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Abstract

With billions of neurons and trillions of synapses in humans, the inner workings of the brain re-

main one of the great open mysteries of the universe. A complete understanding of the brains of

even tiny organisms such as Caenorhabditis elegans remains elusive. The field of connectomics

seeks to unravel the mysteries of brains by analyzing their circuitry at a synaptic level. In pursuit

of this goal, neuroscientists extract and image brain tissue from various species, trace the neurons

through the images, identify all synaptic connections, and construct a wiring diagram. A team of

researchers spent a dozen years manually extracting the first nearly complete connectome from

an image stack. This early success contained 302 neurons and 5,000 synapses. In the succeeding

decades, automated algorithms have complemented and, at times, replacedmanual human recon-

struction efforts. More recently produced wiring diagrams, or connectomes, contain thousands

of neurons with millions of synaptic connections.

Recent advancements in image acquisitionusingmulti-beamelectronmicroscopes enable neu-

roscientists to capture one terabyte of raw image data every hour. Although these engineering

achievements open the door for imaging larger brain volumes frommore evolved species, human

labor, particularly that which requires expert knowledge, has become the bottleneck. Therefore,

researchers have increasingly relied on automated solutions to reconstruct neurons from the raw

image data and extract the wiring diagrams. The previous decade has seen a deluge of new algo-

rithms that confront the challenges of converting the raw image data into connectomes for further

iii



Dissertation advisor: Prof. Hanspeter Pfister Brian P. Matejek

analysis. Despite the incredible success of these algorithms, there is still room for improvement

in accuracy and efficiency.

By guiding algorithm design with existing biological knowledge, we can improve accuracy, re-

duce complexity, and generate results more faithful to the neuronal data. We demonstrate these

principles with four biologically-aware algorithms that confront various problems across the con-

nectomics pipeline. We explicitly tailor our solutions for connectomic data and outperform exist-

ingmethods that are generally agnostic to the underlying biology. This dissertation considers just

a tiny fraction of the numerous challenges when working with connectomics data. However, we

believe that biologically-aware algorithms like those presented here canmake inroads into tackling

a wide range of problems in connectomics.

iv



Contents

1 Introduction 1
1.1 The Connectomics Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Thesis Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.3 Contributions and Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Compression 13
2.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3 The Compresso Scheme . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 Evaluation and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 Error Correction 26
3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.3 Biologically-Constrained Graphs . . . . . . . . . . . . . . . . . . . . . . . . 31
3.4 Experimental Set Up . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4 Subgraph Enumeration 48
4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.2 RelatedWork . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.3 Subgraph Enumeration on the Connectome . . . . . . . . . . . . . . . . . . 56
4.4 Experimental Set Up . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
4.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5 Skeleton Generation 73
5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
5.2 RelatedWorks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

v



5.3 Biologically-Aware Skeleton Generation . . . . . . . . . . . . . . . . . . . . 79
5.4 Experimental Set Up . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
5.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92
5.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6 Conclusions and FutureWork 97
6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
6.2 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

Appendix A Error Correction 101
A.1 Node Generation and Reduction . . . . . . . . . . . . . . . . . . . . . . . 101
A.2 Node Convolutional Neural Network . . . . . . . . . . . . . . . . . . . . . 103
A.3 Skeleton Benchmark and Generation . . . . . . . . . . . . . . . . . . . . . . 105
A.4 Edge Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
A.5 EdgeWeights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

Appendix B Skeleton Generation 113

Bibliography 119

vi



Listing of figures

1.1 Connectomics as an Interdisciplinary Science . . . . . . . . . . . . . . . . . 2
1.2 The Caenorhabditis elegansConnectome . . . . . . . . . . . . . . . . . . . 3
1.3 Mapping Behavior to Function Through Structure . . . . . . . . . . . . . . 4
1.4 Conflicting Scales of Connectomics . . . . . . . . . . . . . . . . . . . . . . 5
1.5 The Connectomics Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.6 Label Volumes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.7 Segmentation Errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.8 Biologically-Aware Algorithms in the Connectomics Pipeline . . . . . . . . . 10

2.1 Compression in the Connectomics Pipeline . . . . . . . . . . . . . . . . . . 14
2.2 64-bit Label Volumes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.3 CompressoWindow Encoding . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 Label VolumeWindow Redundancy . . . . . . . . . . . . . . . . . . . . . . 19
2.5 Compresso Quantitative Results . . . . . . . . . . . . . . . . . . . . . . . . 23

3.1 Error Correction in the Connectomics Pipeline . . . . . . . . . . . . . . . . 27
3.2 Biologically-Constrained Graphs . . . . . . . . . . . . . . . . . . . . . . . . 28
3.3 Node Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.4 Singleton Segments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.5 Common Split Errors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.6 Generating Skeletons for Error Correction . . . . . . . . . . . . . . . . . . . 36
3.7 Machine-LearnedMorphologies . . . . . . . . . . . . . . . . . . . . . . . . 37
3.8 Qualitative Successes and Failures of Error Correction . . . . . . . . . . . . . 42
3.9 Edge Generation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
3.10 Edge Classification Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1 Subgraph Enumeration in the Connectomics Pipeline . . . . . . . . . . . . . 49
4.2 Motifs in the Wiring Diagram . . . . . . . . . . . . . . . . . . . . . . . . . 50
4.3 Canonical Labeling of Subgraphs . . . . . . . . . . . . . . . . . . . . . . . 52
4.4 Subgraph Enumeration for Large-Scale Connectomes . . . . . . . . . . . . . 53
4.5 Enumeration Times and Neighborhood Sizes . . . . . . . . . . . . . . . . . 58

vii



4.6 Problems with Advanced Heuristics . . . . . . . . . . . . . . . . . . . . . . 60
4.7 Subgraph Distributions of Size Three . . . . . . . . . . . . . . . . . . . . . 65
4.8 Most Frequent Motifs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.1 Skeleton Generation in the Connectomics Pipeline . . . . . . . . . . . . . . 74
5.2 Block-Based Skeletonization . . . . . . . . . . . . . . . . . . . . . . . . . . 75
5.3 Biologically-Aware Topological Thinning . . . . . . . . . . . . . . . . . . . 76
5.4 Skeleton Generation Overview . . . . . . . . . . . . . . . . . . . . . . . . . 80
5.5 Bubble Filling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
5.6 Anchor Point Computation . . . . . . . . . . . . . . . . . . . . . . . . . . 84
5.7 Topological Thinning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
5.8 Neurite Width Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.9 Skeleton Refinement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
5.10 Qualitative Skeleton Generation Results . . . . . . . . . . . . . . . . . . . . 94
5.11 Computational Complexity . . . . . . . . . . . . . . . . . . . . . . . . . . 96

A.1 Singleton Slices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
A.2 Distribution of Non-Trivial Skeletons . . . . . . . . . . . . . . . . . . . . . 103
A.3 CNNArchitecture for RegionMerging . . . . . . . . . . . . . . . . . . . . 105
A.4 Skeleton Benchmark Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . 106
A.5 Determining the tedge Parameter . . . . . . . . . . . . . . . . . . . . . . . . 108
A.6 Additional Edge Generation Qualitative Results . . . . . . . . . . . . . . . . 109
A.7 Multicut βAnalysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
A.8 EdgeWeight Conversion Functions . . . . . . . . . . . . . . . . . . . . . . 112

B.1 Dendrite Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
B.2 Axon Comparison . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
B.3 JWRAdditional Visual Results . . . . . . . . . . . . . . . . . . . . . . . . 116
B.4 FIB-25 Additional Visual Results . . . . . . . . . . . . . . . . . . . . . . . 117
B.5 Zebrafinch Additional Visual Results . . . . . . . . . . . . . . . . . . . . . 118

viii



Tomy family.

ix



Acknowledgments

Thank you tomy advisor, Hanspeter Pfister, for an enlightening five years of academic studies

and constant support as I pursued my varied interests. I am incredibly grateful to have had the

opportunity to work with you for these last five years.

I also would like to thank my numerous mentors over the years both at Harvard and Prince-

ton, especially my dissertation committee Todd Zickler and Michael Mitzenmacher, as well as

the other academics I was fortunate enough to work with: Thomas Funkhouser, Christopher

Moretti, Babis Tsourakakis, and Kálmán Palágyi. I would like to thank Donglai Wei and Toufiq

Parag for their guidance as leaders of the “Connectomics Subgroup” within the Visual Comput-

ing Group.

This dissertation would not be possible without the thoughtful and engaging conversations I

had at Harvard with my fellow Ph.D. labmates: Daniel Haehn, Fritz Lekschas, SpandanMadan,

Salma Abdel Magid, Nam Wook Kim, Felix Gonda, Zudi Lin, Tica Lin, and Gaurav Bharaj. I

also greatly appreciated the conversations during the weekly pizza happy hours with Sai Srivatsa

Ravindranath, Adi Suissa-Peleg, William Gilpin, and Alex Shapson-Coe.

Graduate studies can be lonely affairs. Thankfully, I had great friends in Boston in Chris Yee

andNatalieMurillo, who providedme with somemuch-needed escape from the academic grind.

Iwant to thankmy siblings,Megan,Michael, Jimmy, andRobert, for their unwavering support

duringmy studies. I particularly appreciated the home-cookedmeals from Jimmy and Scott (and

Rudy, of course!) before the pandemic and the weekend Civilizationmarathon sessions with

Robert during the lockdown.

Most importantly, I would like to thank my parents for their continual encouragement, espe-

cially when I was most discouraged.

x



Contributing Authors

The following authors contributed to this dissertation:

• Chapter 2: Daniel Haehn, Fritz Lekschas, Michael Mitzenmacher, and Hanspeter Pfister

• Chapter 3: DanielHaehn,Haidong Zhu, DonglaiWei, Toufiq Parag, andHanspeter Pfis-

ter

• Chapter 4: Donglai Wei, Tianyi Chen, Charalampos E. Tsourakakis, Michael Mitzen-

macher, and Hanspeter Pfister

• Chapter 5: Tim Franzmeyer, Donglai Wei, XueyingWang, Jinglin Zhao, Kálmán Palágyi,

JeffW. Lichtman, and Hanspter Pfister

xi



1
Introduction

The inner workings of the brain, with billions of neurons and trillions of synapses in humans,

remain one of the great open mysteries of the universe [20, 130]. Although over a century of re-

search has provided significant insights into the interplay between individual neurons through

synaptic connections and other biological mechanisms, a large amount remains unknown about

the brain’s internal mechanisms as the number of involved neurons scales. However, neurosci-

entists can now image large swaths of brain tissue with electron microscopes to extract wiring
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Figure 1.1: The connectomics discipline requires close collaboration between neuroscientists and computer scien‐
tists. Neuroscientists extract a region of brain tissue and image it at nanometer resolution. Automatic reconstruction
and detection algorithms extract a wiring diagram from these images. By analyzing this circuitry, we hope to improve
neural networks, medicine, and computational models of the brain. These advancements will further our understand‐
ing of the brain, which will then guide the imaging process.

diagrams, or connectomes, at a synaptic level. The field of connectomics seeks to unravel the

brain’s mysteries by analyzing the underlying circuitry observed in these images.

The connectomics discipline requires close collaboration between neuroscientists and com-

puter scientists. Figure 1.1 provides a brief overview of a typical connectomics workflow. First,

neuroscientists extract a relevant section of brain tissue and use electron microscopes to image

the data at nanometer resolution. Next, computer vision algorithms transform the images into

a wiring diagram by segmenting the neurons and identifying synapses and other organelles such

as mitochondria. By analyzing the reconstructed circuitry, researchers hope to advance artificial

neural networks [43], improve understanding of certain neurological diseases [30], and create

more faithful computational models of the brain [70]. Neuroscientists can better understand

the brain with these improvements, with the cycle continuing as these insights further guide the

imaging process.

In 1986, White et al.achieved a significant milestone in connectomics by reconstructing the

2



Figure 1.2: One of the earliest success stories for connectomics came in 1986 when White et al.reconstructed a
nearly complete connectome for C. elegans. This early wiring diagram contains 302 neurons and over 5,000 synaptic
connections. Image from Emmons [26].

first nearly complete wiring diagram, a feat requiring over a dozen years of tedious manual labor

(Figure 1.2) [136]. This first connectome of Caenorhabditis elegans (C. elegans) contained ex-

actly 302 neurons and approximately 5,000 chemical synapses and 600 gap junctions. This mon-

umental accomplishment quickly proved valuable as researchers identified a handful of motifs—

frequently occurring clusters of neurons with important biological function [121]. In the three

and a half decades since, advancements in image acquisition [25, 140, 142], automatic reconstruc-

tion [49, 67], and synaptic detection [45, 72] have enabled the extraction of larger partial wiring

diagrams frommore sophisticated species such as fruit flies [124, 141], mice [25, 123], and zebra

finch [62], among others.

Research by Jovanic et al.showed the potential power of connectomics in going from observed

behavior to a working computational model [52]. The authors observed two distinct behaviors

to crawlingDrosophila larvae in response to mechanosensory stimuli, i.e., an air puff (Figure 1.3,

3



Behavior Structure Function

Figure 1.3: One goal of connectomics is to map behavior to neuronal structure to create better computational models
of the brain. A study by Jovanic et al.explored the behavior exhibited byDrosophila larvaewhen confrontedwith a puff
of air while crawling. After noticing that the specimens either hunched or bent away from the puff, they extracted
the relevant section of brain tissue and reconstructed the neurons and synaptic connections. From the extracted
wiring diagram, they created a computational model that matched the observed behavior. Images from Jovanic et
al. [52].

left). The larvae either hunched to avoid the air puff or bent their head away from the puff to

explore the local environment. After viewing this behavior, the researchers extracted the relevant

region of the brain, imaged it at nanometer resolution (Figure 1.3, center), and reconstructed the

neurons and synaptic connections to extract a wiring diagram (Figure 1.3, right). The authors

identified specific motifs in the circuitry that would result in a hunch or a bend with correct in-

puts into the sensory neurons. This mapping from observed behavior to neuronal structure to

computational function provides a brief glimpse into the potential future insights that connec-

tomics might offer.

Although much of the research in connectomics has previously focused on small species such

as worms and fruit flies, more recent endeavors consider more sophisticated animals, including

birds and small mammals. Neurons in these new specimens can easily span more than 100 µm;

however, we still require image resolutions as fine as 10 nm to identify the synaptic connections

(Figure 1.4). This four order-of-magnitude difference between resolution and image size com-

pounds in each dimension, and even extracting a small wiring diagram from a mammalian brain

requires teravoxel image volumes. These teravoxel volumes represent the minimum size needed

4



100 µm 25 µm 6250 nm

Figure 1.4: Neurons can easily span over 100 µm in length in mammalian brains. Thus, our image volumes often
exceed this width, height, and depth. However, we need resolutions as fine as 10 nm to detect synaptic connections
and other organelles, such as mitochondria. This 10, 000× differential per dimension means extracting even small
circuits require teravoxel image volumes.

to extract a small wiring diagram from a mammalian brain; increasingly, neuroscientists extract

brain regions that exceed a cubicmillimeter (petavoxel of data) [115, 142]. In the extreme case for

mice, a typical brain has a volume of 500mm3, and would require one exabyte (1000 petabytes)

of image dat to completely reconstruct [71]. Although these numbers may seem outlandish now,

an increasing number of labs worldwide view such goals as a significant future milestone.

1.1 The Connectomics Pipeline

We have briefly discussed the overarching goal of connectomics and provided a crude outline of

the process: we extract awiring diagram frombrain tissue to improvemachine learning,medicine,

and understanding of the underlying neuronal circuitry. However, the leap between identifying

a region of interest in the brain and producing an accurate connectome with analysis consists

of numerous steps that each require close collaboration between neuroscientists and computer

scientists (Figure 1.5).

First, neuroscientists extract either a section of or an entire brain for reconstruction and future
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Figure 1.5: There are five main stages in the connectomics pipeline to transform a brain tissue section into a wiring
diagram: acquisition, registration, segmentation, proofreading, and network analysis. Each step produces unique
challenges.

analysis. Often, they target brain regions based on existing knowledge of their function, such as

the visual cortexof amouseor themushroombodyof afly. They then stain thebrainswith various

chemicals such as formaldehyde or osmium tetroxide. These chemicals bind to membranes and

other organelles to provide stark contrast when imaging [12]. The brain tissue is then typically

cut into thin slices between 20–40 nanometers thick. An electron microscope images each slice

of brain tissue. A multi-beam electron microscope can collect one terabyte of raw image data

every hour or one petabyte every six months [56, 123]. The throughput of these multi-beam

electron microscopes will only continue to improve as engineering breakthroughs enable even

more parallel beams.

After imaging the data, the registration and alignment step transforms the image stack into a

3D volume. The physical slicing of the brain tissue and then its transport to the microscope can

cause deformations such as stretching or scrunching in each slice. We correct these abnormalities

during this step. First, a feature detection algorithm such as SIFT identifies salient points across

the image stack [112]. Next, we pair points in neighboring image slices representing the same

physical structure, e.g., the boundary of a mitochondrion or the edge of a blood vessel. Various

optimization techniques reduce a cost functionon thedistances betweenmatchedpoints to create

an affine transformation for each image slice [58]. After registration and alignment, we consider

6



Figure 1.6: Automatic segmentation algorithms transform the image stacks into label volumes where two voxels
receive the same label if they belong to the same neuronal process. Previous manual and semi‐automatic methods
cannot scale to the ever‐increasing size of the acquired data.

the array of image slices as an image volume with resolutions typically between 3− 6 nanometers

in x and y and 20 − 40 nanometers in z. Figure 1.4 shows one slice of an image volume after

acquisition, registration, and alignment.

Once the image stack is aligned correctly, we can begin segmenting the images into individ-

ual neurons and identifying synaptic connections. During the segmentation step, we create label

volumes from the image volumes. In these label volumes, two voxels receive the same label if and

only if they belong to the same neuron in the image (Figure 1.6). In the early years of connec-

tomics, a team of biologists manually traced neurons through the image stack [136]. However,

this manual process cannot scale to the ever-increasing size of the connectomic image volumes.

More recently, machine learning algorithms have replaced humans in this step [88, 97], with

deep learning methods outperforming existing strategies [15, 32, 110]. These automated solu-

7



Figure 1.7: Despite the phenomenal advancements in automatic segmentation techniques within the last ten years
alone, they still produce errors, particularly at large scales. Here, we see the two types of errors. In merge errors,
left, two neuronal processes receive the same label. In split errors, right, one neuronal process receives two or more
labels.

tions have improved significantly in the last decade, with some methods even surpassing human

accuracy on small challenge datasets [34, 49, 66, 81, 82]. Synapse detection has followed a similar

evolution, with automated deep learning methods supplanting human efforts [45, 99]. Beyond

the neurons and synapses themselves, researchers now consider the tasks of segmenting smaller

organelles such as mitochondria, which they believe can act as essential cues for differentiating

neuron types [11, 133].

Despite the phenomenal accuracy of the automated reconstruction algorithms, they still pro-

duce some errors, particularly at larger scales. For the label volumes, there are two types of ob-

served errors (Figure 1.7). Inmerge errors, two or more neuronal processes receive the same label.

Conversely, in split errors, one neuronal process receives two or more labels. We need to correct

these errors to produce accurate wiring diagrams. A diverse set of tools allow for manual [38],

semi-automatic [40], or automatic [23, 76, 150] error correction.

After segmenting the neurons and detecting the synapses, we can extract the wiring diagram

from the image volume. Typically, we represent the connectome as a graph (Figure 1.2) where

vertices correspond to neurons and weighted edges to the synaptic connections [77, 116, 141].
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After graph construction, we can quantify numerous properties of the connectomes like edge

density, graph diameter, and the clustering coefficient. Beyond these global attributes, we also

want to identify subgraphs, or motifs, that correspond to biologically important functionality.

Current analyses typically concern large-scale motifs between different types of neurons [116] or

small-scalemotifs of atmost a few neurons [18, 103, 129]. As the pipeline has becomemore auto-

mated, the analyses have increased in sophistication, with longitudinal studies nowdifferentiating

between different sexes [18] and ages [137].

1.2 Thesis Statement

As connectomic data increases in both size and complexity, end-to-end deep learning models can

become cumbersome, and standard off-the-shelf approaches often fail to capture the nuance of

the underlying data. However, by guiding algorithm design with existing biological knowledge,

we can improve accuracy, reduce complexity, and generate results more faithful to the neuronal

data. These biologically-aware algorithms can incorporate domain knowledge in several ways,

such as guiding the initial principles, refining the solution search space, and constraining (or even

augmenting) the outputs. We can design these explicitly tailored algorithms for the numerous

problems along the entire pipeline as each step from segmentation to network analysis introduces

new challenges.

