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Abstract

The field of connectomics aims to reconstruct the wiring diagram of neurons and synapses to enable new insights into the work-
ings of the brain. Reconstructing and analyzing the neuronal connectivity, however, relies on many individual steps, starting
from high-resolution data acquisition to automated segmentation, proofreading, interactive data exploration, and circuit analy-
sis. All of these steps have to handle large and complex datasets and rely on or benefit from integrated visualization methods. In
this state-of-the-art report, we describe visualization methods that can be applied throughout the connectomics pipeline, from
data acquisition to circuit analysis. We first define the different steps of the pipeline and focus on how visualization is currently
integrated into these steps. We also survey open science initiatives in connectomics, including usable open-source tools and
publicly available datasets. Finally, we discuss open challenges and possible future directions of this exciting research field.

CCS Concepts

» Human-centered computing — Visualization systems and tools; Scientific visualization; » Applied computing — Life and

medical sciences; Systems biology;

1. Introduction

In recent years, neuroscience has made significant advances in
understanding the brain’s structure and function based on novel
high-resolution data acquisition techniques. Scientists aim to tackle
questions of brain physiology, how diseases of the brain develop,
and how the mind forms consciousness. The field of connectomics,
in particular, approaches these questions by looking at the detailed
connectivity between neurons at high-resolution to extract the
brain’s wiring diagram. The ultimate goal is to map and decipher a
human’s entire neuronal wiring, called the connectome [Seul2a].

Advances in tissue imaging such as high-resolution volume elec-
tron microscopy (EM) [BB12] enable this highly-detailed analysis
by allowing scientists to collect unprecedented amounts of neuronal
tissue data at nanometer resolution. This high-resolution data al-
lows scientists to reconstruct individual neurons and all their con-
nections (synapses) to other neurons. In addition, structural biolo-
gists and developmental neuroscientists are also interested in spa-
tial and neighborhood analysis of neurons and analyzing the struc-
tural plasticity of how synapses and neurons change over time.

One of the main challenges in connectomics is the amount of
data that scientists need to collect, process, and analyze. Even a
single cortical cubic millimeter of mouse brain tissue consists of
around 75,000 neurons and 523 million synapses [CBB*21], mak-
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ing brain connectivity exceptionally difficult to understand and an-
alyze. Only the advent of automated high-throughput imaging tech-
niques and automated computational segmentation tools have made
analyzing the neuronal connectivity within brain volumes of a cubic
millimeter or more now possible [YBB*20, SCJB*21, CBB*21].
However, for neuroscientists to analyze these large and complex
3D datasets, they need scalable visualization methods throughout
the entire connectomics data processing pipeline (see Fig. 1) that
allow them to interact with their data intuitively and flexibly. For
example, visualization can be used for interactive image quality
assessment during the image acquisition stage [HHM*17] or for
interactive proofreading of the segmentation data. Visualization is
also vital for data exploration, such as interactive spatial and con-
nectivity analysis tools.

This survey discusses how visualization and visual computing
can be integrated into the connectomics pipeline to help scientists
in analyzing their high-resolution and large-scale data volumes.

1.1. Survey Scope and Previous Surveys

This state-of-the-art report summarizes previous research and re-
cent developments in visualizing large, high-resolution biological
data volumes. We describe and categorize visualization methods
for each step of the connectomics pipeline, including novel ap-
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Figure 1: The connectomics pipeline: In this survey, we discuss visualization approaches for each step of the connectomics data processing
pipeline. Visualization is not just important for the final analysis step but vital for efficient image acquisition, registration, segmentation, and

proofreading of segmentations.

proaches to visual proofreading, large-scale volume exploration,
and connectivity-focused visualization methods.

In addition to the specific visualization methods, we refer to the
most relevant work in image acquisition, registration, and segmen-
tation. Furthermore, we discuss relevant topics in large-scale vol-
ume visualization and connectivity-focused visualization. We fur-
ther outline methods for quantitative analysis of spatial and con-
nectivity data and refer to relevant STARSs in those areas.

