] are comprehensive sources of reference.
This paper is organized as follows. The second section describes the construction
of potential functions for the proposed higher order CRF model. The subsequent
section presents experimental results on TEM stacks with a quantitative analysis. The final section concludes the paper with a discussion on future work.

2

Multiple Structure Tracing with Higher Order CRFs

The proposed model is obtained by constructing unary, interaction and higher
order terms in Equation 1. The unary potentials are coarse object/background
likelihoods computed using information from previous segmentations. The unary
potentials are unregularized and require interaction models (second and higher
order) for smooth segmentation. Traditional second order interaction models
comprise first order gradient operators, which are often incapable of capturing
a wide range of edge profiles. In contrast, the proposed semi-supervised scheme
for edge propagation captures a wider range of edge profiles using a learnt model
as shown in Figure 2. The edge propagation scheme does not assume smoothness across the z-direction in its construction. However, there are scenarios where
unary and pairwise terms become unreliable (for the hard structure in Figure 1(c)
and in case of sample damage). In such scenarios, a model for capturing higher
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order regional interactions for resisting failure caused due to first and second order models, and for enforcing smoothness across the third dimension is required.
The robust Pn model is employed for this purpose.
2.1

Semi-Supervised Edge Propagation
(I

z −I z )

2

Interaction potentials are given by Vpq (ypz , yqz ) = λI exp(− p 2σ2q ) dist(p1z ,qz )
I
δ(ypz = yqz ). λI , σI are parameters controlling influence of interaction potentials
and edge quality respectively, δ is a dirac delta function evaluating to 0 if the
condition in parenthesis is satisfied and 1 otherwise. Computing Vpq in the above
fashion is equivalent to a first order gradient operator, which is not suitable for
TEM datasets. This work leverages contour initialization as partial labeling and
propagates edges through the stack using a semi supervised scheme. The idea
is to learn edge textons [10] to improve structure specific edge detection. This
is in contrast to recent efforts that learn application specific edges using large
amounts of training data. For ease of explanation, a two label problem with the
goal of propagating edges between slices z − 1 and z is considered.
The filter bank considered comprises of M filters and is given by F = [F1 F2 ...FM ],
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Fig. 2. (Best viewed in color, red pixels have high values/blue pixels have lower values)
(a) Green region is to be traced. Red region in (a) shows a sample edge that needs to
be detected. (b) Filterbank used (c) Traditional second order energy, gradients not well
localized and edges in the red region shown in (a) are missed. (d) Proposed scheme
provides accuracy localization for structure of interest. Observe red region in (a) is
detected with high confidence.

see 2(b). Specifically, the filter bank has twelve first and twelve second deriva-
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tive filters, each at six orientations and two scales (a subset of the Leung Malik
filter bank). The labels ypz−1 are known and so are edge pixels for slice z − 1.
Initially the images are convolved with F resulting in filter responses Rpi z−1
and Rpi z for slices z − 1 and z respectively. The intuition behind using a filter bank is capture varied gradient profiles exhibited by the individual filters,
in contrast to simple first order gradients. Since there are M filter responses,
concatenation of all responses Rpi z−1 , ∀i ∈ [1, 2, ..M ] at a pixel pz−1 is represented by the M dimensional vector Rpz−1 . Subsequently, the edge filter responses are clustered in an M dimensional feature space for the the K edge
textons Ck . The texton indices tpz are found by performing a nearest neighbor search of filter responses on the image in slice z with the textons Ck . The
feature descriptor
for training classifiers are local histograms of texton indices,
P
hpz (k) = qz ∈Npz δ(tqz 6= k), ∀k ∈ [1, 2, ...K], hpz ∈ RK . A naive Bayes classifier is trained using the feature vectors hpz−1 and tested on features from the
current frame hpz . The output of the classifier is a posterior probability P r(epz )
that yields large values at locations where there is a high probability of the structure specific edge. The interaction potentials for the conditional random field can
P r(epz )+P r(eqz )
)δ(ypz = yqz ).
now be rewritten as Vpq (ypz , yqz |y z−1 ) = λI (1 −
2
2.2

Robust Higher Order Potentials

It is well known that higher order CRFs are capable of modeling larger spatial
interactions. These models are ideal for capturing textures inherent in the neuronal structures. This work adopts the recently proposed Robust P n model[8], a
class of potential functions that are a strict generalization of the Potts model for
second order interactions. The idea behind the model is that pixels constituting
a superpixel (homogenous regions) are more likely to take the same label. The
cost is expressed as Vc (ycz ) = min{min((|cz |−nk (ycz ))θk +γk ), γmax }, where |cz |
k∈L