1.3 Contributions andOutline

In this dissertation, we propose four biologically-aware algorithms for problems in the segmen-

tation-to-analysis section of the connectomics pipeline (Figure 1.8). In Chapter 2, we discuss the

compression of the label volumes produced during the reconstruction process. We represent the

label volumes as 64-bit integers for large-scale reconstructions given the many potential neurons

9
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Segmentation Proofreading Network Analysis

Error Correction Subgraph Enumeration

Skeleton Generation

Figure 1.8: This dissertation discusses four challenges along the segmentation‐to‐analysis component of the con‐
nectomics pipeline: compression (Chapter 2), error correction (Chapter 3), subgraph enumeration (Chapter 4), and
skeleton generation (Chapter 5). We propose biologically‐aware algorithms that address each challenge with an
emphasis on adhering to specific properties of the neuronal processes.

and neuron fragments. In contrast, we only need one byte per voxel in the image volume since the

electron microscope assigns each pixel an integer value in the range [0, 256). As discussed previ-

ously, the multi-beam electron microscopes can now image ten terabytes of raw image data per

day [123]. After reconstruction, the corresponding label volumes for one day of imaging require

80 terabytes of disk storage when uncompressed. Furthermore, this storage disparity deepens as

we improve and refine the segmentation, often generating multiple snapshots of the same image

volume. We propose a window-based compression scheme for the label volumes that exploits the

highly redundant boundary shapes between adjacent neurons. We compress the label volumes by

over 700×, a 6-fold improvement over the general-purpose methods currently used in the com-

munity.

Although the automatic reconstruction techniques provide excellent results, even surpassing

human accuracy on certain challenge datasets [34, 49, 67], these algorithms still make mistakes,

particularly at large scales. InChapter 3, we consider the problemof refining an oversegmentation
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(i.e., a volume with many split but few merge errors) to produce a more accurate reconstruction.

We reformulate the error correction process as a multicut graph partitioning optimization prob-

lem to leverage global context. However, since graph optimization is a computationally expensive

task, we employ biological constraints when constructing our graph to reduce vertices and edges.

Ourhand-designed geometric constraints andmachine-learnedmorphologies substantially prune

the graph to allow for high throughput error correction. We improve on the segmentation results

from two state-of-the-art algorithms on four publicly available datasets on average by 21.3%.

After neuronal reconstruction and synapse detection, neuroscientists typically transform the

volumes into a graph, with vertices corresponding to individual neurons and weighted edges in-

dicating synaptic connectivity. With this representation, neuroscientists hope to find motifs—

frequently occurring subgraphs within the wiring diagram that correspond to specific biological

functions. To date, most analyses on these graphs have focused only on small motifs with two or

three verticies [18, 137], or on large motifs with specific constraints on the type of neuron [116].

InChapter 4, wedescribe a network-centric subgraph enumeration strategy to identify frequently

occuring subgraphs in the connectomes. In contrast to previous methods, we augment our in-

put graphs with edge labels to differentiate between types of synaptic connections (e.g., excita-

tory/inhibitory or chemical/electrical) and better adhere to the underlying biological properties

of the wiring diagram. We demonstrate our results on eleven connectomes and provide extensive

summaries of the over 26 trillion subgraphs enumerated.

Skeletons play an important role across the entire connectomics pipeline with applications in

analysis [125, 141], segmentation evaluation [49], visualization [85], and error correction [23,

76]. Most of these applications use off-the-shelf skeleton generation techniques that are agnostic

to the underlying biology. In chapter 5, we propose a biologically-aware, topological thinning

strategy to create more faithful representations of neuronal structures. We ensure connectivity

between synapses and anchor the skeletons onto the cell bodies. Inspired by cable theory, we esti-
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mate the cross-sectional widths of each neurite during skeletonization and calculate the geodesic

distance between synapses to the cell body. We demonstrate results on 1,255 neuron and neuron

fragments and achieve throughput of over one million voxels per second.

The field of connectomics has substantially evolved since White et al.published the first com-

plete connectome in the mid-1980s. An undertaking that once required a dozen years of tedious

manual labor from domain experts, deep learning models can now reconstruct teravoxel image

volumes in a matter of weeks. The steady improvement of image acquisition pushes the field to

consider reconstructing larger brain tissue volumes from more evolved species. This dissertation

discusses four biologically-aware algorithms for compression, error correction, subgraph enumer-

ation, and skeleton generation as a small step towards achieving this future goal of extracting a

diverse set of wiring diagrams.

12



2
Compression

Segmented label volumes often require 64 bits per pixel, especially for teravoxel image volumes

where the number of segments after automatic reconstruction can exceed 232. Uncompressed,

these label volumes require 8×more storage than the raw image data. Compounding this dispar-

ity, multiple segmentations of the same image volume often exist as different algorithms are eval-

uated and potential errors flagged and corrected. Current pipelines use general-purpose compres-

sion schemes not tailored explicitly for connectomics label volumes. In this chapter, we present
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Figure 2.1: Multi‐beam electron microscopes image one terabyte of image data every hour. Within six months,
neuroscientists can extract a cubic millimeter of brain tissue which requires 1015 voxels. The reconstructed label
volumes require 8 bytes per voxel. Uncompressed, storing these label volumes becomes infeasible for even relatively
small brain samples. In this chapter, we discuss Compresso—a novel compression scheme tailored explicitly for these
label volumes. Our method exploits the underlying properties of these label volumes, including the generally smooth
borders between neurons.

Compresso, a compression scheme explicitly designed for connectomic label volumes. Ourmethod

exploits the underlying properties of the label volumes, including the generally smooth borders

between neurons. We divide the entire label volume into a series of non-overlapping congruent

3Dwindows and perform a one-to-onemapping between thewindows and a small set of integers.

The high level of redundancy between windows enables us to compress the data by over 700×

on most connectomic label volumes. Our methods extend to label volumes derived from other

image modalities such as MRIs and natural images.

2.1 Motivation

Connectomics—reconstructing the wiring diagram of a brain at nanometer resolution—results

in datasets at the scale of petabytes [38, 123, 141]. Machine learningmethods find cellmembranes

and create cell body labelings for every neuron [32, 49, 89, 110] (Figure 2.2). These segmentations
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Figure 2.2: Here we see two examples of connectomics segmentation data with a different color per cell. These
datasets now exceed terabytes, and even petabytes, in size.

are stored as label volumes that are typically encoded in 32 bits or 64 bits per voxel to support the

labeling of millions of different neurons. Storing such data is expensive and transferring the data

is slow. To cut costs and delays, we need compression methods to reduce data sizes.

The literature currently lacks efficient compression of label volumes. General-purpose com-

pression schemes [4, 17, 22, 69, 90, 101, 118, 134, 148] are not optimized for this data. In this

chapter, we exploit the typical characteristics of label volumes such as large invariant regionswith-

out natural relationship between label values. These properties render 2D image compression

schemes inadequate since they rely on frequency reduction (using, e.g., wavelet or discrete cosine

transform) and value prediction of pixels based on local context (differential pulse-code modula-

tion) [108, 120]. Color space optimization strategies in video codecs [83] also do not affect label

volumes, even though the spatial properties of a segmentation stack (z-axis) are similar to the

temporal properties of video data (time-axis). A compression scheme explicitly designed for label

volumes is part of the visualization software Neuroglancer [36]. This method exploits segmen-

tation homogeneity by creating small blocks withN labels and reducing local entropy to log2N
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per pixel. Lookup tables then decode the values [0,N) to the original 64-bit labels. We compare

the Neuroglancer scheme with our method.

We explore the lossless compression of gigavoxel neuron segmentation volumes with high-bit

encodings. We study and evaluate the performance of existing lossless compressionmethods, and

their combinations, on multiple connectomics, magnetic resonance imaging (MRI), and general

segmentation datasets. As our main contribution, we present Compresso—a novel compression

method designed for label volumes using windowed feature extraction. Compresso yields com-

pression ratios on label volumes 80% higher than the current best tools (Section 2.4). We release

an open-source C++ implementation of our method with a Python wrapper.*

2.2 RelatedWork

General-purpose Compression. Compression tools are well studied and compared in regards to

their compression rate, compression speed, and decompression speed [3, 65]. Classic encoders are

zlib [22] (whichutilizesLZ77 [147] andHuffmanncodes [46]), LZ78 [148], LZF [69], LZO[90],

LZW [134], bzip2 [3], and LZMA; LZMA is usually reported to provide very high compression

rates. Recent efforts to optimize these approaches include Zopfli [128], Brotli [4], and Zstan-

dard [17].

We evaluate several general-purpose methods on our datasets. However, these methods target

any input data, resulting in compression that does not consider the typical characteristics of la-

bel volumes. Furthermore, some of these methods cannot handle the size of connectomics data

(Section 2.4).

Image Compression. Many compression schemes for 2D images exist. The two most well-

known lossless compression methods are PNG and JPEG2000 — optimized for photographs.

*https://github.com/VCG/compresso
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These techniques rely on frequency reduction (using, e.g., wavelet or discrete cosine transform)

and value prediction of images based on local context (differential pulse-code modulation). In

contrast to photographs, segmentation data consists of large invariant regions with no natural

relationship between their identifiers. Thus, we cannot apply these frequency reductions and

value predictions to segmentation data. Therefore, off-the-shelf image compression techniques

are not optimized and provide lower compression ratios. We still include PNG and JPEG2000

for evaluation.

Video Compression. We can map the z-axis of a segmentation stack to the time axis of video

data to relate video compression to label volume compression. In practice, the change between

slices in connectomics segmentation data is limited given natural constraints on neuronal shape

and restrictions in between-slice resolution. The currently most widespread video compression

is x264 which provides lossless encoding when quantization is disabled. Intuitively, this does not

yield the best performance on segmentation data since any possible color space optimization is

not applicable. Nevertheless, we include x264 for evaluation in Section 2.4.

Neuroglancer. Neuroglancer [36] is the closest current compression tool—a web-based 3D seg-

mentation viewer that provides a compression scheme for segmentation data. The assumption

behind the compression scheme is that, on average, small local areas will contain very few distinct

segment identifiers with high probability. Based on this assumption, Neuroglancer divides the

segmentation data into several small blocks. Consider an arbitrary block b with N distinct seg-

ment identifiers. Neuroglancer maps the identifier for each pixel into [0,N) and stores a lookup

table for [0,N) to the original value. This mapping reduces the number of bits needed to encode

a pixel in a given block to log2N. The lookup table requires 64 ∗N bits of information to recon-

struct the original data. To allow random access, Neuroglancer creates a header that stores the

byte offset to the lookup table and encoded values for each block. We compare the performance
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Figure 2.3: A 4×4×1 pixel windowwhere three unique labels meet (left). The boundary map for the same window,
where dark pixels represent the boundary (center). This window has an encoded value of 50,978 (21 + 25 + 28 +
29+210+214+215). A boundary pixel i that is indeterminate and requires additional decoding information (right).

of Neuroglancer with our scheme in Section 2.4.

2.3 The Compresso Scheme

2.3.1 Encoding

Overview. Segmentation datasets contain two essential pieces of information across the image

stack: per-segment shape and per-pixel label. Decoupling these two components allows for better

compression on each.

Boundary Encoding. To encode the segment shapes, we consider the boundary pixels 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 (x+ 1, y, z) or (x, y+ 1, z) belongs to a different segment. The

boundary map is divided into non-overlapping congruent 3D windows. If there are n pixels per

window, each window w is assigned an integerVw ∈ [0, 2n)whereVw is defined as:

Vw =
n−1∑
i=0

I(i)2i, (2.1)

and I(i) is 1 if pixel i is on a boundary and 0 otherwise. Figure 2.3 shows an example segmentation
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Figure 2.4: The 100 most frequent windows accounting for approximately 82% of the over 1.2 million Vw values
on a representative connectomics dataset contrasted with 5 randomly generated windows. Each box represents an
8× 8× 1 window where black pixels are boundary, and white pixels are non‐boundary.

with a window size of 4× 4× 1.

A priori, each window could take any of 2n distinct values and therefore require n bits to en-

code without further manipulation. However, boundaries in segmentation images are not ran-

dom, andmanyof these values never appear. Indeed, wefind that a small subset of high-frequency

Vw values accounts for most windows, allowing for significant compression. Figure 2.4 shows

the 100most commonwindows for a representative connectomics dataset. These 100 frequently

occurring windows account for approximately 82% of the over 1.2 million Vw values in a repre-

sentative dataset. Nearly all of these windows correspond to simple lines traversing through the

window. In contrast, we also display five randomly generated windows that never occur in the

dataset.

WedefineN as thenumber of distinctVw representing all of thewindows in an image stack. We

construct an invertible function f(Vw) → [0,N) to transform the window values into a smaller

set of integers. For all real-world segmentationsN ≪ 2n; however, we assume no constraint on

N in order to guarantee lossless compression. With this function, each Vw requires log2N bits

of information to encode. So long as N ≤ 2n−1, we require fewer bits than the original binary

boundarymap. We create two arrays that store the per-segment shape encoding: WindowValues[]

contains the value f(Vw) for every window w and ValueMapping[] contains the reverse mapping

from [0,N) → [0, 2n) based on the function f. Long sequences of 0s in WindowValues[] are
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reduced using run-length encoding.

Per-Pixel Label Compression. So far, we have focused exclusively on transforming the bound-

ary map of a label volume. However, the per-pixel labels themselves are equally important. The

boundary map divides each image slice into different segments. By design, all pixels in the same

segment have the same label, so we store only one label per segment for each slice. We use a

connected-component labeling algorithm to store one label per segment [42]. The algorithm

labels all pixels clustered within a componentm fromM section labels. We store the original la-

bel for a segmentm in slice z in Labels_z[m]. We concatenate these arrays for every image slice to

create a variable Labels[].

Exceptions. Thus far, we have assumed the boundaries described in Section 2.3.1 provide enough

information to reconstruct the entire segmentation. We easily relabel pixels not on a segment

boundary using the Labels[] array. However, we require more care for pixels on the segment

boundaries. Consider Figure 2.3, which depicts a difficult boundary to decode. If a boundary

pixel has a non-boundary neighbor to the left or above, then that pixelmerely takes on that neigh-

bor’s value. However, the pixel i requiresmore care since its relevant neighbors are both boundary

pixels. If a non-boundary neighbor pixel shares a label with the undetermined pixel, we add the

offset to that neighbor to an array IndeterminateValues[]. Otherwise, we add that per-pixel

label.

Metadata.Weconstruct a data structure containing the twoper-segment shape and twoper-pixel

label arrays. The last component of the data structure is the Header, which contains the dimen-

sions of the original data, the window size, and the arrays’ size. Compresso could be improved by

further compressing the individual components of the encoding (e.g., Huffman encoding theVw

values). We achieve strong overall compression using a second-stage general compression scheme

such as LZMA (Section 2.4).
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2.3.2 Decoding

The first step in decoding the data is to reconstruct the boundary map. We iterate over every

pixel, determine the corresponding window w, and retrieve the encoded window value f(Vw)

from the WindowValues[] array. These values range from 0 toN− 1 and correspond to an index

in ValueMapping[] that contains the originalVw value. After decodingVw, the value of pixel i in

window w equalsVw ∧ 2i.

After reproducing the boundary map, we execute the same deterministic connected-compon-

ents algorithm per slice as when encoding. Each component in the boundary map receives a label

between 0 andM − 1. Using the Labels[] array, we can easily translate these component labels

into the original per-pixel labels for every slice. We iterate over the entire dataset in raster order to

determine the per-pixel labels for every boundary pixel. Any boundary pixel (x, y, z)with a non-

boundary neighbor at (x− 1, y, z) or (x, y− 1, z) shares the same per-pixel label. If both relevant

neighbors are boundaries, we consider the next unused value in the IndeterminateValues[] array

and update this pixel’s label.

2.3.3 Complexity

In what follows, P is the number of input pixels;N is the number of distinct window values;X, Y

andZ are the sizes of the x, y, and z dimensions of the input data; and α is the inverse Ackermann

function [31].

Encoding. Extracting the boundaries from the segmentation, generating theVw values, and pop-

ulating the IndeterminateValues[] array are all linear work in P. TheN unique window values

are sorted to create the ValueMapping variable. Generating the Labels[] array requires running

a connected-component labeling algorithm over each z slice; we use a union-find data structure

with union by rank and path compression optimizations. The overall complexity of the compres-
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Table 2.1: For evaluation, we use the following publicly available datasets. Segmentations were obtained using a
combination of U‐net [110] and watershed, semi‐automatic, or manually. Compresso paired with LZMA yields the
best compression ratio on all datasets indicated by an asterisk (*). Neuroglancer paired with LZMA achieved the best
compression ratio only for the SPL Brain Atlas (724x).

Dataset Size Segmentation Compression + LZMA
Speed (Com./Dec.) (↑ / ↑) Compression Ratio (↑)

AC3 Subvolume
mouse cortex, EM

1024× 1024× 150 vx
(6× 6× 30 nm3/vx) U-net 100 / 209MB/s 814× *

AC4 Subvolume
mouse cortex, EM

1024× 1024× 100 vx
(6× 6× 30 nm3/vx) U-net 105 / 218MB/s 701× *

L. Cylinder [55]
mouse cortex, EM

2048× 2048× 300 vx
(3× 3× 30 nm3/vx) U-net 103 / 180MB/s 952× *

CREMI A, B, C
drosophila brain, EM

1250× 1250× 125 vx
(4× 4× 40 nm3/vx) U-net 110 / 218, 118 / 243,

110 / 219MB/s
857× *, 1239× *
960× *

SPL Brain Atlas
T1/T2-weightedMRIs

256× 256× 256 vx
(1× 1× 1 mm3/vx) Semi-autom. 85 / 254MB/s 636×

SPL Knee Atlas
MRI

512× 512× 119 vx
(0.28× 0.28× 1 mm3/vx) Semi-autom. 136 / 244MB/s 1553× *

SPL Abdominal Atlas
CT

256× 256× 113 vx
(0.94× 0.94× 1.5 mm3/vx) Semi-autom. 91 / 254MB/s 480× *

BSD500
Segmentation Challenge 321× 481, 2696 images Manual 110 / 187MB/s 1188× *

PASCAL VOC
2012 Challenge Varying, 2913 images Manual 146 / 222MB/s 2217× *

sion scheme is thereforeO (P(1+ α(XY)) +N logN).

Decoding. Decoding the window values, reconstructing the boundary map, and applying the

correct per-pixel labels for all boundary pixels using the array IndeterminateValues[] are all lin-

ear work in P. Reconstructing the per-pixel labels requires running the connected-component

labeling algorithm over every image slice. The overall complexity of the decompression scheme is

thereforeO (P(1+ α(XY))).

2.4 Evaluation and Results

We consider the following compression schemes: Compresso, Neuroglancer, BZip2, Zlib, LZ78,

LZF, LZMA, LZO, LZW, Zstandard, PNG, JPEG2000, and X.264. In addition to these stand-

alone compression schemes, we consider all pairs with a first stage encoding using either Com-

presso or Neuroglancer and a second stage using one of the general-purpose algorithms. Both
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Figure 2.5: Compression ratios of general‐purpose compression methods combined with Compresso and Neu‐
roglancer. Compresso paired with LZMA yields the best compression ratios for all connectomics datasets and on
average (four out of five) for the others.

Compresso and Neuroglancer leave some redundancies that a general-purpose compressor can

optimize; such multi-stage schemes are common in image compression. Table 2.1 presents six

connectomics, threeMRI, and two image segmentation datasets used for evaluation. Compresso

works for any arbitrary 2D and 3D window dimensions. We achieve the results in this section

using an 8x8x1 window.

The combination of Compresso and LZMA provides superior compression on all connec-

tomics datasets (Table 2.1). Figure 2.5 shows the compression ratios for every compressor on seg-

mentationdata. For example,Compresso achieves a compression ratioof over 950xonL.Cylinder

reducing the 10-gigabyte volume to 10.5megabytes. LZMAperforms very well by itself and pairs

with any encoding strategy. X.264 performs surprisingly poorly on these datasets, in part because

of our requirement of lossless compression. It performs better when information loss is tolerated;

however, it still does not surpass the more specialized encoding schemes. These observations also

hold for JPEG2000 and PNG. Compresso with LZMA outperforms all other existing methods

on connectomics datasets by 80%.
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The fundamental principles guiding Compresso are valid for a diverse set of segmentation

datasets (Figure 2.5, right). We evaluate our compression scheme’s performance on three MRI

and two image segmentation datasets to demonstrate additional potential use cases. Compresso

followed by LZMA compresses the MRI datasets reasonably well, particularly on the SPL Knee

Atlas, which contains highly redundant boundary segments. The Berkeley Segmentation and

PASCAL Visual Object Class datasets are two very common benchmarks in image segmenta-

tion [27, 75]. These datasets currently use GZIP and PNG compression, but Compresso with

LZMA can improve the storage required by a factor of over 10x and 5x, respectively.

