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Semi-automated reconstruction of neural circuits using electron
microscopy
Dmitri B Chklovskii, Shiv Vitaladevuni and Louis K Scheffer
Reconstructing neuronal circuits at the level of synapses is a
central problem in neuroscience, and the focus of the nascent
field of connectomics. Previously used to reconstruct the
C. elegans wiring diagram, serial-section transmission electron
microscopy (ssTEM) is a proven technique for the task.
However, to reconstruct more complex circuits, ssTEM will
require the automation of image processing. We review
progress in the processing of electron microscopy images and,
in particular, a semi-automated reconstruction pipeline
deployed at Janelia Farm. Drosophila circuits underlying
identified behaviors are being reconstructed in the pipeline with
the goal of generating a complete Drosophila connectome.
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Introduction

within the framework of ssTEM, even though many of the
reconstruction methods developed for ssTEM could be
applied to other electron microscopy techniques and vice
versa.
Circuit reconstruction using electron microscopy is a
multi-stage process, starting with tissue preparation
[13]. Neural tissue is fixed and labeled with heavy metals
to emphasize plasma membranes, necessary for neurite
tracing, and synaptic organelles such as neurotransmitter
vesicles and pre-synaptic and post-synaptic specializations [14], required for synapse identification. Unfortunately, labeling requirements for the two tasks are often
in conflict with each other and the protocol must be
optimized for each new neuropile. We found high-pressure freezing and freeze-substitution [15,16] useful in
retaining round neurite profiles.
To trace all neurites, embedded tissue should be cut into
sections thinner than the 20–30 nm diameter of their
terminal processes (Takemura SY, unpublished data,
2010). In practice, ultrathin sections for ssTEM imaging
are about 40–50 nm thick [17]. Although finer physical
sectioning has been done for imaging in reflection mode
[18,19,20], doing so for imaging in transmission mode
requires significant technology development. Thus, using
limited tomography to enhance z-resolution computationally [21,22] appears most promising. After cutting,
ultrathin sections are collected on thin Pioloform-coated
slot grids and imaged using ssTEM at a few-nanometer
resolution [17].

As illustrated by genome sequencing, knowing the structure of biological systems proves essential to interpret
their function. In neuroscience, reconstructing the full
wiring diagram of a nervous system is an important
objective that still remains a major challenge. Such reconstruction requires us to solve two tasks: identifying
synapses and tracing neurites that connect them to cell
bodies. A list of all neurons and synaptic connections
between them, a connectome [1], can only be produced
when we successfully solve these tasks.

Although the above steps are time-consuming and require
exceptional skill, the processing of ssTEM images to
produce three-dimensional shapes of neurons and
identify synapses is the rate-limiting step. For example,
reconstructing the C. elegans connectome by manual
means took more than 10 years. To reconstruct larger
nervous systems requires electron microscopy datasets
many orders of magnitude larger and automated image
processing. Attaining such automation successfully can
make a significant impact on neuroscience by reconstructing biologically interesting circuits.

Although many promising approaches have been put forward [2–4,5,6,7], only serial-section transmission electron
microscopy (ssTEM) has so far provided a proof of concept
by reconstructing the complete C. elegans nervous system
[8,9]. Additional attempts have been successful for
specific neuropiles with favorable features, as in simple
visual systems [10,11,12]. Here, we discuss reconstruction

This article reviews recent developments in electron
microscopy image processing, the semi-automated reconstruction pipeline deployed at the Janelia Farm (JF)
Research Campus of Howard Hughes Medical Institute,
and summarizes its results to date. For the sake of concreteness, we assume that a neural circuit of interest is
contained in a reconstructed volume with no dimension
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greater than a hundred microns. Such volumes encompass
most neuropiles of the model species, the fruit fly Drosophila melanogaster [23], and are being reconstructed in
the JF pipeline (Figure 1).
Reconstruction consists of five main tasks: registration,
segmentation, linkage, proofreading, and annotation.
Registration places the separately acquired electron
microscopy images of different sections and different
parts from the same section into vertical and horizontal
alignment with each other. Segmentation partitions the
stack of images into sets of voxels, defining profiles that
belong to distinct neurons. Linkage connects adjacent
voxels in consecutive sections that belong to the same
cell, so reconstructing these down the z-axis. Although
the above steps have been sped up significantly through
automation, the reconstruction contains errors, which
must be corrected manually in the proofreading step.
Annotation identifies pre-synaptic and post-synaptic
terminals and neuronal classes.
Reconstruction of volumes from electron microscopy
images can be done in two ways: either a 3D approach
in which the sections are first aligned into a 3D stack and
3D segmentation performed on this stack to directly
Figure 1

