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1. Introduction

One of the critical components of connectomics—the
field concerned with reconstructing the wiring diagram of
the brain at nanometer resolution—is automatic segmenta-
tion of electron microscopy (EM) images. With recent ad-
vancements in EM acquisition techniques, neuroscientists
can now generate a terabyte of image data every hour [44].
These images are typically anisotropic with 4nm resolution
in the zy plane and 30 to 40nm between slices. At this res-
olution, we can see the axon terminals and dendritic spines,
and the synaptic connections between them. Neuroscien-
tists hope to further the understanding of the brain’s under-
lying circuitry with accurate reconstructions of every neu-
ron and classification of every synapse.

An ambitious manual reconstruction effort in the 1980s
resulted in the first complete connectome of any animal,
the Caenorhabditis elegans worm [56]. This species has
302 neurons and manual labeling required several years.
More recent studies focus on Drosophila flies [23, 50], ro-
dents [44], and even humans [47]. With an EM throughput
of one terabyte per hour, neuroscientists can image a cubic
millimeter of data (two petabytes) in six months [48]. At
this scale, the manual reconstruction techniques of the 80s
are infeasible. Thus, researchers rely on machine learning
methods to segment these massive datasets into label vol-
umes (Fig. 1). These label volumes assign a 32- or 64-bit
integer to every voxel where voxels have the same label only
if they belong to the same neuron.

Uncompressed, these label volumes are larger in size
than the already massive image datasets. In our paper pub-
lished in MICCAI 2017, we explore the effectiveness of ex-
isting general-purpose, image, and video compression tech-
niques on these segmentation datasets [32]. We find that
these existing techniques fail to adequately exploit the typ-
ical properties of these label volumes. Thus, we propose
Compresso, a new compression algorithm specifically tai-
lored for large segmentation datasets, which achieves better
compression ratios than all existing methods.

Automatic reconstruction techniques need to be fast,
scalable, and accurate. Ideally, image acquisition is the
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Figure 1: From an EM image stack, 3D convolutional neu-
ral networks generate affinities between voxels (left). A wa-
tershed algorithm agglomerates the voxels into supervox-
els using these affinities, and these supervoxels are further
merged to form a complete segmentation (center). These
methods often produce errors and require error correction
algorithms to improve the accuracy (right).

bottleneck of the connectomics pipeline so reconstruction
should occur at a rate of one terabyte per hour [16]. We can
achieve this throughput with parallelization among several
GPUs with existing techniques [13, 38]. However, these
automatic methods typically rely on local context for deci-
sion making and are agnostic about the underlying biologi-
cal systems. Thus, they often make errors at scale and cur-
rently require human proofreading or other error correction
techniques [17, 61].

We propose a novel region merging framework that takes
as input an oversegmentation of an EM image stack (under
review, ECCV 2018). Our method imposes both local and
global biological constraints onto the output segmentation
to more closely match the underlying structure of neuronal
processes. Additionally, our method is independent of im-
age resolution and acquisition parameters, enabling its ap-
plication to isotropic and anisotropic datasets without re-
training. Images generated by electron microscopes often
differ in appearance because of variations in staining tech-
niques [7]. By removing the dependence of our algorithm
on the input images, we greatly reduce the need for addi-
tional costly ground truth data for each new stack of im-
ages.
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Figure 2: Compresso works by dividing up the segmentation data into small blocks. On the left we show the intersection of
three segments in a 4 x 4 x 1 window. We extract a boundary map from this segmentation to transform the window into an
integral value between 0 and 2'6 — 1. This window has an encoded value of 50,978 (21 + 2° + 28 + 29 4 210 4 214 4 215)
The location 7 requires some additional bookkeeping. On the right are the 100 most common 8 X 8 x 1 windows accounting

for ~ 82% of the volume on a representative dataset.

2. Compression of Label Volumes

An often overlooked aspect of these segmentation
datasets is how to efficiently store the label volumes. These
label volumes are often 32- or 64-bit to account for the mas-
sive number of neurons that interweave through a cubic mil-
limeter. Uncompressed, a cubic millimeter of segmentation
data is nearly 20 petabytes. Thus, compression techniques
are needed for fast transmission and cost-efficient storage.