To demonstrate usability for even larger label volumes, we compress a 100 µm3 label volume.

Uncompressed, the 2.08 trillion voxel label volume requires 19.25 terabytes of storage. After

using Compresso with LZMA, we reduced the size of the data by 742× to 25.94 gigabytes. At

the time, this reduction in disk space would reduce the potential storage costs on Amazon Web

Services from $442.75 to $0.60 per month.

In terms of speed, Compresso is on par with Neuroglancer across all datasets and achieves a

throughput of 112.16 megabytes per second (SD = 18.62 MB/s) for compression and 222.85

megabytes per second (SD = 32.14 MB/s) for decompression. All experiments ran on a single

core of an Intel Xeon 2.3GHz CPU.

2.5 Conclusions

We have introduced Compresso, an efficient compression tool for segmentation data that out-

performs existing solutions on connectomics, MRI, and other segmentation data. We use exist-

ing knowledge of the shape of neuronal membranes, namely that they are generally smooth, as

a guiding principle for Compresso. Although this insight stemmed from our biological priors,

we believe that this generally holds for a wide variety of segmentation data sets. Thus, we expect
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Compresso to generalize well to other label volumes.

We plan to improve random access to lower memory requirements for online viewers and en-

hance the compression of the metadata in the future. Also, we will integrate Compresso into our

analysis pipeline and various end-user applications. To encourage testing of our tool, replication

of our experiments, and adoption in the community, we releaseCompresso and our results as free

and open research at github.com/VCG/compresso.
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3
Error Correction

Early endeavors in connectomics relied on the tedious manual reconstruction of the image stacks

to segment neurons. More recently, automatic methods segment the volumes with increasing ac-

curacy, surpassing estimated human accuracy on small challenge datasets. However, these tech-

niques still produce errors that wemust correct before we can extract an accurate wiring diagram.

Most segmentationmethods follow a two-stage frameworkwhere a convolutional neural network

(CNN) predicts affinities and a watershed transform clusters pixels into basins. Next, an agglom-
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Figure 3.1: Automatic reconstruction techniques have significantly improved in the last decade, surpassing human
accuracy on some challenge datasets. Despite these successes, these methods still produce errors at scale. In this
chapter, we explore one such error, the split error. We reformulate the error correction of these split errors as a
multicut graph partitioning problem. Since graph partitioning is a computationally expensive process, we use biolog‐
ical constraints to simplify our graph. Our hand‐designed geometric constraints and machine‐learned morphologies
improve computational performance as we improve accuracy over existing state‐of‐the‐art methods by 21.3%.

eration stepmerges the superpixels intomore significant segments. We propose a third step in this

framework that takes an oversegmentation and reformulates the problem as a graph partitioning

one. When constructing our graph, we use biological priors through hand-designed geometric

constraints and machine-learned morphologies to improve accuracy and increase throughput.

The reformulation allows us to use both local, when constructing the graph, and global, when

partitioning the graph, context to improve on existing segmentations. We evaluate our methods

on four connectomic datasets and achieve an average improvement on existing state-of-the-art

methods by 21.3%.

3.1 Motivation

By studying connectomes–wiring diagrams extracted from the brain containing every neuron

and the synapses between them–neuroscientists hope to understand better certain neurological

27



Figure 3.2: Most current state‐of‐the‐art segmentation pipelines consist of affinity generation with watershed trans‐
form and region merging (left). We follow these existingmethods by constructing a graph derived from their segmen‐
tation by enforcing geometric constraints inspired by the underlying biology and learning typical neuronal morpholo‐
gies (center). Our graph formulation allows us to partition the graph with a global optimization strategy to improve
the segmentation (right).

diseases, generatemore faithfulmodels of the brain, and advance artificial intelligence [39, 43]. To

this end, neuroscientists producehigh-resolution images of brain tissuewith electronmicroscopes

where every synapse, mitochondrion, and cell boundary is visible [55]. Since these datasets now

exceed a petabyte in size, manual tracing of neurons is infeasible, and automatic segmentation

techniques are required.

Current state-of-the-art automatic 3D reconstruction approaches often use pixel-basedCNNs

and watershed transforms to generate an initial oversegmentation [66, 110, 149], followed by re-

gion merging steps [32, 60, 67, 88, 98]. Flood-filling networks combine these two steps into one

by gradually expanding segments from a seed voxel [49]. However, all of these above strategies

make decisions using only the local context and do not consider the global ramifications to in-

dividual merges. Therefore, a small number of compounding merge errors can create an under-

segmentation with several neuronal processes labeled as one neuron. Since correcting suchmerge

errors is computationally challenging, currentmethods typically favor oversegmentation, where a

neuronal process is segmented intomultiple labels. Unfortunately proofreading these split errors,

while easier, still remains onerous [96].
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We propose a third step for connectomics reconstruction workflows to refine these overseg-

mentations and close the gap between automatic and manual segmentation. We reformulate the

regionmerging problem as a graph partitioning one to leverage global context during the agglom-

eration process. Thus far, the computational burden associated with global optimization strate-

gies remains their biggest drawback despite some research into parallelizing the computation [7].

Performing the graph partitioning step after an existing agglomeration technique allows us to

capture larger shape context when making decisions. Furthermore, the amount of computation

significantly decreases as the input method correctly segments many supervoxels. The remaining

split errors typically occur in places where a neuronal process becomes relatively thin or the corre-

sponding image data noisy—difficult locations to reconstruct using only the local context from

images and affinities.

When constructing our graph, we employ geometric constraints guided by the underlying bi-

ological morphology to reduce the number of nodes and edges. Due to their biological nature,

oversegmented regions should be connectedwith specific geometric and topological properties in

mind. For example, among other biological considerations, L-shaped junctions and arrow-shaped

junctions are rare in neuronal structures. We can both use and learn these shape priors to produce

a more accurate region merging strategy.

Our region merging framework consists of several steps to construct a graph from an input

segmentation and then partition the graph using a global optimization strategy (Figure 3.2). We

first identify segments that are oversegmented based on our knowledge of the span of neuronal

processes and use a trained CNN to merge these segments with larger ones nearby. The remain-

ing segments receive a node in our graph. We then generate skeletons for each segment to produce

a simple yet expressive representation of a given segment’s underlying shape (Figure 3.2, center).

We identify potential segments tomerge from these skeletons, which will receive a corresponding

edge in the graph. Another CNN classifier learns the local structural shapes of neurons and pro-
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duces probabilities that two segments belong to the same neuron. Finally, we employ a graph op-

timization algorithm to partition the graph into an improved reconstruction (Figure 3.2, right).

Our graph formulation creates a formal description of the problem enabling a diverse range of

optimization strategies in the future.

This work makes three main contributions: first, a method to extract biologically-inspired

graphs from an input segmentation using hand-designed geometric constraints and machine-

learned neuronal morphologies; second, a top-down framework to correct split errors in an input

segmentation; last, a reduction of variation of information on state-of-the-art inputs by 21.3%

on four datasets.

3.2 RelatedWork

Initial Pixel-based Segmentation Methods. There are two main approaches to segmenting

electron microscopy images at the voxel level. In the first, 2D or 3D convolutional neural net-

works are trained to produce an intermediate representation such as boundary [16, 47, 60, 110]

or affinity maps [66, 127]. Advancements in architecture designs (e.g., 3D U-Net [15]), model

averaging techniques [143], segmentation-specific loss functions (e.g., MALIS [10]), and data

augmentation strategies [67] have greatly improved the results for these intermediate representa-

tions. Afterwards, clustering techniques such as watershed [19, 28, 149] or graph partition [5]

transform these intermediate representations into a segmentation. In the second approach, neu-

ral networks [49, 81] are trained recursively to grow the current estimate of a binary segmentation

mask, which is further extended to handle multiple neurons [82]. Despite impressive segmenta-

tion accuracy, this approach’s computational burden remains a limitation as the network needs

to infer each segment separately.

Agglomeration Strategies. Agglomeration methods are parameterized by the similarity metric
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between adjacent segments and merging strategy. For the similarity metric, Lee et al. [67] and

Funke et al. [32] rely solely on the predicted affinities and define the metric as the mean affinity

between segments. Classification-basedmethods generate the probability tomerge two segments

fromhandcrafted [48, 60, 88, 97, 149] or learned features [9]. Niko et al. [64] use the information

about post- and pre-synaptic connections to refine themulticut algorithm and prevent axons and

dendrites frommerging. Mostmethodsuse variants of hierarchical agglomeration for themerging

strategy [60, 88, 97, 98, 149] to merge a pair of regions at a time greedily. Other methods for-

mulate agglomeration as reinforcement learning [48] and superpixel partitioning problems [7].

More recently, flood-filling networks [49] use different seeding strategies with the same network

from the initial segmentation step to agglomerate regions.

Error-correction Methods. Although significant advancements in the above methods produce

impressive results, there are still errors in the segmentation. These errors are corrected eitherman-

ually with human proofreading [38, 59] or automatically [150]. Since correcting errors is a com-

putationally expensive task, various research explores how to use machine learning to improve

human efficiency [40], automatic detection of error regions [109, 150], or reduce the search space

via skeletonization [23]. However, these methods rely only on local context for decision-making

and do not enforce biological constraints on their corrections.

3.3 Biologically-Constrained Graphs

Most current graph-based approaches assign a node to every unique label in the volume with

edges between segments with at least one neighboring pair of voxels. However, as the image vol-

umes grow in size, the number of edges under such an approach increases dramatically. We em-

ploy hand-crafted geometric constraints based on the underlying biology to reduce the number

of nodes and edges. Furthermore, we learn neuron morphologies with two neural networks to
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Figure 3.3: The above neuronal process is incorrectly segmented into several labels. Five of the segments are very
small, indicating that they must merge with a nearby larger segment. Frequently these tiny segments are artifacts of
noisy affinities around locations where a process becomes quite thin.

aid in the graph generation process.

3.3.1 Node Generation

Current pipelines that agglomerate regions based on the affinity predictions alone produce a large

number of tiny segments (e.g., 86.8% of the segments produced by the waterz algorithm on a rep-

resentative dataset contain fewer than 9, 600 voxels corresponding to a volume of approximately

0.01 µm3). Since these strategies use only the mean affinity between two supervoxels, noise in

the affinity generation process produces these minor artifacts. In particular, these segments fre-

quently occur in regionswhere a neuronal process becomes relatively thin, leading to low affinities

between voxels (Figure 3.3). We can leverage additional information about the underlying biology

to identify and correct these segments: neurons are expansive and should not contain few voxels

when segmented. Figure 3.3 shows an example neuronal process oversegmented into six distinct

components, five of which are relatively small. Each of these segments had sufficiently low mean

affinities with its neighbors.
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Figure 3.4: Some automatic segmentation methods tend to produce a series of singleton segments fully contained
within a z slice. These slices are most common along dendritic spines. Correcting these singletons is critical to ensure
a connection between the end of a spine, where synapses frequently occur, and the primary neuronal process.

We identify these small segments and merge them before graph construction to reduce the

number of nodes (and consequently edges). We flag any segment whose volume is less than tvol

cubic microns as small and create a list of nearby large segments as potential merge candidates.

The simplest method to absorb these segments is to agglomerate them with a non-flagged neigh-

bor with the highest mean affinity. However, these segments arise because of inaccuracies in the

affinities. We employ two methods to merge these nodes based on the geometry of the small seg-

ments themselves. Some agglomeration strategies produce several “singleton” segments that are

entirely contained within one image slice (Figure 3.4). We link these singletons together across

several slices by considering the Intersection over Unionwhen superimposing two adjacent slices.

Second, we train a neural network to learn if two segments, one small and the other large, belong

to the same neuron.

Looking at the local shape around two segments can provide important information over raw
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image data or affinities alone. Often split errors occur at regions with either image artifacts or

noisy affinities; however, the segment shapes provide additional information. We extract a small

cube with diameter dnode nanometers around each small–large segment pair. We train a feed-

forward 3D CNN to learn the neuron morphology and predict which pairs belong to the same

neuron. TheCNNtakes as input three channels corresponding to if the voxel belongs to the small

segment, the large segment, or either segment (Figure 3.7). Ournetwork contains threeVGG-style

convolution blocks [13] and two fully connected layers before a final sigmoid activation. The

network parameters are further discussed in Section 3.4.2. Each small segment is merged with

exactly one nearby large segment to prevent a merge error from connecting two distinct neurons

via a shared small segment neighbor.

3.3.2 Edge Generation

Each remaining segment in the volume has a large number of adjacent neighbors (28 per segment

averaged over three gigavoxel datasets). We use a geometric prior on the split errors to reduce

the number of considered errors greatly. Most split errors follow one of two modalities: either a

neuronal process is split into two or more parts across its primary direction (Figure 3.5, top) or

several spines are broken off a dendrite (Figure 3.5, bottom).

We generate skeletons for each segment to create a simple yet expressive representation of a

volume’s underlying shape. For example, this approach allows us to quickly identify all of the

dendritic spines in a segment with minimal computation (Figure 3.6). Some previous research

focuses on the development and use of skeletons in the biomedical and connectomics domains

for quicker analysis [114, 144] and error correction [23]. Topological thinning and medial axis

transforms receive a significant amount of attention in the computer graphics and volume pro-

cessing communities [68, 94].

We first downsample each segment using a max-pooling procedure to a resolution ofXres, Yres,
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Figure 3.5: Here we see two typical instances of split errors in connectomics segmentations. In the top image, the
neuronal process is split multiple times at some of its thinnest locations. On the bottom, multiple spines are split
from the dendrite.

andZres nanometers before generating the skeletons. This process does not cause significant detail

loss since the finest morphological features of neurons are on the order of 100 nm [109]. Instead,

the produced skeletons follow the underlying geometry more closely when downsampling since

these segments’ boundaries can be exceptionally noisy. We use a sequential topological thinning

algorithm [92] to gradually erode the boundary voxels for each segment until only a skeleton

remains. Figure 3.6 shows two example segments with their corresponding skeletons. The larger

spheres in the skeleton correspond to endpoints. We generate a vector at each endpoint to indicate

the direction of our skeleton before endpoint termination.

When generating the edges for our graph, we exploit the aforementioned split error modalities

that follow from neurons’ underlying biological structure. To identify these potential split error

locations, we use the directional vectors at each skeleton endpoint. For each endpoint ve in a

given segment Se we consider all voxels vn within a defined radius of tedge nanometers. If that
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Figure 3.6: Here are two example skeletons produced by a topological thinning algorithm [92]. The larger spheres
represent endpoints, and the vectors protruding from them show the skeleton’s direction at endpoint termination.

voxel belongs to another segment Sn that is locally adjacent to Se and the vector between ve and

vn is within θmax degrees of the directional vector leaving the skeleton endpoint, nodes Se and

Sn receive an edge in the graph. θmax is set to approximately 18.5◦; this value follows from the

imprecision of the endpoint vector generation strategy.

3.3.3 EdgeWeights

To generate the merge probabilities between two segments, we use a CNN similar to the one

discussed in Section 3.3.1. We extract a small cube of diameter dedge nanometers around each

potential merge location found in the edge generation step. Again, we train a new feed-forward

3D CNN with three channels encoding whether a voxel belongs to each segment or either (Fig-

ure 3.7). The network follows the same general architecture with three VGG-style convolution
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Figure 3.7: Both the node and edge networks take three channels as input corresponding to if a particular voxel
belongs to segment one, segment two, or either segment. This particular example is input to the edge CNN to
determine if two segments belong to the same neuronal process.

layers followed by two fully connected layers and a final sigmoid activation.

We next convert these probabilities into edge weights with the following scheme [57]:

we = log
pe

1− pe
+ log

1− β
β

(3.1)

where pe is the corresponding merge probability and β is a tunable parameter that encourages

over- or undersegmentation. Note that high probabilities transform into positive weights. This

requirement follows from our optimization strategy (discussed below), which minimizes an ob-

jective function and should collapse all positively weighted edges.

3.3.4 GraphOptimization

Our graph formulation enables us to apply a diverse range of graph-based global optimization

strategies. Here, we reformulate the partitioning problem as a multicut one. There are two pri-
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mary benefits to this minimization strategy: first, the final number of segments depends on the

input and is not predetermined; second, the solution is globally consistent (i.e., a boundary re-

mains only if the two corresponding nodes belong to different segments) [57].

We use the greedy-additive edge contractionmethod to produce a feasible solution to themul-

ticut problem [57]. Following their example, we use the more general lifted multicut formula-

tion where all non-adjacent pairs of nodes receive a “lifted” edge and a corresponding edge weight

indicating the long-range probability that two nodes belong to the same neuron. Ideally, these

weights perfectly reflect the probability that two nodes belong to the same neuron by considering

all possible paths between the nodes in the graph. Unfortunately, such computation is expensive,

so we create a lower estimate of the probability by finding the shortest path on the negative log-

likelihood graph (i.e., each original edge weight we is now − logwe) and setting the probability

equal to e raised to the distance [57].

3.4 Experimental Set Up

We discuss the datasets used for evaluation and the various parameters from the previous section.

3.4.1 Datasets

We evaluate our methods using four datasets with different resolutions, acquisition techniques,

and input segmentation strategies (Table 3.1). The PNI volumes were given to us by the authors

of [150] and contain nine separate volumes imaged by a serial section transmission electron mi-

croscope. We use four of these volumes to train our networks and tune parameters, three for val-

idation, and the last two for testing. These image volumes have an initial segmentation produced

by a variant of a 3D U-Net followed by zwatershed and mean agglomeration [67].
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Table 3.1: We show results on four testing datasets, two from the PNI volumes, one from the Kasthuri volume, and
one on the SNEMI3D challenge dataset. We use four PNI volumes for training and three for validation. We further
finetune our neural networks on separate training data for both the Kasthuri and SNEMI3D volumes.

Dataset Brain Region Sample Resolution Dimensions Segmentation
PNI Primary Visual Cortex 3.6× 3.6× 40 nm3 2048× 2048× 256 Zwatershed andMean Agg [67]

Kasthuri Somatosensory Cortex 6× 6× 30 nm3 1335× 1809× 338 Waterz [32]
SNEMI3D Somatosensory Cortex 3× 3× 30 nm3 1024× 1024× 100 Waterz [32]

TheKasthuri dataset is freely available online* and represents a region of the neocortex imaged

by a scanning electronmicroscope (SEM).We divide this volume into training and testing blocks.

We initially use a 3DU-Net to produce affinities and agglomerate with the waterz algorithm [32].

Although our proposed method is designed primarily for large-scale connectomics datasets,

we evaluate our method on the popular SNEMI3D challenge dataset.† Our initial segmentation

strategy is the same for both the SNEMI3D and Kasthuri datasets.

3.4.2 Parameter Configuration

Here we provide the parameters and CNN architectures discussed in Section 3.3. Appendix A

provides additional experiments that explore each of these parameters and network architectures

in further detail.

Node Generation. To determine a suitable value for tvol—the threshold to receive a node in the

graph—we consider the edge generation step, which requires expressive skeletons. Skeletons gen-

erated through gradual boundary erosion [92] tend to reduce small segments to a singular point

removing all relevant shape information. After exploring various threshold values on four train-

ing datasets we set tvol = 0.010 36 µm3.

Skeletonization Method. To evaluate various skeleton generation approaches, we create and

*https://neurodata.io/data/kasthuri15/
†http://brainiac2.mit.edu/SNEMI3D/home
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publish a skeleton benchmark dataset.‡ We evaluate three different skeleton approaches with

varying parameters on this benchmark dataset [68, 92, 114]. Downsampling the data to 80 na-

nometers in each dimension followed by a topological thinning algorithm [92] produces the best

results.

Edge Generation. Wewant to minimize the total number of edges during edge generation while

maintaining a high recall on the edges corresponding to split errors. After considering various

thresholds, we find that tedge = 500 nm guarantees both of these attributes. When transforming

our probabilities into edgeweights, we use β = 0.95 to further reduce the number of falsemerges.

CNN Training. Of the nine PNI datasets, we use four for training and three for validation.