is the cardinality of the clique in slice z, L is the label set containing the set of
possible labels, nk (ycz ) is the number of labels in the clique taking label k ∈ L,
θk = γmaxQ−γk and Q is a truncation parameter controlling magnitude of label
violations in the clique. γk , γmax are penalties associated with the clique taking
label k and mixed labeling respectively. γk is usually set to zero since uniform superpixel labelings are not penalized, γmax = |c|θα (θph + θvh G(c)), where θα , θph , θvh
are free parameters and G(cz ) is a quantity indicative of superpixel quality.
While enforcing label consistency, it is imperative that smoothness across the
z-direction is preserved. One requires a cost Vc (ycz |y z−1 ) and a method for evaluating Gc for superpixels.
Intuition: If a contour with label l propagates down till slice z − 1, then the
superpixels in slice z overlapping with the contour in slice z −1 are most likely to
take the label l. In other words, the dominant label for superpixel cz (overlapping
with contour labelled l in slice z − 1 )is l. If all pixels constituting the superpixel
take on the dominant label, minimal penalty is incurred. On the other hand, as
the number of pixels violating the dominant label increases, higher cost (closer
to γmax ) is incurred.
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Modified Higher Order Cost: The segmentation of the current slice needs to
respect the label homogeneity of the current slice, and also preserve smoothness
across the z-direction. The proposed model incorporates smoothness across the
z-direction using the variables γk . In previous constructions, the value of γk was
usually set to zero since label homogeneity indicated smooth segments in 2D.
However, label homogeneity across 2D does not directly imply smoothness across
3D. In particular, an unsymmetrical Dice coefficient is used for measuring the
overlap of a certain superpixel (cz ) to its overlapping contour in slice z − 1.
(
P
cz
z
1, ∀pz ∈ cz ,
z
pz ∈P z Mpz ∧ δ(ŷp 6= k)
k
c
P
ncz =
,
M
=
z
z
p
c
0, otherwise
pz ∈P z Mpz
In the above equation ŷpz = ypz−1 , meaning that label predictions for slice z
are labels propagated from slice z − 1. Smoothness across the third dimension
nk
can now be incorporated as γk ∝ 1 − |cczz| , cz ∈ C z , ∀k ∈ L. The constraint
γk < γmax is always enforced for the cost to be minimized by graph cuts. Superpixel quality is evaluated using the variance of local intensity features on the
superpixel. The modified higher order cost is obtained by substituting for γk ,
Vc (ycz |y z−1 ) = min{min((|cz | − nk (ycz ))θk + γk ), γmax }.
k∈L

2.3

First Order Potentials

The unary potential models the likelihood of a certain pixel taking up label
l ∈ L = {1, 2, ..L}. Electron Micrograph data is rich in texture, but not of the
sort one would find in traditional texture analysis literature. It is used as a valuable cue by biologists, but seems to contain a lot of noise. A local multiscale
feature similar to texture histograms, Izi = Iz ∗ gσi , 1 ≤ i ≤ Nf where Nf = 3
is employed. The above equation refers to smoothing of image Iz at position z on
the stack by a Gaussian kernel gσi with variances σi . Concatenation of filter responses at each pixel yields a feature vector in RNf and likelihoods are obtained
by standard histogram backprojection techniques. The overall unary potential
can be expressed as: Vp (ypz |ypz−1 , Iz ) = − log(P r(Iz |ypz , ypz−1 )P r(ypz−1 |ypz )).
Note that P r(Iz |ypz , ypz−1 ) is obtained by backprojecting the multiscale histograms, and P r(ypz−1 |ypz ) is a signed distance function constraining the contour to be close to its position in the previous slice (shape prior). Further, optical
flow fields could also be employed if there are mild registration errors between
slices for simultaneous segmentation and registration.

3

Experimental Results

Experimental results are reported on Electron Micrographs of the retina. Neuronal structures were traced for over 45 slices of the stack. Results are compared
with ground truth for a quantitative analysis of pixel errors.
Single Structure Tracing: Tracing single structures is performed to provide
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a proof of concept for the edge learning and higher order models. Tracing was
done by providing an initial contour on the first frame of the stack, and is quantified by computing the F-measure (where P and R are precision and recall),
R
. As can be observed from Figure 3(b), traditional second order terms
F = P2P+R
get distracted by noisy gradients and were not able to recover once the contour
was lost. The error on subsequent slices were additive, leading to poor performance as shown by the red lines. However, the second order model with proposed
edge learning was able to resist distractions of noisy gradients as can be seen
from green lines. On the medium difficulty structure, average F-measure for the
traditional scheme was 0.925, in comparison to 0.962 for the proposed scheme.
Figure 3(c) illustrates an example using the difficult target where the higher
order model was able to outperform simple second order interactions. On the
hard structure, average F-measure for the second order model was 0.817, while
the higher order model yielded 0.889.
Multiple Structure Tracing: Experiments were also performed for multi-
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Fig. 3. (Best Viewed in Color) (a) Tracing on simple structure (shown in 1) (b) Performance on medium difficulty structure. (c) Performance on difficult target. (d) and (e)
Sample tracing results on different z slices. (f) 3D reconstruction of 20 traced structures.

ple structure tracing in 3D. A total of 30 interacting structures were traced in
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parallel. The performance of the algorithm is promising (see Figure 3(f)) with
quantitative results in Table 1. Losing the trace of a structure usually happens
when there are arbitrary appearance variations (also caused due to illumination
artifacts).

Table 1. F measures for multiple structure tracing
#Slices
10
20
30

#Contours
300
600
900

Traditional
0.892
0.852
0.800

Proposed
0.906
0.872
0.823

Conclusions: This paper presented a novel framework for tracing multiple neuronal structures in TEM stacks. Experimental results were presented on
data from TEM stacks for single and multiple structure tracing. Future work
includes investigation of techniques to scale up tracing to large datasets and
testing stability of the algorithm under imperfect initialization.
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