2.1. Related Works

General-purpose compression schemes [11, 12, 14, 31,

,39,45,53,55, 59] are not optimized for this data. These
methods do not exploit the typical characteristics of label
volumes such as large invariant regions without natural re-
lationship between label values. These properties render
2D image compression schemes inadequate since they rely
on frequency reduction (using e.g., wavelet or discrete co-
sine transform) and value prediction of pixels based on local
context (differential pulse-code modulation) [40, 46]. Color
space optimization strategies in video codecs [1] also have
no effect on label volumes, even though the spatial proper-
ties of a segmentation stack (z-axis) are similar to the tem-
poral properties of video data (time-axis). A compression
scheme designed specifically for label volumes is part of the
visualization software Neuroglancer [15]. This method ex-
ploits segmentation homogeneity by creating small blocks
with N labels and reducing local entropy to log, N per
pixel. Lookup tables then decode the values [0, N) to the
original 64-bit labels.

2.2. Method

We propose Compresso, which is specifically designed
for compression of EM label volumes [32]. Compresso
works by decoupling the two important components across
the image stack: per-segment shape and per-pixel label. To
encode the segment shapes, we consider the boundary pix-
els between two segments. Removing the per-pixel labels,
we produce a boundary map for each slice where a pixel
(x,y, z) is 1 if either pixel at (z + 1,y, 2) or (z,y + 1, 2)

belongs to a different segment (Fig. 2, left). The bound-
ary map is divided into non-overlapping congruent 3D win-
dows. If there are n pixels per window, each window w is
assigned an integer V,, € [0, 2™) where V,, is defined as:

n—1
Vi = Y ()2, (1)
1=0

and I(¢) is 1 if pixel ¢ is on a boundary and 0 otherwise. Fig-
ure 2, left, shows an example segmentation with a window
size of 4 x 4 x 1.

A priori, each window could take any of 2™ distinct val-
ues, and therefore require n bits to encode without further
manipulation. However, boundaries in segmentation im-
ages are not random, and many of these values never ap-
pear. Indeed, we find that a small subset of high-frequency
V.» values accounts for most windows, allowing for signifi-
cant compression. Figure 2, right, shows the 100 most com-
mon windows for a representative connectomics dataset.
These 100 frequently occurring windows account for ap-
proximately 82% of the over 1.2 million V,, values in this
dataset. Nearly all of these windows correspond to simple
lines traversing through the window. For contrast, we also
provide 5 randomly generated windows that never occur in
the dataset.

We define N as the number of distinct V,,, representing
all of the windows in an image stack. We construct an in-
vertible function f(V,,) — [0, N) to transform the window
values into a smaller set of integers. For all real-world seg-
mentations N < 2"™; however, we assume no constraint
on N in order to guarantee lossless compression. With this
function, each V,, requires log, IV bits of information to en-
code. This is fewer than the initial number of bits so long
as N < 2"~ 1 Therefore, when compressing the label vol-
umes, we can store f(V,,) for every window as well as a
lookup function for the N unique f(V,,) values to the orig-
inal integral value.

So far we have focused exclusively on transforming the
boundary map of an image segmentation. However, the per-
pixel labels themselves are equally important. The bound-



ary map divides each image slice into different segments.
By design, all pixels in the same segment have the same la-
bel so we store only one label per segment for each slice.
We use a connected-component labeling algorithm to iden-
tify each component and store one label per segment [19].

Thus far, we have assumed the boundaries provide
enough information to reconstruct the entire segmentation.
Pixels not on a segment boundary are easily relabeled.
However, more care is needed for pixels on the segment
boundaries. Consider figure 2, left, which depicts a difficult
boundary to decode. If a boundary pixel has a non-boundary
neighbor to the left or above, then that pixel merely takes on
the value of that neighbor. However, pixel ¢ requires more
care since its relevant neighbors are both boundary pixels.
We simply just store the label values for indeterminate pix-
els like 1.