We experimented with various network architectures and input cube sizes. Our node network

receives a cube with dnode = 800 nm which is then sampled into a voxel grid of size (60, 60, 20).

Our edge network receives a cube with dedge = 1200 nm which is similarly sampled into a voxel

grid of size (52, 52, 18)

We train each network on the PNI data for 2,000 epochs. There are 20,000 examples per epoch

with an equal representation of ones that should and should notmerge. We employ extensive data

augmentation by randomly rotating the input around the z-axis and reflecting over the xy-plane.

For the Kasthuri and SNEMI3D data, we finetune the pre-trained network for 500 epochs.

3.4.3 ErrorMetrics

We evaluate the performance of the segmentations using the variation of information (VI) [80].

The split and merge variation of information scores quantify over- and undersegmentation, re-

spectively, using conditional entropy. The sum of the two entropies gives the total variation of

information. For our CNNs, a true positive indicates a corrected split error and a false positive a

‡http://rhoana.org/skeletonbenchmark
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Table 3.2: Our proposed method reduces the total variation of information by 20.9%, 28.7%, 15.6%, and 19.8%
on four testing datasets. The variation of information split decreases significantly, achieving a maximum reduction
of 45.5% on the second PNI testing dataset.

Dataset

PNI Test One
PNI Test Two
Kasthuri Test
SNEMI3D

Total VI
Baseline (↓) Proposed (↓) Decrease (↑)

0.491 0.388 -20.9%
0.416 0.297 -28.7%
0.965 0.815 -15.6%
0.807 0.647 -19.8%

VI Split
Baseline (↓) Proposed (↓)

0.418 0.273
0.368 0.200
0.894 0.681
0.571 0.438

VI Merge
Baseline (↓) Proposed (↓)

0.073 0.115
0.049 0.097
0.071 0.134
0.236 0.209

merge error introduction.

3.5 Results

We provide quantitative and qualitative analysis of our method and ablation studies comparing

the effectiveness of each component.

3.5.1 Benchmark Comparison

Table 3.2 shows the total VI improvement of our method over our input segmentations on four

test datasets. We reduce the totalVI on the twoPNI,Kasthuri, and SNEMI3Ddatasets by 20.9%,

28.7%, 15.6%, and 19.8% respectively. Our VI split scores decrease by 34.5%, 45.5%, 23.8%,

and 23.3% on the four datasets. Our proposed method only merges segments and does not di-

vide any into multiple components, and thus our VI merge scores can only increase. However,

our input segmentations are very oversegmented and have a small VI merge score at the start.

Our algorithm increases the VI merges (i.e., it makes some wrong merge decisions), but the over-

all decrease in VI split overcomes the slight increases in VI merge. On the SNEMI3D dataset,

we generate multiple baselines and proposed segmentations by varying the merging threshold in

the waterz algorithm. We show the results on the best baseline compared to the best-corrected

segmentation, and thus the VI merge can decrease for this dataset.
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Figure 3.8: Here we show three success (left) and two failure (right) cases for our proposed methods. On the left, we
see two dendrites with eight spines, each correctly merged. Correcting these splits errors is particularly essential for
extracting the wiring diagram since synaptic connections occur on the spines. In between these examples, we show
a typical neuronal process initially split at numerous thin locations. Circled on the top right is an incorrectly merged
spine to the dendrite. We correctly connect five spines, but we accidentally merge two spines to the same location
once. Below is an example where a merge error in the input segmentation causes an error.

Figure 3.8 shows five examples from our proposed method, three correct (left) and two fail-

ures (right). Here, we see two example dendrites, each with eight spines, correctly reconnected to

the neuronal process. Fixing these types of split errors is crucial for extracting the brain’s wiring

diagram: electrical signal from neighboring cells is propagated onwards through post-synaptic

densities located on these spines. We show a typical neuronal process between these two den-

drites split into multiple segments at locations where the process becomes relatively thin. Our

edge generation step quickly identifies these locations as potential split errors, and our CNNpre-

dicts that the neuronal process is continuing and not terminating. On the top right, we show an

example dendrite where we correctly merge five spines. However, in one location (circled), we ac-

cidentally merge one additional spine causing amerge error. Below that, we show an error caused

by a merge error in the input segmentation. The purple neuronal process is incorrectly merged
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Table 3.3: Our proposed node generation strategy that merges small segments into nearby larger ones outperforms
the baseline strategy. In our best instance, we correctly merge 444 small segments while only incorrectly merging
75.

Dataset Baseline (↑/↓) Proposed (↑/↓)
PNI Test One 305 / 521 (36.9%) 686 / 169 (80.2%)
PNI Test Two 185 / 281 (39.7%) 444 / 75 (85.5%)
Kasthuri Test 4,514 / 4,090 (52.5%) 6,623 / 2,020 (76.6%)

at one location with a perpendicular traversing process (circled). We merge other segments with

the perpendicular process causing an increase in VI merge.

3.5.2 Empirical Ablation Studies

Here, we elaborate on the effectiveness of each component of ourmethod on three of the datasets

and compare against relevant baselines.

Node Generation. Table 3.3 summarizes the success of our node generation strategy in terms of

correctly merging small segments to larger ones from the same process. We compare our results

against the following simple baseline: how many small labels are correctly merged if they receive

the same label as the adjacent large segment with which it shares the highest mean affinity. Our

method significantly outperforms the baseline on the PNI datasets. The baseline performs poorly

as expected since the input segmentation agglomeration strategy initially opted not tomerge these

small segments based on the affinities alone. In each case, we correctlymerge between 76 and 85%

of small segments. The waterz agglomeration strategy produces many more small segments than

the mean agglomeration method. Interestingly, the baseline is much higher for this strategy, in-

dicating that a simple post-processing method of merging small segments based on a thresholded

affinity might be justified.

EdgeGeneration. There are twomain components to edge generation: skeletonization and loca-

tion of potential split errors. We created a skeleton benchmark dataset for connectomics segmen-
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Figure 3.9: One success (top) and one failure (bottom) of our proposed biologically‐constrained edge generation
strategy. In the top instance, the broken spine has a skeleton endpoint with a vector directed at the main process.
In the bottom example, two spines are split from the dendrite but merged in the input segmentation. The skeleton
traverses near the broken location without producing an endpoint.

tations and labeled the endpoints for 500 ground truth segments. The utilized skeletonization

approach has a precision of 94.7% and a recall of 86.7% for an overall F-score of 90.5% on the

benchmark dataset.

Figure 3.9 shows some qualitative examples of where ourmethod succeeds (top) and fails (bot-

tom). Ourmethod correctly establishes edges whenever one of the neuronal processes has a skele-

ton endpoint and directional vector in the vicinity of the error (top). In this particular example,

the broken spine has an endpoint vector pointing directly at the corresponding dendrite. On the
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Table 3.4: Our edge generation strategy reduces the number of edges in the graph by around 60% on each of the
three datasets. Impressively 80% of the actual split errors remain after the edge pruning operations.

Dataset Baseline (↑/↓) Proposed (↑/↓) Edge Recall (↑/↓)
PNI Test One 528 / 25,619 417 / 10,074 79.0% / 39.3%
PNI Test Two 460 / 30,388 370 / 11,869 80.4% / 39.1%
Kasthuri Test 1,193 / 43,951 936 / 18,168 78.5% / 41.3%

Figure 3.10: The receiver operating characteristic (ROC) curve for our learned edge features for three test datasets.

bottom,we see a failurewhere two spines are connected, causing the skeleton tohaveno endpoints

at the break.

Table 3.4provides thequantitative results for our edge generationmethod. The simplebaseline

strategy is to use the adjacency graph from the segmentation. That is, two nodes receive an edge if

the corresponding segments have a pair of neighboring voxels. We notice that the adjacency graph

creates many edges between neuronal processes that should notmerge. In contrast, our proposed

method reduces the graph size by around 60% on each of the three datasets. Similarly, our recall

of true split errors is around 80% on each dataset.

We provide the results of our edge CNN in Figure 3.10. Overall our network performs well
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Table 3.5: Using a global graph optimization strategy prevents segments from merging incorrectly over a traditional
greedy approach. Our average decrease in VI merge over the baseline is 15.1%, with a maximum decrease of 23.6%.

Dataset Baseline (↓) Proposed (↓) Decrease (↑)
PNI Test One 0.127 0.115 -9.4%
PNI Test Two 0.127 0.097 -23.6%
Kasthuri Test 0.153 0.134 -12.4%

on each dataset with accuracies of 96.4%, 97.2%, and 93.4% on the PNI and Kasthuri datasets,

respectively.

Graph Partitioning. Lastly, we quantify the benefits of using a global graph partitioning strategy

over a standard agglomeration technique. As a baseline, we merge regions using only the local

context from our CNN classifier. To create a fair comparison with our proposed method, we

merge all segments whose predicted merge scores exceed 95% (a corollary to the chosen β value).

Table 3.5 shows the improvement in variation of informationmerge over a greedy agglomeration

approach. The VI merge score decreases by 15.1% on average when using a global optimization

strategy.

3.5.3 Computational Performance

All performance experiments ranon an IntelCore i7-6800KCPU3.40GHzwith aTitanXPascal

GPU. All code is written in Python and is freely available.§ Weuse the Keras deep learning library

for our neural networks with Theano backend and cuDNN 7 acceleration for CUDA 8.0.

Table 3.6 shows the running time for each step of our proposed method on the PNI Test Two

dataset (2048×2048×256). Ourmethod achieves a throughput of 1.66megavoxels per second.

§http://rhoana.org/biologicalgraphs
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Table 3.6: Running times on a gigavoxel dataset. In total, our algorithm requires less than 11 minutes end‐to‐end,
achieving a throughput of 1.66 megavoxels per second.

Step Running Time
Node Feature Extraction 73 seconds

Node CNN 208 seconds
Skeleton Generation 34 seconds

Edge Feature Extraction 208 seconds
Edge CNN 109 seconds

LiftedMulticut 13 seconds
Total 10.75 minutes

3.6 Conclusions

We propose a third step for connectomics reconstruction workflows to refine oversegmentations

produced by typical state-of-the-art reconstruction pipelines. Our method uses both local and

global context to improve the input segmentation using a global graph optimization strategy. For

local context, we employ geometric constraints based on the underlying biology and learn typ-

ical neuron morphologies. Performing the graph optimization after initial segmentation allows

us to capture larger shape context when making decisions. We improve over state-of-the-art seg-

mentation methods on four different datasets, reducing the variation of information by 21.3%

on average.

Our graph formulation provides a formal description of the problem and enables a wide range

of optimization strategies in the future. Our current implementationmakes use of the liftedmul-

ticut formulation. However, our method can easily be extended to a wide range of other graph

partitioning strategies. For example, with progress in the automatic identification of neuron type

(e.g., excitatory or inhibitory) we can introduce additional constraints to the global optimizer to

prevent different types frommerging.
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4
Subgraph Enumeration

After reconstruction of the image volumes into individual neuronswith synaptic connections, we

extract the wiring diagram. We typically represent the wiring diagrams as a graph with nodes cor-

responding to neurons and weighted edges indicating synaptic strength between neurons. From

these graphs, we hope to findmotifs—small, frequently occurring subgraphs of biological impor-

tance. Although we suspect or have confirmed the importance of certain subgraphs, we want to

identify essentialmotifs not yet known to be biologically significant. Thus, we need to enumerate
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Figure 4.1: After reconstructing the image volume and identifying all synapses, we extract the wiring diagram as
a graph. Under this paradigm, each vertex corresponds to a neuron with edges indicating synaptic connections
between neurons. We augment the graphs to allow for edge labels corresponding to synapse strength or type (exci‐
tatory/inhibitory or chemical/electrical). Once we construct a graph from the input volume, we identify frequently
occurring subgraphs of biological importance. In this chapter, we discuss the process of enumerating subgraphs in a
connectome.

subgraphs in the connectome. However, Subgraph enumeration is an incredibly computation-

ally intensive task. Furthermore, the connectome has more sophisticated properties than most

general graphs. For example, edge labels can indicate either excitatory or inhibitory connections,

or electrical or chemical synapses. We propose a subgraph enumeration strategy for connectomics

that considers the various biological properties implicit in the connectome. By augmenting the

graphwithbiologically relevant details, we canmore accurately identifymotifs and their function-

ality. Furthermore, we propose a divide-and-conquer strategy, which in the future will enable in-

traspecimen longitudinal studies that compare motifs in different brain regions. We demonstrate

our results on eleven connectomes and publish extensive summaries of the 26 trillion enumerated

subgraphs.
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Figure 4.2: These four subgraphs that appear in the connectome have specific biological functions. Although the
biological significance of thesemotifs was previously hypothesized, enumerating all subgraphs can identify additional
essential motifs.

4.1 Motivation

After more than a dozen years of tedious image acquisition and manual reconstruction, Caenor-

habditis elegans (C. elegans) became the first species to have a nearly complete mapping of its neu-

ronal wiring diagram in 1986 [136]. This first connectome contained 302 neurons and approxi-

mately 5,000 chemical synapses. For over twentymore years [129], and continuing still [18, 137],

a significant amount of research has dissected the connectome of C. elegans, improving its accu-

racy and gleaning additional insights. Building on these successes, recent rapid advancements in

image acquisition techniques [25, 140, 142] paired with automatic neurite segmentation [49, 67]
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and synapse prediction [45, 72] methods has enabled the extraction of more complex partial con-

nectomes from more sophisticated species with nearly two and three orders of magnitude more

neurons and synapses, respectively [141]. As these automated processes further improve, requir-

ing less human correction and verification, we can expect more diverse animal connectomes at an

even larger scale [1, 62, 123, 133].

Two significant goals for analyzing connectome structures are to generate more faithful mod-

els of the brain and improve artificial intelligence [39, 43, 70]. To this end, researchers often

represent these connectomes as graphs where vertices represent neurons, and neurons that share

a synaptic connection receive a directed weighted edge between the corresponding vertices [141].

Furthermore, the graph’s edges can have labels, which we will refer to as colors. Edge colors indi-

cate a specific connection type, e.g., excitatory or inhibitory. After graph construction, one of the

primary goals is to identifymotifs, small reoccurring subgraphs that correspond to specific biolog-

ical function, hiddenwithin the graph (Figure 4.2). A significant amount of existing literature on

motif discovery for these connectomes has focused on finding specificmotifs of known biological

importance within the wiring diagram [116, 126, 141]. However, an open goal for exploring the

connectome is to identify motifs whose biological significance was previously unknown [126].

One approach to finding these motifs is to enumerate all subgraphs in the wiring diagram to

identify those frequently occurring subgraphs. Subgraph enumeration is a computationally ex-

pensive task for two reasons. First, the number of subgraphs rapidly expands as the subgraph

size k increases and the possible set of connected vertices expands. Second, once enumerating a

given subgraph, we need to determine its canonical labeling since two subgraphs can have dif-

ferent adjacency matrices and yet belong to the same equivalence class. For example, Figure 4.3

shows six subgraphs that have different adjacencymatrices and yet belong to the same equivalence

class; in the figure, the six subgraphs have an edge-preserving bijection that transforms the vertices

from one instance into the other. The node colors indicate the bijections between the six graphs.
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Figure 4.3: Here, we see six isomorphic subgraphs of size 3. The node colors do not represent labels but rather
correspond to the bijection that preserves edges. The boxed subgraph is the canonical formwhere the string (bottom
right) corresponding to the adjacency matrix (bottom left) is minimized.

Therefore, during subgraph enumeration, we determine the canonical labeling of every subgraph

to guarantee that each subgraph uniquely maps to its equivalence class to ensure proper count-

ing. The canonical labeling of a graph is the adjacency matrix of all subgraphs in the equivalence

class that has the smallest value when written as a string (Figure 4.3, bottom right). There are no

known polynomial-time algorithms to retrieve the canonical labeling from a subgraph [78]. Un-

fortunately, it is not feasible to count all unique adjacency matrices and determine equivalence

classes as a post-processing step. There are 2k2 total possible adjacency matrices for a directed

graph (noting that self-loops are possible) for a subgraphof size k. Compounding these two issues,

wemust get the canonical labeling for each enumerated subgraph. Wepropose a parallel subgraph

enumeration technique that builds on the existing Kavosh algorithm [54] (Figure 4.4, left). Our

method divides the input graph using simple features about the vertices into a set of batch jobs
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Community-Based 
Motif Discovery

Parallel Enumeration Edge Coloring

Excitatory Inhibitory

Figure 4.4: We propose three improvements on existing subgraph enumeration strategies to improve throughput
and better capture the underlying biology. First, we parallelize an existing subgraph enumeration strategy to work
on a distributed cluster. For each job, we enumerate a subset of vertices, indicated here by color. Second, we first
cluster the vertices into different communities for larger connectomes and perform subgraph enumeration within
each community. Lastly, we add edge colors to the graph to match the diversity of the synaptic connections.

with relatively equal computation times. We reduce the “wall time” over sequential computation

needed for one representative dataset by 10×, as we explain further in Section ( 4.3.3).

Subgraph enumeration becomes infeasible evenwith parallelization for dense graphswith high

average degrees. The size of the available extracted wiring diagrams has dramatically increased in

the last decade, and future connectomes will only further increase the number of neurons and

synapses [123]. For enumerating larger subgraph sizes, we first cluster the graph into communi-

ties and then perform subgraph enumeration within each community (Figure 4.4, center). This

two-step divide-and-conquer approach allows us to increase the size of explored subgraphs by

significantly reducing the search space. We use an automatic graph clustering algorithm that pro-

duces communities of approximately equal size. However, future users could designate commu-

nities using existing biological knowledge about the different regions of the brain. Although this

approach will miss subgraphs spanning two or more communities, we will still find potentially
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significant motifs within clusters and later can differentiate motifs between brain regions.

Some existing subgraph enumeration strategies allow one to distinguish vertices by “color” or

“label”. Some analyses on the connectome have used these algorithms to distinguish between dif-

ferent types of neurons [2, 103, 116]. However, few enumeration strategies immediately allow

for edge colors without some manipulation. In the wiring diagram, however, edges can corre-

spond to different types of connections with opposite functionalities (e.g., excitatory synapses

stimulate and inhibitory synapses suppress) (Figure 4.4, right). Identical motif topologies with

different connections can produce wildly different neural behavior (Figure 4.2, feed-forward ver-

sus regulator). Thus, we need to differentiate between edge types during subgraph enumeration

tobettermatch the input graph’s actual biological realities. Althoughour algorithmallows for the

differentiation of either vertex or edge types, we do not discuss vertex coloring since it is already

prevalent in the existing literature.

We present four novel contributions for large-scale subgraph enumeration for connectomic

graphs. First, we parallelize an existing subgraph enumeration strategy to significantly reduce the

wall time needed to enumerate all subgraphs by balancing the computation time more fairly on

a distributed computing cluster. Second, we implement a two-step subgraph enumeration strat-

egy that first clusters the input graph into communities and then enumerates subgraphs within

each community. We automatically determine these clusters in this implementation; however,

this method easily extends to other clustering techniques, including manual labelings based on

the underlying biology (e.g., by brain region). Third, we extend the subgraph enumeration task

to include edge colors to represent the biologically diverse set of possible connections better. We

demonstrate our results on three datasets containing eleven connectomes from two different ani-

mal species: C. elegans andDrosophilia. As our fourth contribution, we provide extensive analysis

of the subgraphs found across both species; to facilitate further analyses, wemake all data and code

publicly available, including the summaries of all unique subgraphs found and their correspond-
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ing counts, totaling over 26 trillion subgraphs requiring 9.25 years of computation time.

4.2 RelatedWork

Subgraph enumeration tasks typically fall into two categories: subgraph-centric, also referred to

as motif-centric, or network-centric [107]. Subgraph-centric algorithms take as input a query

subgraph and identify all occurrences of that particular subgraph [21, 37, 63]. These algorithms

can efficiently find all occurrences of a given subgraph and use symmetry-breaking conditions

to reduce complexity significantly. However, these algorithms require query subgraphs and do

not efficiently enumerate over all subgraphs, which may be more beneficial to determine the bio-

logical importance of all subgraphs. Network-centric algorithms exhaustively enumerate all sub-

graphs in a given network for a given subgraph size [54, 84, 135]. These methods enumerate each

subgraph once and determine its canonical labeling using Nauty or a similar tool [78]. In this

way, these algorithms incrementally determine the number of occurrences for each unique sub-

graph. Analytic methods count the total number of occurrences of each subgraph type without

enumerating all subgraphs by constructing a matrix of linear equations that encode connectivity

information [74, 91]. However, computational restrictions limit these methods to k ≤ 6 [107].