We limit our discussion primarily to visualization-centered tech-
niques for high-resolution 3D light- and electron-microscopy data
that can depict individual neurons as well as individual synapses,
respectively. In contrast to a previous survey on visualization in
connectomics from 2012 [PKB*12], the present work focuses on
micro- and nanoscale datasets and the visualization of individual
neurons and synapses. Developments in high-throughput data ac-
quisition and automatic segmentation have paved the way for novel
approaches to semi-automatic proofreading and connectivity-based
visual analysis at the level of individual synapses. These novel and
scalable visualization methods for micro- and nanoscale neuronal
structures differ significantly from previous macro-scale connec-
tivity visualization approaches, such as visualizing fiber tracts and
brain regions. The latter we do not discuss in this survey.

The most relevant previous surveys in the area of visualiza-
tion include a micro-, meso-, and macro-scale connectomics re-
port [PKB*12], a survey on large-scale GPU-based volume vi-
sualization [BHP15], surveys on modern (scientific) visualiza-
tion on the web [MKRE16, FH20], and a survey on macro-
scopic brain circuit visualization [CSC18]. Other relevant sur-
veys include biomedical image registration [VMK* 16], segmenta-
tion [MBK*19,LRL*21], motif discovery in graphs [YFZ*20] and
subgraph counting [RPS*19].

1.2. Survey Structure

This survey gives an overview of the current state of the art in the
visualization and analysis of high-resolution neuronal data for con-
nectomics. We start with an introduction to fundamentals in neuro-
science in Section 2, outlining the biological background and the
connectomics data processing pipeline, from acquisition to analy-

sis. The remainder of our survey follows the different steps of the
connectomics pipeline.

Section 3 talks about data acquisition for microscale and
nanoscale datasets, as well as how visualization can support the
data acquisition process. Next, we discuss image alignment and
registration methods (Section 4) before outlining current methods
for semi-automatic and automatic image segmentation (Section 5).
To further improve segmentation results from automatic methods,
many different semi-automatic proofreading methods have been
proposed, which we discuss in Section 6.

While visualization approaches play a crucial role in all steps of
the connectomics pipeline, the exploratory analysis of registered,
segmented, and proofread volumes relies on many diverse visual
techniques. To this end, we discuss visual exploration and analy-
sis methods in Section 7. After outlining scalable data structures in
Section 7.1, we discuss methods for spatial exploration, including
approaches for large or segmented volumes, in Section 7.2. Next,
we outline visual methods for exploring neuronal connectivity in
these data volumes, going from node-link diagrams to more spe-
cialized neuron-centric views in Section 7.3. In Section 7.4, we dis-
cuss methods for a more quantitative analysis of neurons and spatial
neighborhoods, including visual query systems that interactively
drill into the data. Finally, we outline visualization methods used
for the communication of connectomics insights in Section 7.5.

To complete this survey, we provide a list of popular and pub-
licly available datasets, as well as open-source tools to help fos-
ter future research in connectomics and visualization in Section 8.
We also list datasets, tools, and surveyed papers on our web-
site (connectomics-vis-survey.github.io). Finally,
we look at future trends and open problems in Connectomics Vi-
sualization in Section 9 and conclude in Section 10.

2. Neuroscience Fundamentals

We first introduce the fundamentals in neuroscience to clarify the
most important biological concepts for connectomics. Then, we
outline the connectomics pipeline, which is the typical data acqui-
sition and processing workflow in connectomics research.

Modern neuroscience began around the end of the 19th century
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Flgure 2: Cajal’s original drawmg of neurons as individual cells.

with the discovery of neurons. Santiago Ramén y Cajal was the first
to report the delicate anatomy of the nervous system (see Fig. 2)
and argued that neurons are information processing units that form
connections and propagate electrical impulses to accomplish their
various functions. Thus, laying the foundations of modern neuro-
science and the conceptual framework for connectomics [SL16].