To decompress the data, we first reconstruct the bound-
ary map from the windows that we extracted. From there,
we can run the same deterministic connected-components
algorithm per slice. We can traverse through the saved la-
bels to fill in all non-boundary labels. To determine the per-
pixel labels for every boundary pixel, we iterate over the
entire dataset in raster order. Any boundary pixel (z,y, 2)
with a non-boundary neighbor at (z—1, y, 2) or (z,y—1, 2)
shares the same per-pixel label. If both relevant neighbors
are boundaries (i.e., like pixel ¢ in Fig. 2) we extract the
value we previously stored.

2.3. Results

Our compression scheme outperforms all existing meth-
ods. We follow our scheme with LZMA which uses sophis-
ticated probabilistic bit prediction strategies and together
they achieve ratios of 920x on average. This outperforms
existing strategies by over 80%. The fundamental principles
guiding Compresso are valid for a diverse set of segmenta-
tion datasets and we improve on existing methods for MRI
and image segmentation datasets. We compressed an 18 ter-
abyte label volume of 100 microns cubed to 26.2 gigabytes,
aratio of ~ 687x.

3. Biologically-Constrained Region Merging

Automatic reconstruction methods need to be fast
enough to scale to petabyte datasets while still maintain-
ing a high-level of accuracy. The most accurate methods,
like flood-filling networks [22], are currently far too slow.
Unfortunately, methods that can scale to petabyte datasets
typically rely on only local context and can produce errors
at scale [16]. Therefore, it is necessary to employ error cor-
rection strategies on the segmentations from current recon-
struction pipelines. We propose a biologically-constrained
region merging algorithm to correct split errors in the initial
segmentation.

3.1. Related Works

A significant amount of connectomics research consid-
ers the problem of extracting segmentation information at
the voxel level of EM images. First, intermediate represen-
tations like boundary, affinity or binary segmentation maps
are generated from the voxels. Random forests with hand-
designed features [25], or 2D and 3D convolutional net-
works produce boundary probabilities [5, 10, 20, 27, 42,

]. Often, the affinity between each voxel and its six neigh-
bors are used [9, 29, 30, 38, 52]. The 3D U-Net architec-
ture has become popular [9] and the MALIS cost function
is specifically designed to re-weight affinity predictions by
their contribution to the segmentation error [6]. More re-
cently, flood-filling networks [22] produce binary segmen-
tations from raw pixels with a recurrent convolutional net-
work at a high computational cost. Orthogonal to the repre-
sentation, model averaging [57] and data augmentation [30]
methods can further improve the performance, where Lee
et al. [30] surpass the estimated human accuracy on the
SNEMI3D dataset.

Clustering techniques transform these intermediate rep-
resentations into segmentations. Some early methods apply
computationally expensive graph partitioning algorithms
with a single node per superpixel [3]. Several pixel-based
approaches generate probabilities that neighboring pixels
belong to the same neuron. Often a watershed algorithm
will then cluster these pixels into super-pixels [60].

Region merging methods can be categorized by the sim-
ilarity metric between adjacent segments and the merg-
ing strategy. For the similarity metric, Lee et al. and
Funke et al. rely solely on the accuracy of the predicted
affinities and define the metric as the mean affinity be-
tween segments [13, 30]. Classification-based methods
generate the probability to merge two segments from hand-
crafted [21, 27, 34, 37, 38, 60] and learned features [5]. For
the merging strategy, most methods use variants of hierar-
chical agglomeration [27, 34, 37, 38, 60] to greedily merge
a pair of regions at a time. Jain et al. formulates the ag-
glomeration problem as a reinforcement learning problem
[21] and Pape et al. present a scalable multicut algorithm to
partition superpixels with global optimization [4].

Additional research builds on top of these region-based
methods to correct errors in the segmentation. These input
segmentations can contain two types of errors. In a split er-
ror, one neuron contains multiple labels. In a merge error,
two or more neurons receive the same label. This can be
done either using human proofreading [17, 18, 28] or au-
tomatically [41, 61]. In both cases, available methods are
pixel-based and do not include global biological constraints
into the decision making process. Our method can take as
input any existing segmentation pipeline.
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Figure 3: Our framework uses both geometric and topological biological constraints for region merging. We (a) generate
a simplified graph from the skeleton representation of the input segmentation, (b) train a classifier to learn the edge weight
based on the shape of the segment connection, and (c) perform graph partitioning with acyclic constraints.