G-Tries represent a middle approach to network- and motif-centric methods [105, 106]. This

suite of methods constructs a tree of subgraphs, where the tree leaves represent the complete set

of subgraphs to enumerate.

As noted above, complete subgraph enumeration is a computationally expensive task as the

number of subgraphs grows quickly as k increases. Furthermore, there are no polynomial-time

algorithms for producing the canonical labeling of a subgraph [78]. Approximate counting al-

gorithms reduce the search space by traversing to a new vertex with a fixed probability [100] or

searching a compressed network [131], among other solutions. However, these strategies canmiss
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subgraphs, which, although very rare, would seldom appear in a random network, and there-

fore could indicate a biologically important motif (e.g., a fully connected subgraph of a large

size). There is a significant amount of research into distributing computation for exact subgraph

enumeration. These methods typically look for asymmetrical search spaces induced at each ver-

tex [132] or edge [119].

Early research into motifs in neural wiring diagrams typically focused only on small motifs

of two or three neurons [121]. Furthermore, these early discoveries typically concerned a few

neuron types in specific regions of the brain. Research into motifs in the wiring diagram of C.

elegans has focused primarily on small motifs between four or fewer neurons [103, 129]. Varsh-

ney et al. found similar motifs in the C. elegans worm as to those found in the mammalian neo-

cortex [121, 129]. Cook et al. compare the relative frequency of all possible subgraphs of sizes

two and three between the two specific sexes of the C. elegans worm [18]. Scheffer et al. consider

both small and large motifs of the fruit flyDrosophila melanogaster [116]. The authors confirm

some of the traditional results from previous works for small motifs, such as over-representation

of reciprocal connections [44, 116]. Others have also observed these frequently occurring motifs

in the connectomes ofmammals andworms. Scheffer et al. also search for families of largemotifs,

such as large cliques where nearly all possible edge connections are present. However, in both the

small and large cases, the authors focus primarily on motifs theorized previously theorized to be

critical instead of exploring all possible subgraphs to find newmotifs.

4.3 Subgraph Enumeration on the Connectome

4.3.1 Connectomes as Graphs

Weconstruct a graphG(V,E) fromeach connectome. Eachneuron or cell represented in the con-

nectome corresponds to a single vertex in the graph. Each vertex receives a unique index, although

56



these indices do not contain biological significance. Edges in the graph indicate a synaptic con-

nection between two cells. The edges can receive labels (or colors) that can correspond to synaptic

strength (moderate or strong) or connection type (excitatory/inhibitory or chemical/electrical).

We use k to refer to the size (i.e., the number of vertices) of a subgraph throughout the remaining

sections.

4.3.2 Kavosh Subgraph Enumeration

We extend the Kavosh algorithm to enumerate all subgraphs in our connectomes [54]. This al-

gorithm is extremely fast and easily parallelizable (Section 4.3.3). The Kavosh algorithm begins

with the vertex v with the smallest index and enumerates all subgraphs of size k for which v be-

longs. The algorithms then updates v to be the vertex of the next smallest index, enumerates all

subgraphs similarly, and so on. At any point, the algorithm ignores any neighbors of v that have

a smaller index than v to avoid counting the same subgraph multiple times since each subgraph

has a unique lowest-indexed vertex. This pruning does not miss subgraphs; every subgraph has

a lowest value vertex v0, and the subgraph will be found only during the enumeration rooted at

v0. The number of enumerated subgraphs grow quickly (Table 4.6) as k increases. Therefore, we

cannot store each subgraph as a tuple of vertices as the disk storage becomes too onerous quickly.

4.3.3 Kavosh Parallelization

Since the Kavosh algorithm enumerates all subgraphs rooted at a given vertex, we can divide sub-

graph enumeration tasks by vertex. We do not need to worry that this division will overcount

individual subgraphs since a subgraph is only enumerated if the root vertex has the smallest in-

dex. Therefore, we can spawn off as many enumeration threads as vertices and guarantee com-

plete enumeration with no subgraph duplication. However, given the large number of vertices,
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Figure 4.5: The running time for enumerating from a single vertex is linear with the number of subgraphs rooted at
that vertex. We can estimate the number of subgraphs from a single vertex by looking at its immediate neighborhood.
We use a heuristic to reduce themaximumneighborhood size around a given vertex to reduce the difference between
the maximum and minimum running times per vertex.

it is more practical to group together vertices into batch jobs.

The running time to enumerate all subgraphs from a given vertex varies greatly (Figure 4.5,

left). In one large-scale connectomewithover 20,000neurons, enumerationof subgraphs of size 4

for some vertices took three ormore hours. However, enumeration concluded for 95%of neurons

in under 30 seconds. Although such disparities do not significantly influence the total CPU time

required, they can drastically alter the “wall time” required when running on a distributed clus-

ter. In most large-scale wiring diagrams, the neuron indices are typically random—an artifact of

the automatic reconstruction methods that gradually agglomerate an oversegmentation [49, 67].

Even with species with highly stereotyped connectomes, like C. elegans, we can merely assign a

new “enumeration index” to each vertex that substitutes the given neuron index. Therefore, we

selectively choose the “enumeration indices” for each vertex to reduce computation time variance.

For each vertex v, the number of neighbors of vwith a larger enumeration index strongly indi-

cates the number of subgraphs rooted at that vertex, and consequently, the running time required

to enumerate from v (Figure 4.5). Intuitively, we know that if there are n neighbors of v with a

higher index, at a minimum, there are
( n
k−1

)
subgraphs contained within the immediate neigh-

borhood alone. We only consider the neighborhood of vertices with larger enumeration indices

58



Algorithm 1 CalculateEnumerationIndex
InputG(V,E)← graph withV vertices and E edges
for v inV do

v.degree← len(v.neighbors)
end for
order← [ ] ▷ Final enumeration order
while len(order) ̸= ∥V∥ do

v← argminv∈V v.degree
order.append(v)
for u ∈ v.neighbors do

u.degree−−
end for

end while

because Kavosh does not enumerate subgraphs rooted at v that include vertices with lower-valued

indices. When we use the pre-existing neuron indices as the enumeration index, a few unlucky

neurons have a low index and an exceptionally high degree. These corresponding vertices domi-

nate the computation time. Therefore, we greedily generate the vertex indices using Algorithm 1.

In summary, we assign an enumeration index of 0 to the vertex v0 that has the smallest edge degree.

We then decrement v0’s neighbors’ degrees; enumeration from those vertices will not consider

subgraphs that include v0. Next, we choose the vertex, v1, with the lowest remaining edge degree,

and similarly update the remaining vertices’ neighborhoods. We continue this process until each

vertex has an enumeration index.

One might expect that we could gather more information about the possible running times

by considering second-order neighborhoods that include neighbors of neighbors. However, we

found little correlation between the number of subgraphs to enumerate and second-order neigh-

borhoods. Intuitively, vertices on the periphery of a large cliquewill have a small first-order neigh-

borhood and a substantial second-order neighborhood (Figure 4.6). However, the number of

subgraphs rooted at the peripheral vertex will be significantly less than its neighbor since every
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Vertex

Immediate Neighborhood Size 1 8

Extended Neighborhood Size 8 8

Size 3 Subgraphs 8 29

Size 4 Subgraphs 21 56

Figure 4.6: Although immediate neighborhood size is a good indicator of the number of enumerated subgraphs, there
is little correlation between the extended neighborhood size and the number of subgraphs.

subgraph from the peripheral vertex must also include its neighbor.

4.3.4 Community-Based Enumeration

Even with smarter parallelization strategies, enumerating all subgraphs for even k = 5 becomes

quickly infeasible for large-scale connectome graphs. For a representative connectome with ap-

proximately 22,000 neurons and 820,000 edges, subgraph enumeration started at 9.44 minutes,

and 2.15 days for motifs of size three and four, respectively, but 2.77 years for motifs of size five

(Table 4.6). Considering that identifying motifs often requires subgraph enumeration on ran-
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domized graphs of a similar size, this computational cost becomes overbearing even across a large

distributed compute cluster. Therefore, we allow users to cluster the vertices in the graph into

communities and perform subgraph enumeration within each community. A downside of using

clustering is that wemiss enumerating subgraphs that spanmore than one community. However,

we can still identify the frequently occurringmotifs within clusters and contrast subgraph counts

between different clusters.

For graph clustering, we use the METIS algorithm, which divides an input graph into a pre-

determined number of clusters [53]. This algorithm has the desirable property of producing rel-

atively evenly sized communities. Other such algorithms provide unequal clusters, which sig-

nificantly reduces the effectiveness of the divide-and-conquer strategy. Although we use an au-

tomatic clustering technique, future analyses could segment the connectomes based on biologi-

cal priors such as brain regions. With a divide-and-conquer clustering approach, future research

could contrast subgraph distributions based on the brain regions themselves.

4.3.5 Edge Coloring

In the innermost loop of subgraph enumeration, we must identify each subgraph’s canonical

form to classify a given collection of connected vertices correctly. Although it is not known if the

graph isomorphismproblem isNP-Complete, there are currently nopolynomial time algorithms,

and the current best provable complexity is exp
(
O(

√
n log n)

)
[6]. Many motif discovery algo-

rithms use the nauty library for graph isomorphism. This highly optimized library returns the

canonical labeling of a vertex-colored graph [79]. However, nauty does not currently support

edge colors without some manipulation of the input, requiring an expansion of the graph size

to O (n log d), where d is the number of possible edge colors [78]. Thus, although many mo-

tif discovery algorithms allow for vertex colors, they typically do not consider different colored

edges. However, different edge types are essential for brain networks and differentiate between
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Table 4.1: We enumerate subgraphs on eleven connectomes from two different species. Two of the adult C. elegans
connectomes also contain end‐organs and muscles.

Species Age Sex Neurons Edges Edge Types
Caenorhabditis elegans Adult Hermaphrodite 473 6,897 Chemical/Electrical/Both
Caenorhabditis elegans Adult Male 598 7,725 Chemical/Electrical/Both
Caenorhabditis elegans 0 h Hermaphrodite 225 775 N/A
Caenorhabditis elegans 5 h Hermaphrodite 225 986 N/A
Caenorhabditis elegans 8 h Hermaphrodite 225 1,006 N/A
Caenorhabditis elegans 16 h Hermaphrodite 225 1,101 N/A
Caenorhabditis elegans 23 h Hermaphrodite 225 1,504 N/A
Caenorhabditis elegans 27 h Hermaphrodite 225 1,524 N/A
Caenorhabditis elegans Adult (50 h) Hermaphrodite 225 2,193 N/A
Caenorhabditis elegans Adult (50 h) Hermaphrodite 225 2,189 N/A
Drosophila melanogaster Adult Female 21,739 841,720 Moderate/Strong

excitatory and inhibitory connections and chemical and electrical (gap junction) synapses. Addi-

tionally, some pairs of neuronswill havemultiple pathways between them (e.g., chemical synapses

and gap junctions). We can assign a new edge color to indicate neurons that have multiple types

of connections. Although the Kavosh algorithm does not natively support edge colors, the nauty

documentation briefly discusses how to add edge colors [78]. We modify the enumerated sub-

graphs before generating the canonical labeling based on the nauty documentation.

4.4 Experimental Set Up

4.4.1 Datasets

Weperformmotif discovery on three classes of datasets containing eleven connectomes, ten from

C. elegans, and one fromDrosophila melanogaster. Table 4.1 summarizes each of the eleven con-

nectomes, which are all publicly available.

Our first two datasets contain one complete connectome from each of the two biological sexes

ofC. elegans: hermaphrodite andmale. The two sexes have 302 and 385neurons for the hermaph-

rodite and male, respectively. These two datasets also include muscles, end-organs, and glial cells
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leading to 473 and 598 nodes in the graph for the two sexes.* Cook et al.produced the first male

connectome and provided an analysis of the differences between the two sexes [18]. In their anal-

yses, they focus on subgraphs of sizes two and three only. We extend these analyses by exploring

larger subgraphs than initially considered. We also enumerate all subgraphs with three possible

edge colors: chemical synaptic connections, gap junction (electrical), or both. We refer to the

male and hermaphrodite connectomes from this dataset as C. elegans AM and C. elegans AH for

adult male and adult hermaphrodite, respectively.

Our next eight datasets come from a longitudinal study of developmental growth of C. ele-

gans published by Witvliet et al. [137]. These eight partial connectomes contain 225 neurons,

each with increasing numbers of synapses based on the specimen’s age. Six of these connectomes

come from adolescentworms, and the oldest two are adults. These datasets only contain chemical

synapse information, so there are no unique edge types. Likewise, we refer to these datasets as C.

elegans D[1-8] with the number indicating the specimen’s relative age.

TheDrosophila dataset is the largest publicly available connectome with over 21,000 neurons

and four million synaptic connections [141]. We define three synaptic connectivity levels be-

tween two neurons: weakly, moderately, and strongly connected. Weakly connected neurons

share three or fewer synapses, moderately connected neurons share more than three but fewer

than ten synapses, and strongly connected neurons share ten or more synapses. Based on the au-

thors’ discussion on the precision of synapse detection [141], we prune our graph to contain only

synaptic connections that are moderately or strongly connected. Removing these edges reduces

the number of edges in our graph from 3,550,404 to 841,720. Compared to mammalian brain

samples, the EM imagery does not provide enough detail to differentiate excitatory and inhibitory

*The number of nodes and edges differ from the original publication of these datasets [18]. Our con-
nectomes come directly from the adjacency matrices in Supplementary Information 5, corrected version
July 2020. These datasets contain extrapolated information from otherC. elegans specimens for cells miss-
ing from the reconstruction of Cook et al.
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connections [141]. Therefore, our edges do not reflect that distinction.

4.4.2 Implementation Details

We implement our subgraph enumeration algorithm in C++ and provide a Python wrapper. We

use the nauty [78] library to generate canonical labelings for each enumerated subgraph. We ran

timing analysis on a distributed cluster with Intel E5-2695 v2 processors at 2.40 GHz 12 core,

with 90 gigabytes of RAM. All code and enumerated subgraph results are publicly available.†

4.5 Results

This section provides summaries and insights on the subgraphs in these connectomes and quan-

titative statistics on the number of subgraphs and the computation time. To encourage further

analyses by others in the field, we provide complete summaries of all subgraph counts for all con-

nectomes. These summaries cover over 26 trillion subgraphs over the eleven connectomes and

required over 9.25 years of computation time.

4.5.1 Motifs

Figure 4.7 shows the relative proportion of size three motifs for both the developmental growth

connectomes and the two sexes of C. elegans. Amazingly, the distribution of subgraphs between

the specimens in each grouping of datasets is remarkably similar for both subgraphs of size three.

These similarities cannot be explained entirely by the multiple connectomes sharing an abun-

dance of joint edges. For C. elegans AH and AM, the two connectomes share 449 neurons, mus-

cles, end-organs, and glial cells, leaving 24 and 149 unique cells for the hermaphrodite and male,

respectively. The two specimens have 3,572 equivalent edges among the shared nodes, leaving

†github.com/rhoana/subgraph_enumeration
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Figure 4.7: The distributions of subgraphs of size three are amazingly similar in theC. elegans developmental and theC.
elegans sexes datasets. Note that these datasets are not comparable to one another since the datasets differentiating
the two sexes include muscles, non‐muscle end organs, and glial cells.

3,325 and 4,153 unique edges for each sex. We cannot compare the developmental series with the

two other adult worms for two reasons. First, the developmental growth series are only partially

connectomes with only 225 neurons each. Second, C. elegans AH and AM contain muscles and

end-organs in addition to all of the neurons in the brain. We provide a more thorough summary

of the five most frequent subgraphs of sizes four and five in Figure 4.8. We note that the same
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Drosophila

C. elegans D1

C. elegans D2

C. elegans D3

C. elegans D4

C. elegans D5

C. elegans D6

C. elegans D7

C. elegans D8

C. elegans AH

C. elegans AM

k = 4 k = 5

Figure 4.8: Here, we summarize the five most common motifs of sizes four and five for the eleven connectomes. We
notice a large number of similarities between connectomes in the two longitudinal studies for C. elegans.

motifs frequently appear between specimens in the two longitudinal studies.
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Table 4.2: We can significantly reduce the wall time required when enumerating subgraphs over a compute cluster
by relabeling the vertex indices. We reduced the maximum time for enumerating from a root vertex from just under
three hours to slightly more than one minute on the Drosophila dataset. The new enumeration order reduces the idle
CPU time by over 665 hours.

Naïve Algorithm 1
Mean Time 8.21 sec 8.54 sec
Median Time 0.92 sec 5.80 sec

Maximum Time 9820.40 sec 74.12 sec
Wall Time 175.20min 15.78min

Idle CPU Time 680.44 h 14.18 h

4.5.2 Ablation Studies

Kavosh Parallelization. Subgraph enumeration for even moderate k on the larger Drosophila

dataset is simply infeasible without parallel processing. We enumerate all subgraphs of size five on

this dataset in under 7 days when running on 145 CPUs. Without parallelization, that enumera-

tionwould take 2.77 years (Table 4.6). Even on themuch smallerC. elegans datasets, enumerating

subgraphs of size 7 on C. elegans AH takes 17.95 days of CPU time.

Although the amount of total CPU time is similar using a naïve enumeration ordering as to

the ordering described in Algorithm 1, the maximum time spent for a single vertex decreases sig-

nificantly on theDrosophila dataset from 9820.40 sec to 74.12 sec (13.23×). When running on

250 CPUs, our algorithm reduces the wall time by 11.10× and the idle CPU time by 47.99×.

Community-Based Enumeration. A divide-and-conquer approach to subgraph enumeration

can significantly reduce the total computation time required on a given dataset. The number

of subgraphs found decreases, particularly for larger values of k. These decreases correspond to

subgraphs that span more than one community. In going from one to five communities, the

number of subgraphs decreases by 55%, with a similar reduction in total computation time. Al-

though this is a significant decrease in enumerated subgraphs, the relative proportions of the mo-
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Table 4.3: A divide‐and‐conquer approach can significantly decrease the total amount of computation time required
when enumerating very large connectomes. The number of enumerated subgraphs quickly drops as the number of
communities increases.

No. Communities No. Subgraphs Total Time Cosine Similarity
1 36,041,949,778 51.54 h 1.0000
5 16,111,511,700 23.49 h 0.9577
10 10,660,308,898 15.66 h 0.9207
15 8,103,662,469 11.37 h 0.8693
20 6,340,790,895 8.85 h 0.8244
25 4,563,678,610 6.41 h 0.7946
30 3,819,932,809 5.39 h 0.7915

tifs found remain relatively stable, as described by the cosine similarity metric, which compares

the distances between the two distributions of motif counts. Despite this reduction in the num-

ber of subgraphs, we can still identify significant motifs per community. We believe this trade-off

between exhaustive enumeration andquicker processing is a necessitymoving forward. Although

theDrosophila dataset is the largest connectome to date, another most likely will surpass it within

the next half-decade. Adivide-and-conquer approach can avoid enumerating subgraphs that span

multiple communities and focus only on those tightly connected regions of the brain. Further-

more, we believe this methodology extends well to connectomes with predefined communities

such as different brain regions. In these instances, one could perform intraspecimen comparisons

between the motifs found in different communities.

Edge Coloring. Adding edge colors increases the amount of computation time required for sub-

graph enumeration. However, differentiating edges by color is critical for these biological graphs

where two edges can have markedly different properties. Table 4.4 gives a brief overview of the

increase in running time when adding edge colors to the connectome. Typically, enumerating

subgraphs with edge colors increases execution time by 2–2.5×.
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Table 4.4: Adding edge colors dramatically increases the running time for subgraph enumeration.

Dataset No Color/Edge Color
3 4 5 6 7

Drosophila 566.63/1053.48 s 2.15/4.39 d 2.77/6.12 yr N/A N/A
C. elegans AH 0.37/0.77 s 14.75/31.78 s 727.96/1607.75 s 9.53/21.76 hr 17.95/42.48 d
C. elegans AM 0.38/0.72 s 13.18/29.61 s 593.57/1296.49 s 7.13/16.38 hr 12.54/30.11 d

Table 4.5: We publish extensive summaries of the subgraphs found for the eleven connectomes we analyzed. For
three of the connectomes (*), we enumerate the graph both with and without edge colors.