The term connectome originally meant “a comprehensive struc-
tural description of the network of elements and connections form-
ing the human brain” [STKOS5], but has since been extended in
its definition to include any systematic account of connections,
from local circuits to networks constituting entire nervous sys-
tems [SL16]. The corresponding research field connectomics uses
computer-assisted and high-throughput techniques for image ac-
quisition and analysis for the structural mapping of neural circuits.
Current research is also studying how the brain’s functional archi-
tecture rises from the underlying structural circuit architecture.

2.1. Biological Background

The adult human brain consists of approximately 100 billion neu-
rons with each neuron having up to thousands of neural connec-
tions to other neurons. A recent dataset of one cubic millimeter of a
human cerebral cortex contained 50,000 neurons with 130 million
interconnections [SCJB*21]. Neurons process and transmit infor-
mation as electrical impulses by forming synaptic connections with
other neurons. The size and form of neurons can vary widely, but
typically, neurons receive input on tree-like structures called den-
drites and transmit signals via their axon, a long tubular structure
that transmits signals away from the cell body (soma) towards other
neurons (see Fig. 3). Axons and dendrites are collectively called
neurites and make up the topological skeleton.

A synapse is the small gap between two neurons, where nerve
impulses are relayed. A typical mammalian synapse consists of a
presynaptic terminal (a bouton) on the side of the axon that releases
neurotransmitters when activated, a post-synaptic terminal at the
side of the dendrite, and the synaptic cleft between dendrite and
axon. The signaling process is partly electrical and partly chemi-
cal, where a nerve impulse (i.e., action potential) travels along the
axon and activates synaptic connections. A synapse can either be
excitatory or inhibitory, depending on whether a spike on the axon
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Figure 3: Structure of neurons and their connecting synapses. Neu-
rons consist of a cell body, dendrites, and an axon. Most neurons
receive signals via dendrites (orange) and send out signals via the
axon (blue). Synapses transmit the signal between two neurons.
Neurons contain different cell organelles, such as mitochondria
that provide energy for cell metabolism.

increases or decreases the chance of provoking a spike in the receiv-
ing dendrite. Compared to the size of a neuron in the human body
(i.e., a fraction of a centimeter to a meter), a synapse is extremely
small (20-40 nm) [LD11]. Therefore, to capture synapses, tissue
needs to be imaged at a very high resolution, resulting in large
datasets. In addition to synapses, subcellular structures of neurons,
so-called cell organelles, are also of high interest to neuroscientists.
Mitochondria, for example, are responsible for providing energy to
the cell and its synapses. Interestingly, only half of the cells in the
mammalian brain are neurons. The rest are glia cells, which pro-
vide supporting features to neurons.

Neurons, their cell organelles, and synapses exhibit high struc-
tural variability. For example, synapses can vary by the position
of the post-synaptic terminal (i.e., either on a dendrite’s shaft or
a small extension called a dendritic spine) or by the number of
vesicles (cell organelles containing neurotransmitters) in the bou-
ton. However, it is an active area of research on what influences or
causes the variability of these attributes and how they impact the
function of a neuronal circuit. Therefore, in addition to connectiv-
ity analysis, scientists are interested in trends and correlations and
looking at individual neuronal structures, synapses, and attributes.

2.2. Connectomics Pipeline

High-resolution connectomics relies on many different processing
steps to go from the original tissue samples of neuronal data to the
reconstructed and analyzed wiring diagram. This process is gen-
erally called the Connectome pipeline [LPS14, Seul2a] and is de-
picted in Fig. 1. Throughout this process, at each step, interactive
and scalable visualization is key to helping scientists handle their
large and complex datasets. This survey follows the individual steps
of the connectomics pipeline and focuses on visualization methods
and challenges in each step.

Data Acquisition. Data acquisition starts with a 3D tissue sam-
ple that is chemically preserved to lock proteins and molecules that
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form neuronal structures. Next, the tissue sample is cut into very
thin slices using a microtome and, subsequently, each slice is im-
aged with a microscope. Light microscopes can acquire images of
axy resolution of 200 nm. EM is necessary for higher resolutions
of up to 4 nm in thexy plane and around 30 nm in the z-dimension.
EM also densely captures details such as synapses.