3.2. Method

For our proposed method (Fig. 3), from the input seg-
mentation we generate a graph G with nodes N and edges £
with weights w.. The nodes correspond to labeled segments
from the input data with edges between merge candidates.
We propose the following three steps to formulate and then
partition the graph while obeying constraints from the un-
derlying biology. First, we only consider merging segments
based on a skeletonized representation of the input segmen-
tation (Fig. 3a). This enables us to reduce the number of
edges in the graph based on prior knowledge on the shape of
neuronal processes. Second, we train a convolutional neu-
ral network that learns biological constraints based on the
shapes of the input segmentation (Fig. 3b). This network
generates probabilities that segments belong to the same
neuron based only on the segmentations. An example of
one such learned constraint is that neurons have small turn-
ing radii (Fig. 5). Third, we partition the graph using a lifted
multicut formulation with additional acyclic constraints to
enforce global biological constraints (Fig. 3c). The lifted
multicut solution is globally consistent which we then aug-
ment to produce a tree-structured graph.

3.2.1 Skeleton-Based Graph Generation

Most region merging methods create a region graph by re-
moving small-sized segments and linking each pair of adja-
cent segments, which can still lead to a large graph size due
to the irregular shape of neural structures. We use a skele-
ton representation of the segmentation to reduce the graph
size with geometric constraints on the connectivity of two
adjacent segments to prune edges.

Our key observation is that if two segments belong to

Figure 4: Example skeletons (in black) extracted from seg-
ments using a variant of the TEASER algorithm [43]. These
skeletons not only capture the shape of the segmentation,
but also provide endpoints useful for region merging pro-
posals.

the same neuronal process, their skeleton end points should
satisfy certain geometric constraints. To extract the skeleton
from each segment, we use a variant [58] of the TEASER
algorithm [43]. Fig. 4 shows four examples of extracted
skeletons (in black). These skeletons consist of a sequence
of joints, locations that are locally a maximum distance
from the segment boundary, with line segments connecting
successive joints. We refer to joints that have only one con-
nected neighbor as endpoints. We find that approximately
70% of the segments that are erroneously split have nearby
endpoints (Fig. 6).

Two segments, s; and so, receive a corresponding edge if
the two following conditions hold. First, endpoints in either
$1 or sg are within ¢;,,, nm of any voxel in the other seg-
ment. Second, there are endpoints in s; and in sy that are
within ¢5;45 nm of each other. We store the midpoints be-
tween the two endpoints as the center of the potential merge
in the set S.. This algorithm produces a set of segments to
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Figure 5: Geometric constraints for region merging. We
show two region merging proposals. On the left, the seg-
ments do not belong to the same neuron, as evidenced by
the sharp turning radius indicated by the arrow; while on
the right, the segments should be merged due to the conti-
nuity of the 3D shape. Instead of using handcrafted geo-
metric features, we train a convolutional neural networks to
automatically learn them from the ground truth labels.

consider for merging. Only these pairs have a correspond-
ing edge in the constructed graph.

3.2.2 Learning-based Edge Weight

To predict the probabilities that two segments belong to the
same neuron, we train a feed-forward convolutional net-
work with three VGG-style convolution blocks [8] and two
fully connected layers before the final sigmoid activation.
For the input of the network, we extract a cubic region of
interest (ROI) around each midpoint in S, as input to the
CNN. There are three channels corresponding to voxels be-
longing to label one, label two, or either label. We do not
use the raw EM image information to avoid the need to re-
train the network on datasets that have been stained differ-
ently or imaged at different resolution. This reduces the
need for generating costly manually-labeled ground truth.

3.2.3 Optimization-Based Graph Partition

After constructing the graph we seek to partition it into la-
bels where every label corresponds to a neuronal process.
We formulate this graph partitioning problem as a multicut
problem. There are two primary benefits to using a multi-
cut formulation. First, the number of segments in the final
graph is not predetermined but depends on the input. Sec-
ond, this minimization produces globally consistent solu-
tions (i.e., a boundary remains only if the two correspond-
ing nodes belong to unique segments) [26].