Dataset 3 4 5 6 7
Drosophila∗ 126,610,248 36,041,949,778 12,522,283,314,604 N/A N/A
C. elegans D1 6,327 71,720 896,426 11,515,005 147,005,821
C. elegans D2 9,612 128,983 1,888,538 28,275,169 418,971,019
C. elegans D3 9,665 129,049 1,878,288 27,946,970 412,000,679
C. elegans D4 11,276 159,734 2,464,032 38,761,285 602,393,981
C. elegans D5 18,644 318,317 5,870,163 110,031,311 2,034,438,610
C. elegans D6 19,676 342,951 6,425,487 122,105,708 2,288,712,164
C. elegans D7 35,361 782,947 18,348,047 429,395,327 9,761,169,981
C. elegans D8 34,061 740,874 17,091,235 394,556,031 8,863,956,956
C. elegans AH∗ 126,977 4,284,966 156,792,085 5,758,405,667 205,778,553,473
C. elegans AM∗ 125,601 3,809,067 126,545,565 4,286,896,477 143,807,877,796

4.5.3 Enumerated Subgraph Dataset

Wepublish exhaustive summaries of the subgraphs found over the eleven connectomes to encour-

age further analyses. ForC. elegans AH andAM datasets, we found all subgraphs 3 ≤ k ≤ 7with

and without edge colors. For the C. elegans D[1-8] datasets, we found all subgraphs 3 ≤ k ≤ 7

(no edge colors available). Finally, for the Drosophila dataset, we enumerated subgraphs of 3 ≤

k ≤ 5 with and without edge colors. These datasets contain summaries of over 26 trillion sub-

graphs across all of the connectomes, which required over 9.25 years of total computation time.

We hope that this readily available dataset will encourage additional longitudinal studies across

species, sexes, and developmental stages in the future.

69



Table 4.6: The number of subgraphs, and the corresponding amount of time needed for enumeration, greatly in‐
creases as k increases on large connectomes.

Motif Size No. Subgraphs CPU Time
Drosophila

3 126,610,248 9.44min
4 36,041,949,778 2.15 d
5 12,522,283,314,604 2.77 yr

4.5.4 Computational Complexity

Time. Subgraph enumeration is a computationally expensive task, as we see the number of sub-

graphs quickly explode in theDrosphila dataset (Table 4.6). Although enumerating subgraphs of

size three takes less than ten minutes, the total CPU time required balloons to 2.77 years. Com-

paratively, we enumerate subgraphs for all of the C. elegans connectomes considerably quicker.

The most time-intensive enumeration for these specimens was for subgraphs of size seven for the

adult hermaphrodite (473 vertices, 6,897 edges), requiring 17.95 days computation time.

Memory. One of the most significant benefits of the Kavosh algorithm is its memory efficien-

cy [54]. Empirically we found that our parallel implementation requires less than 800MB of

RAM for each generated process for subgraphs with six or fewer vertices. Our methods require

more RAM for larger subgraphs, although all processes required less than 3GB.

4.6 Conclusions

Twelve years of onerous work yielded the first connectome in 1986 with 302 neurons and over

5,000 synapses. Since then, advancements in image acquisition, neural reconstruction, and syn-

apse detection have significantly reduced the amount of time needed to extract these wiring dia-

grams. A recent dataset of a fruit fly contains over 21, 000 neurons and 800, 000 moderate and

strong synaptic connections. We expect similar growth in the future as neuroscientists recon-
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struct brain tissue from evenmore evolved species such as bumblebees, shrews, and even humans.

One goal of extracting these wiring diagrams is to create more faithful models of the brain and

advance artificial intelligence. Thus, we will need to identify the motifs in these wiring diagrams

that correspond to biologically essential functions.

Subgraph enumeration on these dense connectomes is a computationally expensive process

that becomes infeasible even for small wiring diagrams with < 1000 nodes. We present a novel

subgraph enumeration strategy for large connectomes that enables us to find frequent motifs.

We parallelize our method to work across a distributed cluster and, when needed, use a two-step

enumeration method that first divides the wiring diagram into communities. Building on pre-

vious enumeration strategies, we include methods for differentiating edge types to resemble the

underlying biology better. We evaluate our methods on eleven connectomes from two species

and provide summaries to the over 26 trillion enumerated subgraphs. Ten of these connectomes

come from two existing longitudinal studies onC. elegans [18, 137]. We hope that our published

motifs will encourage further analysis into these eleven connectomes and longitudinal studies

across brain regions within a specimen and even across different species. Some motifs are known

to occur in high frequency across brain regions and animal species, such as the feed-forward loop

and the reciprocal connection [18, 116, 121]. We hope that publishing enumerated subgraphs in

variable wiring diagrams will enable the discovery of other biologically essential motifs that span

species and offer additional insights into the brain’s inner workings.

As connectomes continue to increase in the number of neurons and synaptic connections,

we will need to explore new ways to enumerate subgraphs efficiently. By dividing the brain into

individual regions with shared functionality, we can perform intraspecimen longitudinal studies

while significantly reducing the computation time for enumeration. Eventually, however, wemay

need to consider approximate counting methods that sample subgraphs randomly to produce

estimates for themotif counts. Although thesemethodsmaymiss important yet raremotifs, such
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as fully connected cliques, they will reduce computational costs while still producing extensive

summaries of the frequently occurring subpatterns in the brain.
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5
Skeleton Generation

Skeletons have become an increasingly important component along the connectomics pipeline

with applications in analysis, segmentation evaluation, visualization, and error correction. As the

connectome volumes have increased in size, skeletons provide a simplified yet expressive repre-

sentation for working with the data. Most of these applications use off-the-shelf skeleton gen-

eration strategies that are not explicitly designed for connectomics. We propose a biologically-

aware topological thinning algorithm to produce accurate centerlines that remain faithful to the
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Figure 5.1: Skeletonized representations of the reconstructed label volumes have many uses across the connec‐
tomics pipeline with application in analysis, segmentation evaluation, visualization, and error correction. The most
frequently used off‐the‐shelf approaches, such as isthmus thinning or the TEASER algorithm, are agnostic to the
underlying biology. In this chapter, we discuss a biologically‐aware skeleton generation technique. We guarantee
synapse connectivity and anchor neurite skeletons to the cell body. Furthermore, during skeleton generation, we
calculate geometric attributes such as the geodesic distance from synapse to soma and the width of the neurites.
Cable theory, the mathematical model that estimates the electrical signal received from a particular synapse, relies
on these two values.

underlying biology. We anchor our skeletons to the cell body and guarantee that all synapses re-

main connected. We simultaneously estimate neurite widths and geodesic distances between the

synapses and the cell body while generating the skeletons. We need these vital geometric statis-

tics to estimate the perceived synaptic strength between two neurons more accurately. We divide

our method into a series of data-intensive parallel tasks and cheap global recombination steps to

achieve throughputs of over one million voxels per second. We evaluate our methods on 1,255

neurons and neuron fragments from three datasets with hundreds of billions of voxels.

5.1 Motivation

Increased throughput of electron microscopy imaging techniques [123] has enabled nanometer

resolution image volumes of brain tissue exceeding terabytes [123, 146] and even petabytes [25,
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Figure 5.2: Neural reconstructions of electron microscopy image stacks easily exceed billions of voxels in size. Here,
we show five different neurons that span 270 billion voxels. Our block‐based synapse‐aware skeleton generation
strategy produces expressive skeletons efficiently. We enlarge three regions to show our generated skeletons that
connect all synapses, represented by black spheres, to the somata.

142] in size. Since manual reconstruction and synapse annotation is infeasible at this scale, re-

searchers employ automatic techniques to segment the volumes into individual neurons [49, 141]

and identify synapses [24]. One of the primary goals of connectomics is to better understand

the brain’s computational workings by analyzing the wiring diagrams extracted from these large

image volumes [70, 122]. In turn, researchers hope to improve artificial neural networks [43],

expand knowledge of neurological diseases [30], and better understand the brain’s underlying

computational mechanisms [70].
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Bubble Filling Soma Segmentation

Synapse Connectivity

Figure 5.3: Our block‐based, topological thinning strategy for generating expressive skeletons leverages domain‐
specific knowledge of the underlying biology. Automatic neural reconstruction techniques often produce millions
of bubbles in the output segmentation. Uncorrected, these bubbles cause the skeletons to deviate from the neurite
center (inset, top left, without, then with, bubble filling). Since we know that neuronal processes fill the space en‐
closed by the cell membrane, we can safely fill these bubbles to produce more exact centerlines. We then identify
the cell body (soma) for each neuron (inset, top right). Masking out the soma for a neuron increases throughput
significantly and allows us to anchor the skeletons on the cell body’s surface. Lastly, we introduce a set of topo‐
logical thinning rules that guarantee connectivity between all synapses (inset, bottom right). Our thinning algorithm
concurrently produces neurite widths and geodesic distances from synapses to the soma—two physical properties
needed for accurate neural simulation.

Generating accurate skeletons of the segmented neurons has become a critical component of

the connectomic pipeline with applications in analysis [29, 141], segmentation evaluation [49],

visualization [85], and error correction [23, 76]. Most of this research uses a variant of the Tree-

structure Extraction Algorithm for Accurate and Robust Skeletons (TEASER) [114, 145], al-

though some work utilizes topological thinning strategies from the volume processing commu-

nity [35, 68, 92]. The TEASER algorithm has a set of tunable parameters that offer a tradeoff

between expressivity and simplicity. At the same time, topological thinning strategies typically

require excessive computation time and memory for large datasets. Furthermore, both methods

are agnostic to the underlying biology and do not impose restrictions on the generated skeletons.

As the physical volume sizes of reconstructed brain samples have approached and even ex-
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ceeded a cubic millimeter [25, 71, 117, 141], more research considers the analysis of the extracted

wiring diagrams. Despite the considerable algorithmic improvements along the entire connec-

tomic pipeline, most of this analysis still occurs at a relatively coarse level. Current approaches

typically construct a graph where each node corresponds to a neuron, and directed edges indicate

a synaptic connection from one neuron to another [29, 141]. Weighted edges may indicate per-

ceived synaptic strength, although these methods typically only consider the number of synapses

between two neurons when assigned edge weights. This approximation of synaptic strength is

an oversimplification of the actual connectivity between two neurons. From cable theory, we

know that the electrical signal transferred from one neuron to another depends on the geodesic

distance between the two cell bodies (somata) through the synapse and the neurite width along

that path [61]. We can generate more accurate wiring diagrams by extracting these essential geo-

metric properties from the skeletons to quantify synaptic strength better. Furthermore, wiring

diagrams derived from synapse-aware skeletons can model interplays between neurite branches.

We propose a block-based, topological thinning approach for generating exact skeletons of re-

constructedneuronal volumes. Our approach enforces various biological constraints on the skele-

tons and generates relevant geometric information useful for higher-level analysis (Figure 5.2).

Current state-of-the-art reconstruction strategies such as flood-filling networks [49] can create

segmentations with millions of bubbles, i.e., pockets of voxels incorrectly labeled within a single

neuron. Since neuronal processes are solid volumes, we can safely fill these bubbles to improve

the segmentation quality, generate more accurate neurite widths, and significantly speed up com-

putation by removing spurious surface voxels during thinning (Figure 5.3, inset, left). We train a

Convolutional Neural Network (CNN) with the familiar U-Net architecture [15, 110] to detect

somata in the volume. We then anchor our skeletons to the cell body’s surface to create more

accurate geodesic distances between the synapses and the soma (Figure 5.3, inset, top right). Fi-

nally, we devise a topological thinning strategy that produces a nearly one-to-one correspondence
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between synapses and skeleton endpoints (Figure 5.3, inset, bottom right). We produce accurate

width estimates and geodesic distances to the cell body for each synapse during the thinning pro-

cess.

We increase overall skeleton accuracy and significantly decrease the skeleton generation time

needed compared to our previous work [77]. The introduction of the bubble filling and soma

segmentation steps decreases the overall computation time for skeleton generation by 10.58× on

a connectome volume that spans over two hundred billion voxels. Furthermore, we now divide

each step of the skeleton generation process into an array of intensive data-parallel tasks and quick

global recombination steps. This block-based approach allows us to distribute computation over

a large number of CPUs, achieving throughputs of over one million voxels per second per CPU.

5.2 RelatedWorks

An increasing amount of connectomics literature uses skeletons for analysis [125], segmenta-

tion evaluation [49, 102], visualization [85, 141], and error correction [23, 76]. Much of this

research uses TEASER [114], a general-purpose skeleton generation approach for biomedical ap-

plications that iteratively finds distant points in the object to connect to a root voxel, or similar

derivatives [145]. However, TEASER relies on repeated calls to Dijkstra’s algorithm to find these

distant points, a super-linear algorithm that cannot efficiently handle block sizes over 12803 vox-

els. Skeletons are more widely applicable in the medical image community with applications in

extracting graphs from blood vessels [14], among others [50].

In volume processing, topological thinning approaches remove the need for parameters by re-

lying on mathematical notions of curve-endpoints [68, 113] or curve-isthmuses [92] to reduce

skeleton branching. In the volume processing community, skeletonization typically refers to re-

ducing the dimensionality by one (i.e., to twodimensions). Weproduce centerlines or curve skele-
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tons [51], which we interchangeably refer to as centerlines or skeletons. These strategies gradu-

ally erode a binary label volume’s surface while preserving the topology using only local context

around a given voxel [73]. Generally, these methods either remove voxels sequentially [92, 94]

by continually verifying the topological correctness before each new deletion or in parallel [68,

93, 139], where sets of independent voxels are processed separately. However, these thinning

strategies are incapable of efficiently processing terabyte size volumes as they require reading the

entire voxel space into RAM.We propose a novel block-based approach that allows for large label

volumes’ rapid skeletonization, leveraging data-parallel computation strategies.

5.3 Biologically-Aware Skeleton Generation

Our method contains three main components to enforce specific biological properties and im-

prove the accuracy of our generated skeletons’ geometric attributes. We take two inputs: a label

volume where each neuron is assigned a unique 64-bit integer and a list of synapse locations for

each neuron (Figure 5.4, top left box). We first fill bubbles in the input segmentation to correct

common errors during automatic segmentation (Figure 5.4, top right box). We divide this pro-

cess into two data-parallel tasks with a global recombination step between them. Since neuronal

processes are solid volumes, we can safely identify and correct these errors without creating ad-

ditional ones. Next, we downsample the segmentation and use a modified U-Net to detect the

cell bodies from the input label volumes alone (Figure 5.4, bottom left box). Finally, we thin the

neurons using a block-based, synapse-aware strategy that connects all synapses to the cell body

(Figure 5.4, bottom right box). We also divide the topological thinning process into two data-

parallel tasks followed by a global recombination step. By distributing the most computationally

expensive operations over a large number of CPUs, we can quickly generate skeletons on terabyte

datasets.
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Soma Segmentation

Input

Synapse-Aware Topological Thinning

Bubble Filling

Identify Potential 
Bubbles Per Block

Confirm Bubbles 
Across Blocks Fill Bubbles Per Block

Attach Anchor Points
To Block Walls

Thin Volumes To Centerlines 
Connecting Synapses

Refine Skeletons and 
Anchor to Cell Bodies

Detect and Segment Cell 
Bodies with a CNN

Figure 5.4: Our method contains three distinct steps to extract biologically‐aware skeletons from an input label
volume: bubble filling, soma segmentation, and synapse‐aware topological thinning. We subdivide the bubble filling
and topological thinning steps into a series of expensive data‐parallel tasks and cheaper operations that require
a global scope. Cross‐sectional lines in an image indicate block‐based operations for that step. We first identify
bubbles in each block by finding the connected components with only one neighbor component. Since bubbles can
span across block boundaries, we link the bubbles across the block boundaries and confirm that only one neuron
encapsulates the entire bubble. After identifying the actual bubbles, we update their value to match the surrounding
neuron. Next, we detect and segment cell bodies using a CNN. In the first part of topological thinning, we attach
anchor points to each block’s sides to guarantee that the skeletons span across blocks. Next, we thin the volumes in
each block with a topological thinning approach that maintains connections between all synapses and anchor points.
Lastly, we refine the skeletons globally to attach each neurite’s skeleton to the cell body.

5.3.1 Bubble Filling

Many current state-of-the-art segmentation algorithms [32, 49] tend to generate bubbles, i.e.,

groupings of voxels incorrectly labeled inside a given neuron, of various shapes and sizes. For ex-

ample, membrane detection algorithms occasionally misclassify mitochondria as cell boundaries.

These mislabeled boundaries can cause bubbles in the output during an agglomeration step that

transforms these pixel affinities into a segmentation. Since we know that neuronal processes are

80



Figure 5.5: We illustrate our block‐based bubble‐filling algorithm on a 2D example. We cluster all “background”
voxels (i.e., those that do not belong to a neuron) into components using a two‐pass connected component labeling
algorithm. We label these components with a unique negative integer. Since a bubble can span across multiple block
boundaries (labels −3 and −38), a global agglomeration step links these components over the entire volume to
identify those that are entirely encapsulated by a single neuron. Components that either share a boundary with two
neurons (label−2) or leave the volume (labels−4,−1,−37,−40) remain background.

solid volumes, the segmentation should not contain any of these bubbles. We define a bubble as

a background component that is entirely encapsulated by a single label. Using the notation from

the volume processing community (Figure 5.7), a bubble is a 6-connected background compo-

nent within a 26-connected object.

We divide the task of bubble filling into three steps, the first and third ofwhich are data-parallel

(Figure 5.4 top right box). Since these bubbles in the segmentation can span overmultiple blocks,

the second step requires global scope. Figure 5.5 illustrates a simple two-dimensional example of

the process with two blocks of 36 voxels each and two neuron labels (5 and 8). The white vox-

els indicate background components that do not belong to any neuron. First, we identify all

6-connected background components per block using a modified version of the two-pass con-

nected component labeling algorithm [111, 138]. In the figure, there are four identified back-

ground components in each block. Each background component receives a globally unique, de-
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creasing, negative label assigned in raster order. The labels for background components in the

second block begin with −37 since there are 36 voxels in the first block, and therefore no back-

ground component in that first block could receive label−37. This labeling method extends to

all blocks; the total number of voxels in all blocks preceding the current one determines the start-

ing index. This process guarantees that each discovered background component has a globally

unique label both within and across blocks. The second step in the bubble filling framework re-

quires global information to link the background components across block boundaries. We link

together neighboring background components in different blocks and keep track of the number

of neuron neighbors. By definition, any of these background components that have more than

one neuron neighbor are not bubbles (Figure 5.5, label: −2). Similarly, any background compo-

nent that leaves the volume (Figure 5.5, labels: −1,−4,−37,−40) are not classified as bubbles.

We finally create a mapping between the background components that are bubbles and the cor-

responding neuron to which it belongs (Figure 5.5, labels: −3,−38,−39). With this mapping,

we fill the bubbles for each block in parallel across a distributed system.

5.3.2 Soma Segmentation

The synaptic strength between two neurons relies heavily upon the two cell bodies’ geodesic dis-

tance through a given synapse sharedby the twoneurons. Therefore, precise somata segmentation

is critical for exploring the interplay between two or more neurons. Furthermore, identifying the

cell bodies can significantly reduce the time for topological thinning as we can omit their interior

points. On two representative datasets, the somata account for approximately 65% of all labeled

voxels (Section 5.5.2). Since somata have various shapes and sizes, geometry-based detection al-

gorithms do not adequately identify them.

We train a fully convolutional neural network (CNN) based on a slight modification of the U-

Net [110] to identify cell bodies in the input volume. We first downsample the label volume by a
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constant factor in x, y, and z. For each query xy image tile, we extract a nine-channel tensor where

each channel corresponds to the four nearest xy tiles in both directions. We find that using a nine-

channel tensor instead of the 3D U-Net [15] increases inference throughput while maintaining

high accuracy. We further increase throughput while maintaining high accuracy by reducing the

number of filters per layer by a factor of four. For each neuron label in the query tile, we construct

a binary mask for that label as input into our CNN, padding the input tensor with zeros at the

boundaries as needed. TheCNNoutputs a proposed segmentationmask for the cell body for that

label. We overlay the outputs for all labels to create a somata segmentation mask. Since neurons

have only one cell body, we discard all components in the somata segmentation outside the largest

one per neuron.

5.3.3 Synapse-Aware Topological Thinning

We divide the synapse-aware topological thinning strategy into three distinct components (Fig-

ure 5.4, bottom right box). The computationally expensive first two steps are data-parallel, while

the final step requires global scope. We elaborate on each of the three steps in our thinning frame-

work and the methods for generating geometric attributes about each neurite.