The semi-automated reconstruction pipeline for ssTEM images
deployed at Janelia Farm. Automated registration is done in parallel with
automated segmentation in 2D. The results of both steps are combined
in the automated 3D linkage. Proofreading and annotation are done
manually to produce 3D shapes of neurons, synapses and the eventual
wiring diagram. The largest dataset being pushed through the pipeline is
90 mm  90 mm  80 mm stack from the medulla neuropile of the
Drosophila optic lobe that includes dozens of columns having a voxel
size 3 nm  3 nm  40 nm. All synapses (red circle on top panel) can be
recognized and most processes of many cells so far reconstructed (one
column on bottom panel) can be traced.
Current Opinion in Neurobiology 2010, 20:1–9

obtain 3D volumes [24,25,26,27,28]; or a 2D
approach in which each section is segmented separately,
the sections are aligned in 3D, and then the 2D segments of adjacent sections linked together to obtain 3D
neuronal volumes [29,30,31,32]. The 3D approach
has the advantage of compartmentalizing the registration and segmentation steps, which allows one to
use 3D structural properties of membrane surfaces
and intracellular organelles to segment consecutive
neurite profiles. In particular, contiguity of neuronal
processes that are important in neuron function is valuable for 3D segmentation but unused in 2D. However,
the 3D approach has several disadvantages for automated ssTEM: anisotropic resolution makes it difficult
to apply 3D segmentation methods to the registered
dataset, aligning many hundreds of sections using local
transformations is difficult, and registration requires
interpolation of pixel values so that segmentation is
better done on the original non-registered images.
The current JF pipeline therefore follows the second
approach (Figure 1).