Alignment & Registration. To image a large tissue slice, micro-

scopes typically acquire image tiles of a xed size (e.g., 12,000

12,000 pixels). In a post-processing step, these individual 2D image Figure 4: Left to right: Wide eld (WF) microscopy slice, EM slice,
tiles need to balignedandstitchedto combine them into a single  and registered EM volume showing 2D image sections.

large 2D sectionRegistration on the other hand, takes a stack of

2D sectlo_ns as mpyt_ and allgns them 10 reconsruct a 3D volume light [LLS08]. Additionally, to capture relationships between or-
representing the original 3D tissue block. ganization and function of neural circuits, specimens are injected
Segmentation & Proofreading. Reconstructing the wiring dia-  with viruses, such as Rabies [CL15], that spread selectively be-
gram of all neurons in a tissue block requires labeling (i.e., seg- tween synaptically connected neurons.

mentation) of cell membranes and synapses. The gold standard for
segmentation is manual labeling, requiring expert users to mark in-
dividual pixels as belonging to certain structures. This approach
however, quickly becomes infeasible for large volumes with mil-

For imaging nanoscale structures using EM, tissue samples are
embedded in plastic to prevent its destruction during slicing. Next,
' the sample is stained with heavy metals that interact with electrons

i f Theref d aut i OIin ways that electron microscopes can detect. After staining, the
lons of neurons. Therelore, moré and more semi-aulomatic and ;e ,q sample is either rst physically cut into thin slices using a

fully automatic segmentation methods have been developed re- i om0 20 then imaged [HM$4], or the microscope images

_cently. Whlle automatically ge_nerate_d segmen'tatlons are becomlngand destroys thin sections of the sample progressively [T
increasingly accurate, they still requpeoofreadingby humans to

correct mistakes and verify the reconstructed connectivity graph.
Semi-automatic proofreading methods aim to streamline this pro- 3.2. Microscale Brain Imaging

cess by pointing users to likely segmentation errors in the dataset. Light microscopy has been used to map and study neuronal circuits

Exploration & Analysis. The nal steps in the connectomics atamicrometer scale for along time. Neuroscientist Cajal was able
pipeline consist of visual data exploration and analysis. Depend- to identify connectivity patterns of Golgi stained neuronal circuits
ing on the type of data available (e.g., light microscopy or EM, for the rsttime [Val70] using microscopic resolution suf cient to
segmented or unsegmented), different visualization methods existimage single neurons.

to explore the data in more detail. Visualization approaches range,nide Field Microscopy. The choice of the microscope is greatly
from the visual exploration of the raw imaging volumes to the anal- dependent on sample thickness and signal-to-noise tolerance.
ysis of abstract connectivity graphs or query-based visual analysisWide_ eld (WF) microscopy exposes a whole tissue sample to a
approaches that combine spatial data, connectivity data, and anyIight source before capturing the image [BI®]. With its large

labeled or extracted metadata. eld of view, WF can image a sample in a short time, albeit for
thin, sectioned slices<(30um). It collects light emitted from the

3. Data Acquisition focal plane and illuminated layers above and below the focal plane.
As aresult, the acquired images suffer from a degraded contrast be-

Advances in high-resolution imaging technologies enable the ac- yeen foreground and background due to out-of-focus light swamp-

quisition of brain connectivity information across multiple tempo-  ing and low signal-to-noise ratio (see Fig. 4, left). Image processing

ral and spatial resolutions. Based on the scope of this survey, wWetechniques aim to resolve the blur and focus (see Section 3.4).
provide an account of themicro- and nano-scale modalities used

for brain data acquisition. For macroscale modalities that capture Confocal Laser Scanning Microscopyin contrast to WF, a confo-
neural bers and their connectivity information at centimeter and €@l laser scanning microscope utilizes laser units as the light source
millimeter resolutions, we refer the reader to detailed surveys by © €xcite the uorescent stains of a sectioned sample (3Q¢7p