AnchorPointComputation. Ourgenerated skeletonsneed tobe continuous across blockbound-

aries. Therefore, we cannot thin each block entirely independently. Instead, we need to en-

sure that each neuron’s skeleton remains connected across all blocks. Existing block-stitching

approaches fail to connect the skeletons across blocks since there is no guarantee that any skele-

ton points on the block surface will be 26-connected with the adjacent block’s skeleton points.

Furthermore, the thinned centerlinemaynot even contain anypoints on theblock surface. There-

fore, we identify anchor points along each block surface that guarantees that each generated skele-

ton within a block connects to neighboring blocks (Figure 5.6).
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Figure 5.6: We compute anchor points on each block surface to guarantee that the skeletons generated in each block
connect across block boundaries. For each pair of adjacent block surfaces, we overlay all labels. We then identify
central points using a 2D shrinking strategy for each labeled component on the overlayed block surfaces. These
points are non‐deletable during the forthcoming 3D thinning to guarantee connectivity across block boundaries.

To find these anchor points between two blocks, we consider the adjacent pair of surfaces for

the blocks. We intersect these surfaces to find the set of object points that are 6-connected across

the block boundary (Figure 5.6, middle). We calculate these intersected surfaces for each pair

of adjacent blocks in the volume. Then, we find the center point for each component on each

of the intersected slices in the entire volume. These center points are the geometric centers of

the corresponding shapes. We compute these center points using a 2D shrinking approach [87]

(algorithm FP-E0). This algorithm guarantees that the computed anchor points fall within the

intersected component, even for non-convex shapes. If an object’s cross-section spans more than

one surface (e.g., an object leaves a block at one of the six corners), we locate anchor points on

each surface independently to guarantee continuity across all neighboring blocks. Although this

can introduce loops (Figure 5.4), we eliminate these loops at a later step.
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Figure 5.7: Topological thinning algorithms rely only on the local neighborhood around a point p to determine deletion
(left). N6(p) contains the point p and the six points labeledU,D,N, S, E, andW.N18(p) includes the points inN6(p)
and the twelve■ points. N26(p) is the set ofN18(p) and the eight points marked by . Examples of 6‐ and 26‐
connected points (right).

Topological Thinning. We assume as input a series of binary volumes where the value of ‘1’ is

assigned to a voxel if it belongs to a specific neuron. Thus, we create a distinct binary volume for

every neuron that we then thin independently to produce a centerline for that neuron. P is the

set of object points in the examined volume;P is the set of background points with a value of ‘0’

is assigned to them.

We define three neighborhoods around each point pwhich we callN6(p),N18(p), andN26(p)

(Figure 5.7). N6(p) contains the six points labeled U, D, N, S, E, and W. N18(p) contains the

points inN6(p) and the twelve■ points. Similarly,N26(p) contains the points inN18(p) and the

eight points. A sequence of distinct points ⟨p0, p1, . . . , pm⟩ is called a j-path from p0 to pm in

a non-empty set of points X if each point of the sequence is in X and pi is j-adjacent to pi−1 for

each i = 1, 2, . . . ,m. (Note that a single point is a j-path of length 0.) Two points are said to

be j-connected in a set X if there is a j-path in X between them. A set of points X is j-connected in

the set of points Y ⊇ X if any two points in X are j-connected in Y. A j-component in a set of
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points X is a maximal (with respect to inclusion) j-connected subset in X. Under this notation,

an object is a maximal set of object points that are 26-connected, and a background component

is a maximal set of background points that are 6-connected. An object point p is called a surface

point ifN6(p) ∩ P ≠ ∅.

Simple points are object points whose removal from the set P does not alter the topology.

Malandain and Bertrand [73] prove the following theorem to determine if an object point p is

simple by examining the setN26(p) (i.e., the simpleness is a local property):

Theorem 1 A point p ∈ P is simple if and only if all of the following conditions hold:

1. The set N26(p) ∩ (P \ p) contains exactly one 26-component.

2. The set N6(p) ∩ P is not empty.

3. Any two points in N6(p) ∩ P are 6-connected in the set N18(p) ∩ P .

All simple points are surface points by Condition 2 of Theorem 1. An endpoint p ∈ P con-

tains exactly one object point in N26(p). By Theorem 1, every endpoint is also a simple point.

Therefore, with no further deletion restrictions, successive deletion of simple points can reduce

an object without any bubbles and tunnels, such as a neuron, to a single point. Therefore, to

generate expressive skeletons rather than trivial single point reductions for such an object, re-

searchers have introduced a series of additional constraints to Theorem 1. These additions range

from merely preserving endpoints [8] to defining another class of geometric constraints such as

non-simple curve-isthmuses [92]. We differ from these previous approaches by introducing addi-

tional biologically-inspired constraints that synapse points and somata surface points are always

non-simple and thus non-deletable. As discussed previously, we also preserve all anchor points

to guarantee connectivity across the entire volume. We remove any other points in each block if
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they adhere to the three requirements of Theorem 1. Therefore, our resultant skeleton connects

all synapses to the cell body. All skeleton endpoints are anchor points, synapse points, or points

on the soma surface at this stage. This synapse-aware skeleton generation strategy produces cen-

terlines that are better suited for higher-level analysis.

We employ a sequential thinningprocedure to erode the surface uniformly in all directions [92]

for each block. Each iteration consists of six sub-iterations where we consider surface points for

possible deletionwhose corresponding neighbor at locationU,N,E, S,W, andD is a background

point (Figure 5.7, left). By Condition 2 of Theorem 1, we know that all simple points must be

on the surface. Therefore, we start by collecting all the surface voxels into a set. We iterate over

the set of surface voxels for each sub-iteration and only consider those whose neighbor in the

proposed direction is a background point. Note, we do not consider voxels outside the block to

be background points. We create a set of potentially deletable points (i.e., simple points). After

collecting all the simple points in a given sub-iteration, we begin deleting points in this set in order

if they are still simple. This dual-pass approach of creating simple points and reconfirming their

simplicity is necessary since a pointmay lose its simple designation aswedelete its neighbors. After

we delete a point, we add any neighbors now on the surface to the set of surface voxels. Once we

consider all potentially deletable points, we move to the next sub-iteration. Figure 5.8 shows a

cross-section of a volume that requires four thinning iterations to produce a skeleton point.

We estimate the neurite width at each point along the centerline during this step. Since our

topological thinning algorithm gradually erodes the surface evenly in all directions, the output

skeleton falls in the neuron’s center. The final skeleton point itself can vary slightly based on the

thinning order (i.e., the sequence of the sub-iterations: U,N, E, S,W, andD). In Figure 5.8, the

two object points immediately west and south of the skeleton point could have remained with

a different sub-iteration ordering. Thus, we define the neurite’s width at a given skeleton point

as two times the closest distance between it and the surface. For each object point, we maintain
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Figure 5.8: We generate estimates for neurite width during thinning. Initially, surface voxels have a distance‐to‐
surface value of zero and all interior voxels∞. When we remove a surface voxel, we update the distance‐to‐surface
value of neighboring voxels if there is a new shortest path to the surface through the removed voxel. A single skeleton
point with a distance of 28 nanometers remains after four thinning iterations in this example. The neurite width is
twice the distance‐to‐surface value.

an estimate for the distance from that point to the surface. These estimates are initially zero for

all surface voxels and∞ for all interior voxels. When a surface point p is deleted during a thin-

ning iteration, we look at its neighborhoodN26(p) and update its neighbor’s distance-to-surface

estimate if the distance to p plus the distance estimate at p is less than its current value. As the

surface continues to erode, our estimates reflect the distance from a central point to the surface

more accurately. Figure 5.8 shows the skeleton point’s final update, which occurs whenwe delete

its southeastern neighbor.

Skeleton Refinement. Althoughwe fill bubbles in the input volume, tunnels that carve through

the surface remain since the neuron does not entirely encapsulate them. These tunnels cause

loops in the skeleton. Furthermore, our anchor points can cause loops for segments intersecting a

corner or edge of a block (Figure 5.4). Since neuronal processes are acyclic, these skeleton loops are
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Skeleton Refinement
Before After

Figure 5.9: Our skeleton refinement step removes any loops in the skeleton caused by tunnels in the segmentation
(circled). This step also calculates the geodesic distances between every synapse (black spheres) and the cell body
(purple volume).

artifacts of noisy input data and our block linkingmethodology. We enforce an acyclic constraint

on the skeleton and simultaneously produce geodesic distance from each synapse to the cell body

during our skeleton refinement phase. We run Dijkstra’s shortest path algorithm on the skeleton

using the cell body surface as the source. We remove any skeleton point that does not belong on

any shortest path from a synapse to the cell body (Figure 5.9). This process eliminates all loops

since the shortest paths constructed by Dijkstra’s algorithm cannot contain loops. We further

produce the geodesic distances from each synapse to the surface of the cell body. This refinement

step also removes any endpoints that are not synapses, e.g., anchor points at the periphery of the

volume.
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Table 5.1: We evaluate our method on three datasets from three different species: rat, fruit fly, and zebra finch.
Across all datasets, we generate skeletons for 1,255 neurons and neuron fragments. None of the neuron fragments
for FIB‐25 contain soma since the cell bodies for the fruit fly lie on the boundary of the brain.

Name Species Volume Resolution No. Neurons No. Synapses
JWR Rat 106× 106× 93 µm3 32× 64× 30 nm3 85 50,334

FIB-25 [124] Fruit Fly 36× 29× 69 µm3 10× 10× 10 nm3 763 84,157
J0126 [62] Zebra Finch 96× 98× 114 µm3 18× 18× 20 nm3 407 91,465

5.4 Experimental Set Up

5.4.1 Datasets and Baselines

We evaluate our methods on three large-scale connectomic datasets from three different species:

rat, fruit fly, and zebra finch (Table 5.1). Neuroscientists manually segmented and identified the

synapses for the JWR (rat) dataset, the smallest of the three with only 34 billion voxels. The

FIB-25 (fruit fly) dataset’s segmentation and synapses underwent automatic segmentation and

detection, followed by extensive human proofreading over the 72 billion voxels. Fully automatic

techniques segmented neurons [49] and identified synapses [24] in the most extensive dataset,

J0126 (zebra finch), that spans over 165 billion voxels.

We compare our proposed method against two baselines: TEASER [114] and an isthmus-

based topological thinning approach [92]. We use the Kimimaro implementation of the TEASER

algorithm from the Seung lab with the default parameters.* Isthmus (and other topological)

thinning methods are particularly susceptible to surface noise, generating many spurious end-

points [76, 77]. Therefore, we downsample all three datasets for this baseline to a resolution of

100× 100× 100 nm3. This downsampling also enables us to compare isthmus thinning against

all neurons in our three datasets; without downsampling,CPUmemory constraints limit the total

number of realizable skeletons.

We ran all timing experiments for our ablation studies on an Intel Core i7-6800K CPU 3.40

*https://github.com/seung-lab/kimimaro
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GHz with 64GB of RAM. All code is written in Python and C++ with Cython wrappers and

is freely available.† We ran all additional timing analyses on a cluster of 18 Intel Xeon Platinum

8268 CPUs running at 2.90GHz with 188GB of RAM.

5.4.2 Implementation Details

We train our soma segmentation CNN on 49.6% of the JWR dataset for 40 epochs. We use

stochastic gradient descent with ADAM optimizer; learning rate 0.001, β1 = 0.9, β2 = 0.999,

and ε = 10−07. We downsample the JWR and J0126 datasets by a factor of 4 and 8 in each

dimension during soma segmentation.

We test our method on a wide range of block sizes to evaluate the computational efficiency

as a function of the number of voxels. For the computational tests summarized in Table 5.3, we

use a block size of 896 × 896 × 896 voxels, which is approximately the largest size that could

comfortably fit in the memory constraints of our workstation. Outside of CNN training and

block size selection, our method requires no other parameters.

5.4.3 EvaluationMetrics

We evaluate our results using three metrics. First, we use the Neural Reconstruction Integrity

(NRI) [104] score to evaluate how well each skeleton generation method maintains the brain’s

underlying wiring diagram. A perfect NRI score of 1.0 indicates that the method preserved all

intracellular pathways between synapses without introducing additional connections. This met-

ric illustrates the correspondence between synapses and endpoints. For our baselines, we link

synapses to endpoints that fall within 1600 nanometers of each other. Although a cross-section’s

width at a given location is not well-defined, existing TEASER methods produce estimates for

the largest sphere that could fit inside the volume at a given skeleton point [114, 145]. We thus
†https://www.rhoana.org/blockbased_synapseaware
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Table 5.2: We outperform the baseline methods on the NRI score on all three metrics by significant margins. We
improve on the width estimates by 67%, 27%, and 85% over the TEASER algorithm on the three datasets. Although
TEASER produces fewer points on the JWR and FIB‐25 datasets, we are relatively close to their values.

Method

Proposed
TEASER

Isthmus Thinning

JWR
NRI (↑) Width (↓) Points (↓)
0.9988 43.03 nm 26,752
0.1011 120.69 nm 18,250
0.2574 N/A 1,645,966

FIB-25
NRI (↑) Width (↓) Points (↓)
0.9952 14.42 nm 11,755
0.2477 19.78 nm 10,216
0.3158 N/A 39,873

J0126
NRI (↑) Width (↓) Points (↓)
0.9997 25.55 nm 25,562
0.1729 171.33 nm 33,022
0.2454 N/A 1,089,923

evaluate the mean absolute error of our width predictions by finding the closest surface points

to each skeleton point, akin to predicting how well we estimate a sphere that could fit inside the

neuron centered at that skeleton point. As a measure of simplicity, our final metric counts the

number of skeleton points. All other things equal, we prefer fewer skeleton points [92] since,

among other reasons, this can significantly reduce the computational costs for algorithms that

use the skeletons [23, 76].

5.5 Results

5.5.1 Benchmark Comparison

Table 5.2 summarizes the results on the three datasets of our method and two baselines.

Neural Reconstruction Integrity. Our method achieves a near-perfect one-to-one correspon-

dence between endpoints and synapses. By design, each endpoint in our skeleton is a synapse.

However, occasionally, when two synapses are close together, only one synapse will be a skeleton

endpoint as the skeleton traverses through the other towards the cell body. Both the TEASER

and the isthmus thinning strategies have significantly lower NRI scores ranging from 0.1011 to

0.3158.

Width Estimation. We achieve a mean absolute error of our width (i.e., twice the distance-

to-surface) estimation of 43.03 nm, 14.42 nm, and 25.55 nm on the JWR, FIB-25, and J0126

datasets, respectively. The TEASER algorithm outputs a radius for each point, roughly corre-

92



sponding to the largest sphere wholly contained in the volume centered at that point. The mean

absolute error for TEASER’s neurite width estimate is 120.69 nm, 19.78 nm, and 171.33 nm for

the three datasets, factors of 2.17, 1.37, and 6.71 worse, respectively. The isthmus thinning base-

line does not produce width estimates.

Skeleton Simplicity. The TEASER algorithm produces the fewest skeleton points on the JWR

and FIB-25 datasets, while our method has the fewest points on J0126. The isthmus thinning

strategy produces skeletons with many more points because of the input volumes’ tunnels and

bubbles. A refinement step similar to the proposed would significantly simplify these skeletons.

Geodesic Distance Calculation. The geodesic distances calculated during skeleton refinement

produce more accurate estimates for the distance between a synapse and the cell body than other

baseline approximations such as the euclidean distance. On average, the geodesic distance be-

tween a synapse and the cell body is 58.50% and 66.16% greater than the euclidean distance on

the JWR and J0126 datasets, respectively. Over the entire dataset, the differences in estimated

physical path length amount to 20 321.96 nm and 17 238.31 nm per synapse.

Computational Complexity. We evaluate the total CPU time required on our cluster to skele-

tonize all three datasets using our method and TEASER on blocks of size 1024× 1024× 1024.

Our method generated skeletons in 8.43 h, 38.49 h, and 62.88 h on the JWR, FIB-25, and J0126

datasets. TEASER took 14.38 h, 35.24 h, and 96.63 h on the JWR, FIB-25, and J0126 datasets.

Our method significantly outperforms TEASER on the JWR and J0126 datasets (1.71× and

1.54× quicker) because, in part, the masking of the detected somata dramatically reduces the

number of voxels to process during thinning. TEASER outperforms our method on FIB-25

(1.09× quicker), which does not contain any cell bodies.

Qualitative Results. Figure 5.10 shows a skeleton generated for a complete neuron from the

J0126 dataset. The black spheres indicate synapse locations. Our skeleton refinement process an-
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Figure 5.10: Our biologically‐aware skeleton generation strategy produces centerlines anchored to the cell bodies
that maintain connections between all synapses.

chors the skeletons to the cell body and removes any self-loops in the skeletons caused by tunnels

through the neuron surface.

5.5.2 Ablation Studies

Bubble Filling. Many factors contribute to the number of bubbles and their relative sizes in

a label volume. The semi-automatic approach used to segment the FIB-25 image volume pro-

duces relatively few bubbles (9,525) at just 0.08% of the neuron volume. The JWR and J0126

datasets have 117,568 and 24,149,518 bubbles, accounting for 0.51% and 0.80% of the total vol-

ume, respectively. In particular, the flood filling reconstruction algorithm [49] used for J0126 left

millions of tiny bubbles—over 85% of the bubbles in the volume contain fewer than five voxels.

The topological thinning algorithm forms shells around these bubbles to preserve the number of

background components. By eliminating these bubbles, we speed up this step in our pipeline by

11.74%, 1.17%, and 57.16% on the JWR, FIB-25, and J0126 datasets, respectively. The benefits

of bubble filling areminimal for FIB-25 since there are only 9, 525 total bubbles. Bubble-filling is

computationally less expensive than topological thinning, achieving a throughput of around six

94



Table 5.3: We provide an analysis of the computational improvements while using the entire skeleton generation
pipeline. On J0126, adding bubble filling and soma segmentation reduces the total CPU time by 10.26×.

Method JWR FIB-25 J0126
Proposed 5.19 h N/A 45.29 h

Without Bubble Filling 4.03 h N/A 78.85 h
Without Soma Segmentation 10.37 h 33.54 h 113.82 h
Topological Thinning Only 20.56 h 30.72 h 479.19 h

million voxels per second. However, since there are relatively few bubbles in the JWR and FIB-25

datasets, this extra bubble filling step increases the total time to skeletonize the volume by 28.78%

and 9.17%, respectively (Table 5.3). On the other hand, filling the bubbles in the J0126 volume

decreases the total run time by 42.56%. For future datasets, one can sample a small section of

the total volume to determine the relative number of bubbles and the potential value of bubble

filling for each specific label volume.

Soma Segmentation. Our CNN predicts which voxels belong to cell bodies with 99.28% accu-

racy (true positive rate: 99.77%, false positive rate: 0.76%) on the saved testing half of the JWR

dataset. There are no cell bodies in the FIB-25 dataset. We reduce the time for topological thin-

ning by 49.95% for JWR and 60.21% for J0126 by masking out the detected cell bodies. These

cell bodies contain many voxels (64.46% of the total volume, on average) and are not structurally

interesting for skeletonization purposes.

Synapse-Aware Topological Thinning. Figure 5.11 illustrates the relationship between topo-

logical thinning time and the number of voxels belonging to neurons in a volume. For this set of

experiments, we produced skeletons using varying block sizes ranging from 512 × 512 × 512 to

2048 × 2048 × 2048. The y-axes only indicate the time for topological thinning. We achieve

an average throughput between 65, 000 and 85, 000 object voxels per second per CPU. These

data points consider the number of voxels that belong to a neuron in a given block, not the total

number of voxels in a block. Typically, around 85-95% of each dataset’s voxels remain unlabeled
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Figure 5.11: Our block‐based topological thinning strategy runs linearly with the number of non‐zero voxels in the
volume. Here, we show the timing results for the three datasets on various block sizes.

because neuroscientists prioritize the reconstruction and proofreading of specific neurons. With-

out bubble filling and soma segmentation, the end-to-end skeletonization time for the JWR and

J0126 datasets increases by a factor of 3.96 and 10.58, respectively (Table 5.3).