Alignment, viewing images, and choosing
region of interest
The advantages of computer assistance in image alignment and processing were clear very early on [13,33], and
both public [34,35,36] and commercial [37,38] solutions
are available. However, the size of recent data sets and
more stringent requirements have prompted several
groups to attack this problem anew [39,40,41,42].
Alignment is conceptually simple but non-trivial in practice, because of imperfections in sectioning and imaging,
the high data volume, and the need for completeness [43].
The challenging physical process of sectioning and electron microscopy imaging introduces several complications
[13]. The thin sections of tissue may fold over themselves,
and the substrate itself may contain folds. Tissue can tear
while being sectioned and the method of high-pressure
fixation can create cracks in the sample. Samples shrink as
they are imaged, or sections stretch unevenly while they
are being cut, leading to scale changes from one micrograph
in a mosaic to another. Adjacent sections may be arbitrarily
rotated with respect to each other, and so on. Making these
problems worse, the procedures cannot select only the best
data, or even throw out the worst data, since any significant
amount of missing data makes complete reconstruction
impossible. The loss of sections during sectioning is
particularly damaging to the continuity of reconstruction,
yet easily happens when cutting long series.
Alignment typically proceeds in several stages, starting
with a rough alignment and creating two outputs — a
global and a detailed alignment. The global alignment
places all images in a single coordinate system, using
simple transforms per image, and is used for proofreading
and viewing. The detailed alignment uses more complex
www.sciencedirect.com
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and less constrained transformations to better match
individual pairs of images, and is used by the automatic
tracing software.
The initial rough alignment is usually obtained through an
interactive program such as TrakEM2 [40] or from the
imaging coordinates recorded by microscope automation
software such as Leginon [44]. If an image contains folds or
tears, it is divided into ‘patches’, each of which is transformed separately. This is necessary since a fold can create
mismatches of hundreds or thousands of pixels if a single
transform is used for data on both sides of a fold. Most
common ssTEM sample problems can be automatically
recognized since they are very dark (folds), very light
(cracks or tears), or have very low contrast over an extended
area (section areas that are thinner or plastic filled vacuoles
or cracks filled). After removing these problem areas, the
resulting patches have arbitrary shapes.
Next, software uses the rough alignment to compute what
patches might overlap, and then uses corresponding features [45] or image correlation [41] to create more
accurate pairwise alignments. This is the most compute
intensive step but parallelizes well, allowing the use of
thousands of processors.
After obtaining a detailed image transformation between
all overlapping image pairs, both in a single section and
between consecutive sections, the next step is to fit the
transformed images into a global coordinate system used
for proofreading and visualization. Correspondence
points, derived from the detailed matching, drive a large
least squares fit. This is solved using sparse matrix techniques [46] and generates an affine transformation for
every patch.
A global solution with a single affine transformation per
patch will leave ‘seams’, or regions that do not exactly
match, between the individual images. This does not
affect segmentation or linkage, which are done with the
more detailed pairwise maps, but it affects the proofreading which is done on the global alignment. The JF
pipeline warps the images slightly to make them match at
the edges. This compensates both for lens distortion, see
also [39], and sample changes during imaging.
Although most electron microscopy image defects can be
handled automatically, there are still cases where the
current software either cannot identify a problem, or
cannot determine the correct fix. (In the lamina and
medulla image stacks at JF, the most common such
problem is a fold that begins or ends within a section.)
These can be fixed manually, but first must be identified
and located. An important part of any large-scale alignment system is therefore the reports, plots, and other
debugging information needed to allow the user to
identify and fix problems.
www.sciencedirect.com

The result of the alignment process is a set of large
images, one per section, typically 30–40K pixels on a side
for our data. It is difficult and slow to view even single
images of this size in conventional photo-processing software, much less stacks of such images. Since we need not
only to view these data, but also to proofread and annotate
them, we developed special purpose software, Raveler
[47], for this purpose, see Proofreading. Raveler breaks
stacks of large images into ‘tiles’ and loads into memory
only those that are necessary. This enables manual operations on the data set (such as selecting a detailed region
of interest) with reasonable speed.

2D segmentation
Segmentation is the task of partitioning an image into
‘meaningful regions’, in this case the electron microscopy images of neural tissue into sets of voxels belonging to distinct neurons. The task is challenging for
ssTEM images because membranes are oriented at
variable angles relative to the plane of sectioning and
as a result present profiles with different appearances, to
which are added the problems of differences in labeling
and imaging noise, and the presence of intracellular
organelles (Figure 2). However, unlike natural images,
for which the segmentation problem is ill-posed [48],
for neurite profiles a unique correct answer, in principle,
exists.
Segmentation can be used to delineate neuronal profiles
either one at a time or all within a region of interest at
once. Several methods exist that trace individual profiles
relying on user input. In one version [49], the user
provides a rough contour outlining the neuron of interest
within a section. The active contour algorithm is used to
improve the fit to the underlying neuron boundary. A
more recent interactive approach to segmentation and
visualization of large-scale electron microscopy datasets
[50] relies on the active ribbons algorithm [51]. Although
active contours and level sets are effective for segmenting single regions, their value seems limited for dense
reconstruction in ssTEM because manually seeding
many thousands of contours in each section is rather
labor intensive. However, it may be possible to use
skeleton tracing tools [40,52,53,54] to produce seeds
for segmentation.
Complete image segmentation can be divided into two
phases: (a) boundary detection, in which a confidence
value is computed for each voxel that it lies on a cell
boundary, and (b) actual segmentation which partitions
voxels based on these boundary confidences.
Generic boundary detection approaches differ in the number of parameters that require a different balance of manual
tuning versus machine learning. At one extreme are
methods in which only very few parameters must be tuned,
such as Canny [55], which convolve a hand-crafted filter
Current Opinion in Neurobiology 2010, 20:1–9
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Figure 2