P ster et al. [PKB 12], and Chen et al. [CSC18]. arld acquires the resulting image following a pinhole design prin-
ciple [Pad00]. As such, the confocal system can block out any out-

of-focus light. Although this produces sharp images, some infor-
3.1. Sample Preparation mation is lost due to the pinhole blocking out-of-focus photons that

Steps for sample preparation differ based on the imaging modal- may have originated from the focal plane.

ity. Brain tissue samples are tagged using various labeling tech- Both confocal and uorescence WF microscopy systems pro-
niques for optical imaging to capture the structural information of duce raw 3D data by sequentially changing the focal plane along
individual neuronal cell types or their projective trajectory. Specif- thezdirection (thatis, along with the depth of the sample) and stack
ically, neurons are labeled using single or multi-colored stains or the generated 2D images atop each other. Typically, modern super-
by breeding transgenic subjects to produce photophysical uo- resolution microscopy systems can achieve a latgraésolution
rescent proteins that express different colors on the exposure ofof around 200 nm and an axial resolution of around 600 nm [Wil].
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Advanced Methods.Sectioning a brain specimen into thinner sam-
ples increases the probability of the structures being severed at mul-
tiple points across consecutive slices. Advanced microscopy tech-
nologies, such as light-sheet and two-photon tomography, allow
imaging of thicker or whole-brain samples. Light-sheet microscopy
is a modi cation to wide- eld uorescence technology such that it
has intrinsic optical sectioning capabilities by automatically mov-
ing the sample through a single plane sheet of light [DQg.

~ Serial two-photon tomography [RK\L2] is an ex-vivo imag-  igyre 5: Visualization of multi-beam SEM acquisition and align-
ing technique that combines serial imaging and sectioning. The ment with MBeam viewer [HHML7]. a) 61 image tiles per multi-
simultaneous absorption of molecules by two photons allows 0p- paam eld of view (MFOV). Each individual image 8128

tical sectioning without absorption above and below the plane of . 724pixels in size, resulting in rough§Ok 26k pixels for each

focus. This eliminates the need for a pinhole. Though this method MFOV. b) 55 MFOVs are stitched together into c2@k 170k
offers increased depth penetration, the custom addition of a built- pixel section. ¢) zoomed-in view to evaluate coarse alignment.

in vibrating blade microtome creates undisturbed images within the
same space, as the sectioning occurs after the imaging. Finally, with
the advancement of “super-resolution” microscopy, optical exam-
inations of nanometer-scale phenomena using light microscopy is
now possible (e.g., [HW94, SEG15]). Image quality assurance is essential in preparing a digital tissue
volume.MBeam viewefHHM 17] is a web-based visual tool to
assess imaging quality and contrast during data acquisition of EM
images. EM collects multiple tiles per imaging section that need
to be stitched together, and stitching greatly depends on the image
quality and a uniform contrast across the tiles. Typical quality prob-
! lems are the inconsistent vertical position of the sample (primarily
in ATUM-SEM), unfocused images due to slice height variations,
and external particles on the imaging speciniddBeam vieweal-
lows immediate and remote inspection of the image tiles by juxta-
posing them on a 2D canvas. On-the- y mipmapping enables inter-
active zoom and pan and the rapid assessment of the image tiles'
quality (see Fig. 5). Modern EM [EZ18] software, such as for the
Zeiss SEM, integrates visualization for browsing and Itering the
image collection and can even create 3D scans of a sample.

3.4. Visualization for Data Acquisition

While the mentioned modalities have resolutions that are not
suf cient to resolve synapses, expansion microscopy (ExM) phys-
ically expands brain tissues to overcome the resolution limita-
tion of light microscopy [CTB15, WZB19]. Additionally, imag-
ing neurons at a micrometer scale facilitates capturing functional
networks of neuronal systems [WTY5, RHC20], trace synaptic
circuits [LWK 07], and analyze its geometry and functional con-
nectivity across disease and aging [BM2L]. Moreover, light mi-
croscopy has also been used recently for the connectivity analysis
of de ned cell types by using spectral connectomics [SHA].