5.6 Conclusions

Rapid skeleton generationof reconstructedneural volumes has become an increasingly important

component in the connectomic pipeline used for analysis, segmentation evaluation, visualization,

and error correction. We propose an efficient, biologically-aware skeleton generation method

that produces accurate centerlines while maintaining the neurites’ critical geometric properties

for further analysis. Our method divides our pipeline into a series of computationally intensive

data-parallel tasks and faster recombination steps that require a global scope. Our method signif-

icantly improves over existing methods, particularly on automatically generated segmentations

that produce an abundance of bubbles. We report over a 10× speed up on one of our datasets

over our previous work [77]. Our topological thinning running time per block is empirically lin-

ear to the number of voxels in the block, allowing us to scale to more massive datasets without

an exploding the number of blocks. Our scalable method can extract biologically-aware skeletons

frommassive connectomic volumes by distributing computation across an array of CPUs.
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6
Conclusions and Future Work

Connectomics has quickly evolved in the last half-century. The process of extracting even a rel-

atively small wiring diagram from C. elegans once took over a dozen years of manual labor from

a lab of domain experts. Since then, algorithms work concurrently with, and at times replace,

humans in the pipeline. These technological advancements have enabledmuch larger partial con-

nectomes of more evolved species such as fruit fly, mice, birds, and even humans. These exciting

newdatasets are only possible through the rapid advancements of the algorithms that reconstruct,
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proofread, and analyze.

This dissertation proposes four biologically-aware algorithms along the connectomics pipeline

that address a handful of the computational challenges. We design our algorithms with careful

consideration of the underlying biology to improve scalability and accuracy. One major initial

challenge concerns the mere storage of the label volumes. These volumes currently exceed ter-

abytes in size uncompressed, with neuroscientists eagerly planning for datasets 1000× larger. We

examine the challenges of workingwith thesemassive datasets and propose amethod to compress

themby over 700× (Chapter 2). Our algorithm relies on the structural properties of neurons and

exploits the natural redundancies along their boundaries. Convolutional neural networks have

achieved remarkable results in segmenting the image volumes into label volumes. However, even

the best methods produce errors at scale. We reformulate the problem of correcting split errors as

amulticut graph optimization problem to leverage both local and global context (Chapter 3). We

use biological constraints while constructing our graph to improve throughput and accuracy (i.e.,

hand-designed geometric constraints andmachine-learnedmorphologies). After complete recon-

struction and synapse detectionof the raw image, neuroscientists canproduce thewiringdiagram.

One goal of analyzing these connectomes is to identify motifs—frequently occurring subgraphs

with biological significance. We consider the subgraph enumeration problem and augment our

input graphs with additional biological attributes to produce more precise and accurate results

(Chapter 4). We publish the most extensive summary of motifs in the connectome to date with

over 26 trillion subgraphs to aid further inquiries. Along this entire pipeline, skeletonized rep-

resentations have become increasingly helpful. We introduce a biologically-aware skeleton gen-

eration strategy that produces expressive skeletons that maintain vital geometric statistics of the

neurites while ensuring desirable biological guarantees (Chapter 5). Our method can help pro-

ducemore realistic wiring diagrams bymeasuring the synaptic connectivity between two neurons

more accurately.
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6.1 FutureWork

We present in this dissertation a handful of small steps along the long walk towards a better un-

derstanding of the connectome. There is significant room for advancements along each of the

discussed dimensions. The primary goal ofCompresso is to reduce the disk storage needed. How-

ever, visualization of the label volumes can enable better human evaluation of the segmented re-

sults. These visualizations, in turn, can lead to additional insights into how to improve the seg-

mentation and error correction components of the pipeline. In a future iteration of Compresso,

users should choose the goal of the compression: long-term disk storage or interactive displays.

Thus, the nextCompressowould allow for randomaccess, whichwould enable faster interactions

with the data in a web-based visualizer, albeit at the cost of reduced compression.

Ourhand-designed geometric constraints for error correctionworkwell onmammalianbrains.

However, other species, such as fruit flies, have neurons that twist and turn in a convoluted mess

(Figure B.4). These species require specialized hand-designed constraints separate from those dis-

cussed in Chapter 3. Furthermore, synapses and other organelles can provide crucial additional

information during the error correction process. We can prevent the localmerging of an axon and

a dendrite by classifying neuron fragments as either axons or dendrites using the synapses. Even-

tually, neuroscientists hope to automatically classify neuron cell types using information from

the image data, such as mitochondria density. With automatic classification, we could similarly

prevent two distinct types of neurons from merging. These enhancements represent just a tiny

subset of possible additional biological constraints that we can add.

We extensively enumerate all subgraphs in eleven connectomes from two different species.

Within the next decade, there will be partial (or even complete) wiring diagrams at the same scales

for many more species. Comparing the distribution of motifs between species is another signifi-

cant milestone in subgraph analysis. These longitudinal studies will enable us to identify which
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frequently occurring subgraphs appear universally. Even intraspecimen, we can contrast brain re-

gions not only by functionality but also by motif frequency. Further, we briefly discuss in Chap-

ter 5 how to improve the wiring diagrams. Simply using the number of synapses is insufficient as

the distance to the cell body can significantly alter the perceived synaptic strength. Future analyses

should redefine the strengths of synaptic connections using neurite width and geodesic distances.

6.2 Concluding Remarks

The previous decade has seen a rapid increase in partial connectomes from awide range of species.

Spurred by advancements in image acquisition, automatic reconstruction, and synapse detection,

neuroscientists now look for more evolved species and more sizable brain regions. These exciting

developments do not come without their challenges. At every step of the connectomics pipeline,

the forthcoming petabyte datasets appear daunting, demanding new and improved algorithms.

Guiding algorithmic design with biological principles can help us meet these challenges while

improving accuracy, efficiency, and fidelity. Despite these arising difficulties, daily improvements

from researchers worldwide push the boundaries of our knowledge of the brain. With complete

connectomes of new species on the horizon, the future of connectomics is bright!
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A
Error Correction

A.1 Node Generation and Reduction

Traditional two-step agglomeration strategies tend to create tiny segments at locations where the

affinities are noisy, usually at very thin locations. In particular, the waterz agglomeration strategy

tends to create many small segments (over 85% of segments are smaller than 0.01 µm3). Many

of these small segments are completely contained within a single z slice. These singletons often
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Figure A.1: Current agglomeration strategies tend to produce a large number of singletons in thin locations. Here we
show an oversegmented dendrite and two spines with many singletons.

occur on dendritic spines and other thin locations for neuronal processes. Figure A.1 shows an

oversegmented dendrite with two enlarged spines, each containing several singletons each. To

reduce the number of singletons, we first identify all segments that lie entirely in one z slice. We

then superimpose these singleton segments onto the neighboring slices and merge the singleton

with anyother segmentswith an IntersectionoverUnion score above0.30. This threshold reduces

a large number of singletons while introducing very few merge errors.

After removing most of the singletons, we further reduce the number of nodes in our graph

by identifying small segments and merging them with a large neighbor. We define the threshold

for small based on the skeleton generation strategy used during edge generation. Our topological

thinning algorithm for skeletonization [92] often erodes very small volumes to a single point.

Since we need multiple points in the skeleton to generate our directional vectors, these nodes

would not receive edges (Figure A.6, bottom). Therefore we analyze the number of expressive

(non-single point) skeletons above and below several thresholds (Figure A.2). We find that over

84.1% of skeletons for segments larger than 0.010 36 µm3 are expressive, and 90.5% of skeletons
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Figure A.2: The percent of trivial and expressive skeletons decreases and increases respectively as the volume of
segments increases. At tvol = 0.010 36 µm3 nearly 85% of larger segments have expressive skeletons and 90% of
smaller ones are trivial.

smaller are trivial. This volume corresponds to 20, 000 voxels in the PNI datasets. On three

testing datasets, 50− 80% of all segments are below this threshold.

A.2 Node Convolutional Neural Network

We experimentedwith twelve different network architectures and configurations (Table A.1). We

evaluate region of interest (ROI) diameters of 800 nm, 1200 nm, and 1600 nm. We find that the

overall accuracy of the training, validation, and testing datasets decreases as the ROI increases.

We also vary the input size to the network, which changes the number of nodes in the first fully

connected layer. As the input size increases, the training accuracy increases, but the validation and

testing accuracy increase then decrease. Thus, we see that the highest validation accuracy occurs

with a 400 nm ROI and a three-channel input with (60, 60, 20) voxels in each channel. Each
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Table A.1: We experiment with twelve different networks for the node CNN. We vary the input size to the network
and the diameter of the cubic region of interest. Each experiment ran for 2,000 epochs. Our optimal configuration
on the validation data uses an 800nm ROI with an input size of (60, 60, 20).

800nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.9482 0.9343 0.9332
(3, 60, 60, 20) 0.9575 0.9427 0.9451
(3, 68, 68, 22) 0.9644 0.9346 0.9369
(3, 76, 76, 24) 0.9752 0.9386 0.9403

1200nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.9224 0.9096 0.9120
(3, 60, 60, 20) 0.9318 0.9144 0.9190
(3, 68, 68, 22) 0.9417 0.9264 0.9265
(3, 76, 76, 24) 0.9553 0.9257 0.9227

1600nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.8960 0.8851 0.8814
(3, 60, 60, 20) 0.9170 0.9097 0.9100
(3, 68, 68, 22) 0.9176 0.9043 0.9053
(3, 76, 76, 24) 0.9423 0.9085 0.9117

ROI from the input segmentation is upsampled and downsampled to fit into this input size. By

resampling, we can use identical architecture sizes for new datasets with different resolutions. We

find that very limited finetuning is needed to adapt a network to a new dataset.

The general architecture for both networks follows the same design (Figure A.3). Both have

three VGG-style blocks with two convolutions of (3, 3, 3) followed by a max-pooling opera-

tion [13]. The first two max-pooling operations are anisotropic with downsampling only in the

x and y dimensions. The final max-pooling is isotropic. A dropout of 0.2 follows each of these

blocks, and there is a final dropout of 0.5 after the last fully connected layer. Each activation func-

tion is leaky ReLU after every convolution [41] with α = 0.001. The final activation is a sigmoid

function. We initialize all weights with Xavier initialization [33].
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3D Conv (3,3,3)
3D Conv (3,3,3)
3D Pool (2,2,1)
16 filters
dropout: 0.2

Flatten 
1,728

Fully Connected 512
dropout: 0.5

Sigmoid Activation

Input: (3, 52, 52, 18)

3D Conv (3,3,3)
3D Conv (3,3,3)
3D Pool (2,2,1)
32 filters
dropout: 0.2

3D Conv (3,3,3)
3D Conv (3,3,3)
3D Pool (2,2,2)
64 filters
dropout: 0.2

1200 nm

1200 nm
1200 nm

Figure A.3: Both neural networks follow the same general architectures with three VGG‐style convolution blocks with
double convolutions followed by a max‐pooling operation. Three input channels correspond to if a voxel has label
one, label two, or either. The max‐pooling of the convolution blocks is anisotropic for the first two and isotropic for
the last.

A.3 Skeleton Benchmark and Generation

Some research focuses on skeletons for quicker connectomics analysis [144] and error correc-

tion [23]. Most connectomics literature use the TEASER algorithm [114] or a slight variant

from the NeuTu package [145].* A significant amount of research in the computer graphics and

volume processing communities considers the problem of extracting the medial axis from a 3D

volume [68, 92, 93, 95].

Before this work, to our knowledge, no one has done an extensive analysis of various skele-

tonization approaches on connectomics data. We create and publish a benchmark dataset for

skeletonization on connectomics datasets and evaluate three state-of-the-art 3D skeleton extrac-

tion techniques. We consider the 500 largest segments for the ground truth from the Kasthuri

training volume for our benchmark. These 500 segments correspond to 95.4% of the volume of

the labeled ground truth data. For each of these segments, we identify all endpoints (Figure A.4).

We then identify all of the endpoints for each skeleton generation strategy (i.e., those skeleton

*https://github.com/janelia-flyem/NeuTu
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Figure A.4: To evaluate various skeletonization methods, we create and publish a skeleton benchmark. We take a
ground truth segmentation from the publically available Kasthuri dataset and label the endpoints for the 500 largest
segments. Here we show two ground truth segments and their corresponding labeled endpoints.

points with one or fewer neighbors). For each segment and skeleton strategy, we look at all of the

ground truth and generated endpoints and use a Hungarian matching algorithm to create a one-

to-one mapping between the two sets [86]. Endpoint pairs closer than 800 nm are considered a

match, and ones farther are not.

We evaluate three skeleton generation strategies on our benchmark dataset [68, 92, 114]. The
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medial axis algorithm from Lee et al. is the built-in scipy skeletonization strategy. We publish

the benchmark dataset† and all code.‡ The TEASER algorithm has two tunable parameters, scale

and buffer, which indicate how much pruning to do during generation. Neither the medial axis

algorithm nor the topological thinning one has any parameters. However, we consider skeleton

generation on segments downsampled to isotropic resolutions between 30 nm and 200 nm per

sample. We achieve the highest F-score with the topological thinning approach [92] after down-

sampling each segment to a resolution of (80, 80, 80) (precision: 94.7%, recall: 86.7%, F-score:

90.5%). In total, we evaluated nearly one thousand different parameter settings on the bench-

mark dataset. The medial-axis algorithm and the topological thinning approach achieve similar

results. However, the topological thinning algorithm is an order ofmagnitudes faster (4.9 seconds

versus 39.8 seconds on the volume downsampled to 80 nm in each dimension). The TEASER

algorithm is the slowest, with a running time of 306 seconds on that same volume.

We generate the skeleton endpoint vectors in the following way. Consider an endpoint with

one neighbor. That neighbor joint is the parent of the endpoint. We can find the grandparent

of the endpoint (i.e., the neighbor of the joint that is not the endpoint). With one more iter-

ation, we find the great-grandparent of an endpoint. The vector between the endpoint and its

great-grandparent becomes the endpoint vector used to estimate the direction of the skeleton at

endpoint termination.

A.4 Edge Generation

Figure A.5 shows the effect on the number of true split errors identified and the number of total

edges as a function of tedge—themaximal allowable distance between a skeleton endpoint and the

other neighboring volumes. We consider a wide range of possible distances ranging from 50 nm

†https://www.rhoana.org/skeletonbenchmark
‡https://www.rhoana.org/biologicalgraphs
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Figure A.5: When considering values for tedge—the maximal distance a voxel can be from an endpoint for edge
generation—we look at the recall of true split errors and reduction in total edges. At 500nm we have 95% recall
compared to 800nm with 12% fewer edges.

to 800 nm on four training datasets. Figure A.5, left, shows the number of edges corresponding

to split errors as a function of tedge. The number increases quickly until around 300 nm before

increasing more gradually until 800 nm. We do not consider distances farther than 800 nm since

we found the remaining missing edges are where the algorithm itself cannot find them (Figure

3.9, bottom; Figure A.6, bottom). The dotted line shows the location of 95% recall from the

tedge = 800 nm results. Our proposed method uses a value of 500 nm since that is roughly at the

95% recall location.

As we can see from Figure A.5, right, the number of edges in our graph increases significantly

for every increase in the distance until around 400 nmwhere the increase becomes more gradual.

For that graph, the baseline is determined from the adjacency matrix. A distance of 500 nm has

approximately 12% fewer total edges than using tedge = 800 nm.

Figure A.6 shows an additional success and failure case of the proposed edge generation strat-

egy. On the top, we see a neuronal process incorrectly segmented into two. The circled region

shows that each segment has a nearby endpoint with a vector pointing towards the incorrectly

split neighbor. On the bottom, we see a failure case where the small segment receives a singleton

skeleton that is not expressive of the overall shape. This trivial skeleton occurs on a spine where
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Figure A.6: Here we show two more typical success and failure cases for the edge generation strategy. On the top
we see a split neuronal process where both skeletons have endpoints with vectors pointing towards their wrongly
split neighbor. On the bottom is an example of a failure case where the segment receives a trivial skeleton with a
single endpoint. Since the skeleton is not expressive of the segment shape we have no corresponding vector and this
pair of split segments do not receive an edge.

most of the spine correctly merged with the dendrite, and just the top end of the spine is seg-

mented. Since there are no neighboring skeleton endpoints, these two neighboring segments do

not receive an edge.

A.5 EdgeWeights

There are two components to determining the weights for each edge in the graph. First, we need

to generate probabilities that two segments belong to the same neuronal process. Second, we need

to transform these probabilities into weights for edges.

Edge CNN. The edge CNN, which determines if two large segments belong to the same neu-

ron, has the same general structure as the node CNN (Figure A.3). There are three VGG-style

convolution blocks [13] with convolutions of size (3, 3, 3) followed by a max-pooling operation
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Table A.2: We decide upon our final edge generation network after looking at eighteen different network configu‐
rations. We vary the input size among three options, consider three different cubic ROI diameters, and train both
from scratch and finetuning with the node network. The finetuned results are in the even rows. The best validation
results occur with a cubic region of 1200nm in diameter and an input size of (52, 52, 18).

800nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.9736 0.9543 0.9576
(3, 52, 52, 18) 0.9750 0.9541 0.9582
(3, 60, 60, 20) 0.9722 0.9586 0.9598
(3, 60, 60, 20) 0.9771 0.9601 0.9626
(3, 68, 68, 22) 0.9740 0.9565 0.9587
(3, 68, 68, 22) 0.9784 0.9611 0.9633

1200nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.9761 0.9637 0.9638
(3, 52, 52, 18) 0.9679 0.9553 0.9552
(3, 60, 60, 20) 0.9706 0.9543 0.9546
(3, 60, 60, 20) 0.9703 0.9540 0.9549
(3, 68, 68, 22) 0.9694 0.9544 0.9543
(3, 68, 68, 22) 0.9763 0.9618 0.9629

1600nm Cubic Regions of Interest
Input Size Training Accuracy Validation Accuracy Testing Accuracy

(3, 52, 52, 18) 0.9597 0.9476 0.9501
(3, 52, 52, 18) 0.9516 0.9377 0.9388
(3, 60, 60, 20) 0.9643 0.9511 0.9526
(3, 60, 60, 20) 0.9589 0.9447 0.9454
(3, 68, 68, 22) 0.9566 0.9363 0.9367
(3, 68, 68, 22) 0.9630 0.9482 0.9476

(anisotropic for the first two blocks and isotropic for the third). All weights have Xavier initial-

izations [33] and each activation is leaky ReLU with α = 0.001 [41].

We consider a series of architectures, cubic regions, and initial conditions for the edge CNN

and choose the one with the best validation loss (Table A.2). We consider three different input

sizes, three different diameters for the cubic region-of-interest (ROI), and finetune a network on
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Figure A.7: We consider a wide range of possible β values and see how each affects the total variation of information
score. A β value of 0.95 creates themost significant reduction in variation of information on three validation datasets.

the node CNN and train one from scratch. Amazingly, the node CNN produces good results

for the new input, with accuracies of 96.3%, 96.6%, and 94.4% on the two PNI testing and one

Kasthuri testing datasets. The best validation accuracy has an ROI diameter of 1200 nm and an

input size of (52, 52, 18) voxels. As before, the cubic region is extracted from the input segmen-

tation and upsampled and downsampled as needed to fill the input channels for the network.

From Probabilities to Weights. After generating a probability that two nearby segments be-

long to the same neuron, we need to transform the probability into a weight. As discussed in the

Chapter 3, we use the following equation to transform the probabilities into edge weights [57]:

we = log
pe

1− pe
+ log

1− β
β

(A.1)

Figure A.7 shows the equation as a function of pe and β. β is a tunable parameter that encourages

over- or undersegmentation. Based on the validation data we use β = 0.95 (Figure A.8). We find

that this β value creates the most significant reduction in variation of information on three PNI
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Figure A.8: This function converts probabilities between 0 and 1 to edge weights. β is a tunable parameter that
encourages over‐ or undersegmentation. Based on the results on three validation datasets we set β = 0.95.

validation datasets.
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B
Skeleton Generation

In this appendix, we provide visual comparisons between our synapse-aware skeleton generation

method and the two baselines, as well as six additional examples (two from each dataset) of our

method.
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Proposed

TEASER

Isthmus Thinning

Figure B.1: Here is a side‐by‐side comparison of our proposed method compared to our two baselines on a neuron
fragment from the FIB‐25 dataset. Our method guarantees endpoints only at synapse locations. The TEASER and
isthmus thinning methods introduce new endpoints (purple circles) and miss others (red circles).

114



Proposed

TEASER

Isthmus Thinning

Figure B.2: The two baseline strategies fail to connect any synapses to the skeleton in this segment from JWR. Under
the proposed strategy, there is a path between each synapse and the center‐line.
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Figure B.3: Here we see two additional examples from the JWR dataset (rat). For both neurons, we also zoom in to
one location to show the finer details.
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Figure B.4: Here we see two additional examples from the FIB‐25 dataset (fruit fly). For both neurons, we also zoom
in to one location to show the finer details.
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Figure B.5: Here we see two additional examples from the J0126 dataset (zebra finch). For both neurons, we also
zoom in to one location to show the finer details.
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