2D segmentation. Left: Original grayscale ssTEM image. Center: Result of automated segmentation. Right: Segmentation ground truth obtained by
proofreading automated segmentation.

and pass the results through a manually specified decision
function. Next are methods using a large number of
manually defined filters, with decision functions involving
many parameters, which are trained on the manually
labeled, or ground truth, datasets. These methods include
pb [48], non-parametric statistical models [56] and
Boosted Edge Learner (BEL) [57]. Finally, convolutional
neural networks [58] learn the filters as well as the
parameters of the decision function from the ground truth.
Boundary detection for electron microscopy is both
important and challenging and has motivated the development of new segmentation algorithms. These include a Gaussian smoothed Hessian filter at different
scales passed through a neural network [30], Adaboost
on intensity and gradient features [59], Radon-like features [60], artificial neural networks [61], convolutional
neural net [24,26] and random forests [27,62]. The
ability to train the detection of boundaries is especially
attractive for electron microscopy because the detector
can be fine tuned for different preparations, but requires
generating ground truth-labeled-datasets for each. Thus,
an interactive approach to ground-truth generation implemented recently seems very promising [63,64].
The next step is to partition boundary probability maps
into distinct neuron profiles, known as multi-way segmentation. A popular choice for generic segmentation
[65,66] is to view boundary probability as elevation and
apply a watershed algorithm [67,68].
As watershed segmentation is notorious for over-segmentation because of the high density of local minima, this
step must be followed by agglomerating these ‘superpixels’ into neuronal profiles [27,69]. Agglomerative
approaches greedily merge a pair of segments at each
iteration until a stopping condition is reached. Although
agglomerative segmentation algorithms are greedy, they
Current Opinion in Neurobiology 2010, 20:1–9

have the relative advantage of simplicity, smaller space/
time complexity and, compared with global optimization
[62], the ease of controlling the tradeoff between false
mergers and false splits.
Several criteria have been proposed to arbitrate the
mergers, including those based on mean, median and
saliency of the boundary between a pair of segments [69–
72]. Our experience and quantitative experiments
indicate that agglomerative segmentation with mean
and median boundary values coupled with BEL
boundary detection is highly effective for electron microscopy segmentation [73]. It is also possible to train a
machine-learning algorithm to perform agglomeration
[27].
Progress in segmentation requires performance comparison for segmentation algorithms and different parameter
settings, which must rely in turn on a framework for
quantitative evaluation of the segmentations. There are
at least five possibilities:
 Compare segment boundaries of the automatic
segmentation against the ground truth by matching
individual pixels from the two sets of boundaries. We
use the precision-recall measure proposed in the
Berkeley Segmentation Dataset [48] to quantify the
fraction of automatic segment boundaries that are
correct (precision) and the fraction of ground-truth
segment boundaries that are correctly detected
(recall) [73]. This algorithm characterizes the accuracy
of the boundaries but is not sensitive to minor
boundary discrepancies that have major topological
implications.
 Compare pixel-pair segment membership using the
Rand index [25,28,74]. For each pair of pixels, the
algorithm determines whether they belong to the same
or different segments in the ground truth and automatic
www.sciencedirect.com
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segmentation. The Rand index counts the number of
pixel-pairs with the same and different attribution in
ground truth and automatic segmentation. The
advantage of this method is that it avoids solving the
correspondence problem between segments from
ground truth and automatic segmentation. Yet, it is
sensitive to the relative size of the segments.
 Synaptic Rand in which the Rand index is only
computed on pre-synaptic and post-synaptic sites. This
algorithm may approximate the biological significance
of mis-attribution of synapses to different neurons. If
synapse annotation is not available then it is also
possible to apply a stricter condition by uniformly
sampling points along the inside of the boundaries and
assuming them to be either pre-synaptic or postsynaptic sites.
 The warping error [75], which is not sensitive to
boundary discrepancies (like the Berkeley benchmark
and Rand index), and focuses on topological differences (unlike the Berkeley benchmark). Unlike the
Rand index, the magnitude of error reflects the number
of boundary locations involved in topological errors,
rather than the relative size of the segments.
 Edit distance is used to characterize the amount of
work needed to proofread the automatic segmentations. This can be done, for example, by counting the
number of splits and mergers needed to convert an
automatic segmentation into ground truth. The precise
definition depends on the specific proofreading
operations used and their cost.