We apply the algorithms of Keuper et al. [26] to produce
a feasible solution to the multicut problem using greedy ad-
ditive edge contraction. Following their example, we em-
ploy the generalized lifted multicut formulation. Traditional
multicut solutions only consider the probabilities that two
adjacent nodes belong to the same segment. In the lifted ex-
tension to the problem, we can penalize non-adjacent nodes
that belong to different segments. These penalties between
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Figure 6: Three erroneously split segments. In each in-
stance, the skeletons for each segment have nearby end-
points indicating a split error.

non-adjacent nodes are called lifted edges. Ideally these
lifted weights represent the probability that two nodes be-
long to the same neuron. However, determining such proba-
bilities is computationally expensive. We approximate these
probabilities by finding the maximal probable path between
any two nodes using Dijkstra’s algorithm [26]. This is an
underestimate of the probability that two nodes belong to
the same neuron since it does not consider all possible paths.
Since our graphs are sufficiently small, we can generate
lifted edges between all pairs of nodes.

We need to convert the probabilities into the following
weighting scheme to solve the multicut problem with the
greedy-edge heuristic [2, 26]. Given the probability that the
nodes belong to the same neuron is p., the edge weight w,
is defined as

we = log

e 1-
1f +log 127 @)

Pe B
where [ is a tunable parameter that encourages over or un-
dersegmentation. Since, there are many more lifted edges
than adjacent edges, we scale down the lifted weights pro-
portionally to their total number [4].

By reformulating the segmentation problem as a graph
partitioning one, we can enforce some global constraints on
our result based on the underlying biology. Traditional hi-
erarchical clustering algorithms do not rely on such con-
straints but consider local decisions independently. We en-
force a global constraint that neurons are tree-structured and
should not contain cycles. The multicut problems returns a
series of “collapsed” edges between nodes that belong to
the same neuron. We iterate over these edges in order of the
probability of merge generated by our CNN. We “collapse”
an edge only if it does not create a cycle in the graph.

3.3. Experiments

We evaluate our method by comparing it to a state-of-
the-art pixel-based reconstruction approach using datasets
from mouse and fly brains.

3.3.1 Datasets

Our first dataset, which we call the Kasthuri dataset, con-
sists of scanning electron microscope images of the neo-
cortex of a mouse brain [24]. This dataset is 5342 x
3618 x 338 voxels in size. The resolution of the dataset is
3 x 3 x 30nm? per voxel. We divide the dataset into two



volumes (Vol. 1 and Vol. 2) along the  dimension, where
each volume is 8.0 x 10.9 x 10.1 um®. We train and vali-
date our methods on Vol. 1 and test on Vol. 2. Our second
dataset, called FIyEM, comes from the mushroom body of
a 5-day old adult male Drosophila fly imaged by a focused
ion-beam milling scanning electron microscopy [49]. The
original dataset contains a 40 x 50 x 120 um? volume with
a resolution of 10 x 10 x 10nm?® per voxel. We use two
cubes (Vol. 1 and Vol. 2) of size 10 x 10 x 10 um3.

3.3.2 Method Configuration

Input Segmentation The segmentation of the Kasthuri
dataset is computed by agglomerating 3D supervoxels pro-
duced by the z-watershed algorithm from 3D affinity predic-
tions [60]. We learn 3D affinities using MALIS loss with a
U-Net [42, 51]. We apply the z-watershed algorithm with
suitable parameters to compute a 3D over-segmentation of
the volume. The resulting 3D oversegmentation is then ag-
glomerated using the technique of context-aware delayed
agglomeration to generate the final segmentation [37].

For the FlyEM data, based on the authors’ sugges-
tion [49], we apply a context-aware delayed agglomeration
algorithm [37] that shows improved performance on this
dataset over the pipeline used in the original publication.
This segmentation framework learns voxel and supervoxel
classifiers with an emphasis to minimize undersegmenta-
tion error. The algorithm first computes multi-channel 3D
predictions for membranes, cell interiors, and mitochon-
dria, among other cell features. The membrane prediction
channel is used to produce an oversegmented volume using
3D watershed, which is then agglomerated hierarchically
up to a certain confidence threshold. We used exactly the
same parameters as the publicly available code for this
algorithm.