3.3. Nanoscale Brain Imaging

Since EM imaging produces roughly a petabyte of image data
EM is the only modality that can densely image biological tissues per cubic millimeter, data storage poses a signi cant cost factor and
ata nanometer scale (see Fig. 4). Short wavelengths of high-energyj |imitation for volume visualization algorithms. Therefore, itis de-
electrons provide suf cient resolution for EM to capture the nest gjraple to compress imaging volumes as much as possible without
details of synaptic connections and organelle structure. losing details needed in the rest of the connectomics pipeline. Min-
nen et al. [MJB21] present a machine learning-based denoising
approach for EM images. Compressing the denoised images leads
to a 17-fold data size reduction with no loss in segmentation and
negligible loss in synapse prediction accuracy. They use a UNET
architecture with residual connections to learn a denoising model.

The main challenge to imaging large brain volumes using EM in-
clude throughput time, alignment, and contrast. Early technologies
require a sample to be sectioned into ultrathin slices, which are then
aligned on a tape and imaged at a pixel resolution o4 4danome-
ters [LPS14]. Transmission electron microscopy (TEM) [BLUK]
utilizes camera arrays that allow a ne lateral resolution, aiding in
the identi cation of ne structural details. Newer techniques, such
as serial-blockface scanning EM (SEM) [DH04] and focused ion-
beams (FIB-SEM) [KMWLO08] are block-face methods that succes- Raw microscopy data needs to be processed to recover the 3D vol-
sively image and section each layer of the sample block. This al- ume of the specimen. Challenges during data acquisition, such as
lows better alignment, thus saving computation time. Speci cally, slicing and deformation, and a limited eld-of-view only allow the
FIB-SEMs are designed to section the sample automatically. Multi- imaging of small image tiles. Mosaicing describes the alignment
beam scanning electron microscopes (MSEM) [EVE& HPJ 20] and stitching of individual imaged tiles acquired in the lateral di-
image larger elds of view, enabling the acquisition of big tissue rections (i.e.xy-plane). This is followed by the axial registration
samples in a reasonable amount of time. For instance, Shapson{i.e., zdirection) of sections through the sample volume. Image
Coe et al. [SCJIB21] used an mSEM with 61 ion beams to image registration is well studied, using either intensity- or feature-based
10,00011m2 simultaneously as a hexagonal shape. Overlapping im- techniques. In this section, we focus on methods specialized for
age tiles are then stitched together for larger elds of view. processing brain volumes imaged with optical and EM modalities.

4. Alignment and Registration
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4.1. 2D Alignment and Stitching can not always be guaranteed. To address this challenge, Yigitsoy
and Navab [YN13] have introduced an approach based on struc-
tural continuity beyond image boundaries. A tensor voting on the
orientation and saliency properties of the extracted structures is
used to infer arti cial overlaps in the extended regions. The inferred
aligned structures are then used to estimate multi-scale transforma-
tions for the optimal alignment between the tiles.

High-resolution microscopes have lenses with a small eld of view.
Thus, large biological tissues are imaged by laterally acquiring
smaller image tiles in they plane, with partial overlap. Align-
ment techniques aim to resolve these overlapping tiles and stitch
them to reconstruct a complete 2D image section. In the literature,
this step is also often referred to assaicingor montaging Al-
gorithms for alignment and stitching address two important chal-  Tools for 2D Alignment and Stitching are designed to mini-
lenges. First, high-resolution microscopy generates a large amountmize the overall computational workload of large image volumes
of data. A single 2D image slice imaged using light microscopy is while also keeping track of tile-pair alignment quality and allowing
in the order of tens of gigabytes, while a slice imaged using EM is manual intervention.

hundreds of gigabytes. Therefore, alignment algorithms need to be
highly optimized or parallelized to recover the transformation pa-
rameters for all image tiles in a reasonable amount of time. Second,
the sample preparation and imaging work ow are fallible. Often
there are tears, folds, or other deformities in the mounted sample.
As aresult, these algorithms need to consider missing information,
artifacts, and inconsistent lighting and contrast conditions.