3D linkage

a graph, with the 2D segments as nodes and edges
connecting pairs of segments from adjacent sections
likely to belong to the same neuron [30]. Connected
components analysis results in the generation of 3D
neuron volumes [29].
In our framework, a machine learning approach is used to
learn the weights of the linkage graph from proofread
data. Specifically, each pair of adjacent segments is
represented with a feature vector of the intensity statistics
in the region of overlap and a boosted classifier is trained
to distinguish between link and do not-link pairs. This
avoids the need for hand-crafted heuristics and enables
fine tuning the linkage for different tissue preparations.
To take advantage of multi-neuronal relationships, linkage can be posed as a co-clustering problem which a
trainable convex optimization approach has been proposed to solve [78].
The linkage is quantitatively evaluated against ground
truth using Rand index and edit distance, which tries to
mimic the number of edit operations required of the
proofreader to transform the linkage result to groundtruth reconstruction.

Proofreading and annotation
Even state-of-the-art electron microscopy reconstruction
techniques are still a long way from computing error-free
segmentations of neural tissue [29]. To provide meaningful connectivity information, it is important to ensure
accuracy of the reconstructions and the annotated
synapses. We have developed custom software called
Raveler to proofread dense reconstructions in large neural
volumes with gigapixel cross-section area and 1000+
sections [47] (Figure 3).

3D linkage identifies pairs of segments in adjacent sections that are likely to belong to the same neuron. There
are several techniques that follow a single process from
section to section relying either on user input and on-line
image processing. In one approach the user-provided
contour-trace in one section is propagated to the neuron’s
outline in the next section, deforming the contour via a
Level set energy function [76]. In another approach, the
user chooses the neuron of interest in one section and the
computer propagates the contour outlining the neuron to
the next section using optical flow and Kalman filter
techniques [77]. Recently, a two-step estimation-correction procedure has been used to trace processes between
sections [50].

Proofreading relies on two kinds of maps produced by the
automatic segmentation. First, the 2D segmentation
algorithm is run with a very low threshold, thus partitioning the image into superpixels, regions unlikely to belong
to two different neurons. Second, the superpixels are
grouped into 2D segments. The 2D segments are linked
across sections in 3D to generate putative neuron
volumes, referred to as ‘bodies’. Proofreading is the
process of regrouping manually the superpixels, segments
and bodies to produce the correct segmentation.

Automated dense reconstruction requires linking all processes in a volume without relying on user input. The
principal challenges to automated linkage are remaining
misalignment between adjacent sections and mistakes in
automatic 2D segmentation. To address this challenge, a
graph-theoretic approach has been proposed [32], with
2D segments as nodes and directed edges connecting
spatially adjacent segments. Neuron volumes are
obtained by tracing optimal paths through the stack.
Linkage can be formulated as a clustering problem on

To increase proofreader efficiency, the user is provided
with editing tools of varying granularity [47]. At the
highest level are 3D-merge, which merges two bodies
together, and 3D-split which interactively segments a
body into subsets. At the next level, 2D segments can
be added to and removed from bodies. On a finer scale,
individual superpixels can be added and removed from
bodies. Superpixels increase the efficiency of correcting
2D segmentation because in most cases we just need to
regroup superpixels — an operation requiring only a few
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Figure 3

A custom software named Raveler was developed at JF to aid in manual proofreading. Left: The Raveler graphical user interface (GUI) contains a list of
bodies, a segmentation image with the highlighted body in white, and the panel with several user operations and information tables. Right: underlying
grayscale image that can be toggled in the Raveler GUI.

clicks — rather than painstakingly draw contours dividing
up a region, as in manual methods [34]. At the finest level,
a superpixel can be split interactively using seeded Graph
Cuts [79,80].
After proofreading, the data must be annotated with the
location of synapses, indicating the pre-synaptic and postsynaptic sites (in invertebrates such as Drosophila and C.
elegans, it is common for one pre-synaptic site to signal to
several post-synaptic sites at a single dyad, triad or tetrad
synapse). By combining the synapse annotation with the
3D segmentation, a final wiring diagram is produced.