Graph Generation The two parameters for the graph
pruning algorithm (Sec. 3.2.1) are ¢;,,, and tp;4;,. Ideally,
our graph will have an edge for every oversegmented pair
of labels with few edges between correctly segmented
pairs. After considering various thresholds, we find that
tiow = 210nm and tp;4, = 300nm produce expressive
graphs with a scalable number of nodes and edges. During
implementation, we use nanometers instead of voxels to
standardize units across all datasets.

Edge Weight Learning We use half of the Kasthuri
dataset for training and validation. We train on 80% of the
potential merge candidates for this volume. We validate
the CNN classifier on the remaining 20% of the candidates.
Since our input does not require the image data, we can
train on the anisotropic Kasthuri data and test on the
isotropic FIyEM data.

Training Augmentation Since our input is an existing seg-
mentation of the EM images, there are very few training
examples compared to per-pixel classifiers that train on a
unique window for each voxel. The Kasthuri dataset rep-
resents a region of brain over 800 um? in volume and only
yields 640 positive merge examples and 4821 negative ones.
To avoid overfitting our deep networks, we apply the fol-
lowing augmentations on the training examples. During a
single batch, we randomly select ten positive and ten neg-
ative examples. With probability 0.5, an example is re-
flected across the zy-plane. We then rotate each example
by a random angle between 0 and 360 degrees using nearest
neighbor interpolation. We have 20,000 such examples per
epoch.

3.3.3 Error Metrics

We evaluate the performance of the different methods us-
ing the split variation of information (VI) score [33]. Given
a ground truth labeling G'I" and our automatically recon-
structed segmentation SG, over and undersegmentation are
quantified by the conditional entropies H(GT|SG) and
H(SG|GT), respectively. Since we are measuring the en-
tropy between two clusterings, lower VI scores are better.
The sum of these conditional entropies gives the total vari-
ation of information.

We use precision and recall to evaluate the convolutional
neural network and multicut outputs. Since our method
only corrects split errors, we define a true positive as a
pair of segments that are correctly merged together after our
pipeline.

3.4. Results

In Fig. 7, we show the VI results of the pixel-based re-
constructions of the Kasthuri and FIlyEM data (Sec. 3.3.1)
for varying thresholds of agglomeration (green). We show
comparisons to an oracle (blue) that correctly partitions the
graph from our method based on ground truth. Scores closer
to the origin are better for this metric, and in every instance
our results (red) are below the green curve. We see im-
provements on each data with a reduction in total VI score
of 10.4% on the Kasthuri data and 8.9% and 5.4% on the
FlyEM datasets.

Fig. 8 (left) shows successful merges on the Kasthuri
dataset. Several of these examples combine multiple con-
secutive segments that span the volume. In the third exam-
ple on the left we correct the over-segmentation of a den-
drite and attached spine-necks. Fig. 8 (right) shows typical
failure cases of our method (red circles). In two of these ex-
amples the algorithm correctly predicts several merges be-
fore a single error renders the segment as wrong. In the
third example (blue circle) a merge error in the initial seg-
mentation propagates to our output. We now analyze how
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Figure 7: Segmentation benchmark results on three volumes. We compare our method (red) to the baseline segmentation
(green) and an oracle (blue) that optimally partitions our constructed graph from our method. Lower VI scores are better.
Our method improves the segmentation accuracy over the baseline in all cases. Note that our model is only trained on the
Kasthuri training volume and it generalizes well to the FlyEM datasets.

each major component of our method contributes to this fi-
nal result.

3.4.1 Empirical Ablation Studies

Graph Generation Table | shows the results of pruning the
skeleton graph using the algorithm discussed in Sec. 3.2.1.
This edge pruning is essential for the graph partitioning al-
gorithm, which has a non-linear computational complexity
dependence on the number of edges. The baseline algorithm
considers all adjacent regions for merging. Our method re-
moves a significant portion of these candidates while main-
taining a large number of the true merge locations (e.g., 764
compared to 974). Our pruning heuristic removes at least
3.5 the number of edges on all datasets, achieving a max-
imum removal rate of 4.15x. However, there are some ad-
jacent oversegmented labels which are not considered.

We generate edges in our graph by using information
from the skeletons. In particular, we do not enforce the
constraint that edges in our graph correspond to adjacent
segments.  Although neurons are continuous, the EM
images often have noisy spots which cause an interruption
in the input segmentation. We still want to reconstruct
these neurons despite the fact that the initial segmentation
is non-continuous. The second and fourth examples in
Fig. 8 show correctly reconstructed neurons where two of
the segments are non-adjacent.

Failure Cases There are some pairs of segments which we
do not consider for merging because of our reliance on the
skeletons. Fig. 9, top, shows two such cases with the closest
endpoints circled. In the right example the small segment
is carved from the larger segment in a location where there
are no skeleton endpoints. There are on average 177 such

Figure 8: (left) Segments of neurons before they were cor-
rectly merged by our method. (right) Circles indicate areas
of wrong merges by our method (red) or by the initial pixel-
based segmentation (blue).

examples in our datasets.

Edge Weight Learning Fig. 10 shows the receiver
operating characteristic (ROC) curve of our CNN classifier
for all test datasets. As shown by the ROC curve, the
test results on the FIyEM data are better than the results
for Kasthuri. In part this comes from the disparity in the
number of positive to negative merge candidates in the two
graphs. The network easily classifies most of the negative
examples leaving only a few difficult examples to predict.
Since there are more negative examples in relation to the
positive examples in the FIyEM data, the ROC curve is
greater.

Graph Partition The graph optimization strategy using



Table 1: The results of our graph pruning approach compared to the baseline graph with all adjacent regions. We show the
number of true merge locations (e.g., 974) compared to total number of edges in the graph (e.g., 25,798) for each case. The
number of missed splits corresponds to the number of split errors that our method misses compared to an adjacency matrix.

Dataset Segment Adjacency Skeleton Pruning Missed Splits Gained Edges
Kasthuri 974 /25,798 76476,218 307 97
FlyEM Vol. 1 304 /15,949 212/4,578 105 13
FlyEM Vol. 2 298/17,614 197 /4,366 120 19
\ Receiver Operating Characteristic
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Figure 9: The top two examples correspond to segment % o4
pairs that we incorrectly prune from the graph. The dis- E .
. . . 0.2 ] .~~~ — Kasthuri: (AUC = 0.912)
tance between the circled endpoints is too great. The bot- " FIyEMVol. 1: (AUC = 0.916)
tom two examples show pairs of segments that belong to the —— FIyEM Vol. 2: (AUC = 0.929)
same neuron but are not adjacent in the input segmentation. 0.0 ) o e e 10

However, we correctly merge these pairs.

multicut increases accuracy over using just the CNN. Table
2 shows the changes in precision, recall, and accuracy for all
three datasets compared to the CNN with both the multicut
and lifted multicut formulations. The precision increases on
each dataset, although the recall decreases on each datasets.
Since it is more difficult to correct merge errors than split
errors, it is often desirable to sacrifice recall for precision.
Over the three testing datasets, applying a graph-based par-
titioning strategy increased the precision by 31.9%, 40.9%,
and 27.8% respectively.

4. Proposed Work

There is significant room for further research in the com-
pression of label volumes. Compresso currently uses win-
dows of size 8 x 8 x 1 based on empirical evidence that these
2D shapes outperform 3D ones. However, there is certainly
more information we can exploit across the stack. Window
values in slice z are highly correlated with the correspond-
ing windows in the slices above and below. Thus, we can
reduce the number of bits stored for these windows. For ex-
ample, consider a window w in slice z where its neighbors
in slices z — 1 and z + 1 have window values of O (i.e., no
boundary pixels in the window). The window in z will have
value 0 with very high probability.

There are significantly more biological constraints that
we plan to use in the future for region merging and error cor-
rection. Once we improve our synaptic classifiers, we can
ensure that we do not merge dendritic spines with axons.

False Positive Rate

Figure 10: The receiver operating characteristic (ROC)
curves of our classifier on three connectomics datasets.
The classifier works best on previously unseen data of the
Kasthuri volume.