Results
The JF pipeline has been applied to the lamina and
medulla neuropiles of the Drosophila optic lobe. The
combination of a wide field of view and of high resolution
allows both detailed analysis of functional units (cartridges in the lamina, and columns in the medulla) and
the interconnections between these modules.
The lamina series is a 6  6 mosaic of 2K  2K images at
about 6 nm per pixel (after 2  2 binning), 720 sections
deep imaged in 22 days. One cartridge has been selected,
then aligned, segmented, proofread, and annotated [81].
Since a lamina cartridge has previously been reconstructed manually [11,82], comparison with this allows
us to assess throughput and verify accuracy of the wiring
diagram. We find that for neuronal pairs connected by
multiple synaptic contacts, the number of contacts in the
two wiring diagrams differ by about 10%. In addition,
Current Opinion in Neurobiology 2010, 20:1–9

higher resolution and larger extent of the new stack
revealed novel connections between known cell types
and of one new cell type [81].
The medulla series is a 9  9 mosaic of 4K  4K images,
at 3 nm per pixel imaged in 65 days [83]. After overlaps
between the images are removed, this volume contains
about 250 columns. 1700 sections have been aligned,
extending through the medulla, for a volume of
90 mm  90 mm  80 mm. Of this, so far a single column
has been selected, segmented, proofread and annotated
(Figure 1). The six surrounding columns are in progress.
Even with the software in constant and extensive development, automation-assisted reconstruction is already
much faster than manual reconstruction [11,82]. However, the process is still labor intensive. Reconstructing
the lamina cartridge took about six person-months and
the medulla column about two person-years, some of it
dedicated to software testing. These times are dropping
as the software is improved, but remain substantial.
Accuracy of the reconstruction is a critical concern and
must be monitored at all stages of the pipeline. With the
exception of the cases where multiple independent
reconstructions of homologous circuits, such as that of
the lamina cartridge exist, the error rate in the final wiring
diagram is difficult to measure since we lack an independent reconstruction method against which to compare
progress. Errors in proofread neuropile segmentations can
be identified and quantified by comparing the results
www.sciencedirect.com
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from independent proofreaders and different automated
segmentation methods. Where this has been done [29],
per thousand 2D profiles we found a few errors that could
lead to wiring diagram errors. Expert review left one half
to one tenth of these errors unresolved as ‘true’ ambiguities characterizing the fundamental limit of accuracy
of the ssTEM method. These are often traced to adverse
causes such as misalignment between consecutive sections, overlapping folds in consecutive sections, and limited z-resolution. The former cause is being addressed by
better registration, while the latter two are being
addressed by computational super-resolution [21,22].
Finally, both modern genetic methods with reporter lines
[84] and older staining methods [85] provide an inventory
of neuron types against which morphological comparisons
between reconstructed neurons can be made. Where such
comparisons have been possible, for example [86], 3D
reconstructions from ssTEM closely resemble the forms
of known cell types from these light microscopic
methods, providing some assurance that ssTEM are
accurate. In addition, such matching allows combining
information from ssTEM and from cell labeling methods.

Conclusions
Neural circuit reconstruction via stacks of ssTEM images
is the only method for which a proof of principle in the
form of a complete wiring diagram exists. Although many
steps of the reconstruction pipeline have already been
automated and improved, further work is necessary and
ongoing to speed the reconstruction. As speed increases,
so larger biological problems come within reach and
untangling all circuits of the entire Drosophila nervous
system can now be contemplated.
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