By stipulating that a segment on one side of the cell body
can only have either pre- or post-synaptic connections, we
will prevent undersegmentation that merges multiple neu-
rons together. Additionally, once we have a classifier to
label each neuron as inhibitory or excitatory, we can pre-
vent the merging of two different types of neurons. Both of
these additional constraints will help with the current prob-
lem associated with large-scale reconstruction. That is, a
small percentage of merge errors results in a tangled mess
of multiple neurons per segment.

To further prevent this problem of undersegmentation,
we will augment our current work to correct merge er-
rors as well. Generally, correcting merge errors is more
difficult than correcting split errors because the space of
possible split candidates grows quickly [36]. However,
we plan to prune these candidates more efficiently using
a skeleton based method that considers the underlying bi-
ology. Skeletons corresponding to undersegmented labels
will have junctions at the failed merge (Fig. 11). This
greatly reduces the search space and will enable correcting
split errors in a fraction of the current time.

After locating these potentially erroneous segments, we
will run a watershed algorithm on the affinities that forces
the voxels into two segments. This watershed algorithm will



Table 2: Precision, recall, and accuracy changes between CNN only and CNN paired with graph-optimized reconstructions
for the training and three test datasets. The combined method results in better precision and accuracy. The lifted multicut
extension provides very slight improvements in recall and accuracy over these three datasets.

Multicut Lifted Multicut
Dataset A Precision A Recall A Accuracy | A Precision A Recall A Accuracy
Kasthuri 31.94% -36.24% 0.71% -1.01% 0.60% 0.02%
FIyEM Vol. 1 40.87% -42.37% 1.26% 0.35% 0.85% 0.04%
FlyEM Vol. 2 27.80% -44.95% 0.33% 0.54% 0.92% 0.04%

Figure 11: An example where the input segmentation incor-
rectly merged two neurons together. The red circle indicates
the junction from the skeletonized representation.

provide two seeds on opposite sides of the discovered junc-
tion. The surface separating the two segments output by
the watershed algorithm is our “split” candidate. We will
extract a cubic region of interest around this candidate and
input the region into our previously discussed merge clas-
sifier. If the classifier suggests that the segments belong to
one neuron, we will ignore the split candidate. Otherwise
we will divide this segment based on the watershed result.
With a synaptic classifier, we can further constrain the wa-
tershed algorithm to only propose splits where pre- or post-
synaptic connections occur on one side. This process will
run recursively for a given segment in case more than two
neurons are improperly merged.

5. Conclusions

Several challenges arise as the acquisition speeds for
EM images improve and enable image stacks petabytes in
size. Currently, automatic reconstruction techniques seg-
ment these image stacks into label volumes where each indi-
vidual neuron receives a unique label. However, these label
volumes are larger than the input image data because of the
number of unique neurons in volumes of this size. Thus, one
major challenge is how to efficiently store these large label
volumes. We propose Compresso, which exploits properties
unique to these datasets, and outperforms existing methods
in terms of compression ratio.

Current state-of-the-art reconstruction algorithms that
are fast enough to scale often rely on local context for merg-
ing and are agnostic to the underlying biology. We intro-
duce a novel region merging algorithm that uses biological

constraints at the local and global level to improve over-
segmentations of these image stacks. We extract a graph
from the oversegmentation and rely on a geometric prior
on the shape of neuronal processes to prune the edges in
the graph. A CNN learns edge weights based on the local
region around two segments. We produce an improved seg-
mentation from this graph by reformulating the partitioning
problem as a multicut one and applying global constraints to
the solution. We show significant accuracy improvements
on datasets from two different species. The main benefits
of our approach are that it enforces domain-specific con-
straints at the global graph level while incorporating pixel-
based classification information.

In the future, these methods can be adjusted to apply ad-
ditional domain constraints. We can augment the graph with
more information from the image data, such as synaptic
connections, cell morphology, and locations of mitochon-
dria. This would allow us to match other biological con-
straints during graph partitioning. For example, we could
then enforce the constraint that a given segment only has
post- or pre-synaptic connections. An augmented graph
would be helpful for splitting improperly merged segments
by adding additional terms to the partitioning cost function.
Using skeletons we can apply biological constraints on the
topology for neurons that are improperly merged.
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