XuvTools[ERP 09] is an automatic 3D stitching software that
adopts a coarse-to- ne strategy, combining both feature and pixel
correlation techniques. Assuming no information about the tile se-
guence XuvToolsuses a multi-scale phase-only correlation to esti-
mate a coarse position of the tiles. Using a GUI, users manually po-
sition the tiles in a grid layout. For ne-scale alignment, it detects
salient points that would appear in the overlap region and max-

Broadly, the following general steps are adopted to align and imizes NCC coef cients of multiple smaller patches around the
stitch a grid of image tiles: (1) identify tile pairs and their overlap- salient points. Once tiles pairs are determined, absolute tile posi-
ping region, (2) estimate candidate displacement values betweentions are computed by globally minimizing the displacement val-
adjacent tiles, (3) apply ne adjustment optimizations to reduce er- ues. Finally, artifacts due to changing intensities at the border of
rors in the stitched image, (4) stitch tiles to produce the mosaic, and the tiles are alleviated by applying bleaching correction to each tile
in some works, (5) post-process the component images together topair. While this process is fully automateduvToolsdisplays the
yield a seamless nal result. The literature identi es two main ap- progress of alignment and stitching at every iteration. If a stitching
proaches for aligning and stitching image tiles. error is identi ed, users can adjust parameters for the correlation

Feature-based approachefCHP 06, SCHT10] identify match- threshold and the size and search radius of correlation windows to
. . . . . : ._recompute the ne alignment step.
ing features in adjacent tiles to compute image translations. This
approach can be sensitive to feature sparsity in the overlapping TeraStitcher[BI12] is designed to stitch tera-sized tiled mi-
regions of adjacent tiles. Thus, some methods make assumptionsroscopy images on consumer hardware. To ef ciently estimate
about the data, e.g., for aligning blob-like structures [BA§], the relative displacement of tile pairs, adjacent tile pairs are di-
ne- laments [AKCL 03], or contours [BLLFO06]. vided into user-de ned substacks, and 2D maximum intensity pro-

(Pixel) correlation techniques{Gre09, ERP09, TKG 10, BI12 jections of the tiles along the three dimensions are used to com-
CMB 17] can be more general as they’ Utilize d,omains s’uch a;s im- pute the NCC coef cients. For the optimal global placement of tile

age frequency by applying Fourier transforms, or pixel intensity pairs, a minimum spanning tree approach by Yu and Peng [YP11]

by applying cross-correlation or mutual information. Similarly, this is employed. Finally, overlapping regions are blended using two

- . : ' phase-shifted sinusoidal functions for a complete mosaic. To fur-
approach assumes that images have enough pixels with unique fre;

. . . . ther improve processing and stitching time, Bria et al. [BBGI19]
quency or intensity components in the overlapping areas. As SUCh’use a CUDA multi-process parallelization stratefgraStitcheml-
the choice of method depends on the overall image content and th P P -

e h €lows manual intervention to re ne stitching metadata by providing
characteristics of matching features. . . )
(1) a preview feature to stitch user-selected portions of data and
Hybrid approaches [ERP 09, TLB 11] make use of bhoth (2) graphical metadata models for a more comprehensive analysis.
feature-based and pixel correlation methods for a coarse-to- ne Users can detect and locate abnormalities by inspecting the stack
alignment. Using this approach, Tsai et al. [TLR] have im- borders using the preview.
proved the accuracy, robustness, and scalability in aligning light
microscopy image tiles. They determine potential tile pairs by ex-
tracting features such as corners and edges from 2D maximum-
intensity projection (MIP) images [Low04] and nd pair matches
using the Dual-Bootstrap Iterative-Closest Point algorithm (DB-
ICP) [YSSTO7]. An af ne transformation between tile pairs is com-
puted to account for spatial distortion between pairs. Finally, to
stitch the tile pairs into a single volume, they employ pixel-based
normalized cross-correlation (NCC) minimization and a global
consistency approach [CSRTO02].

Although some microscopes typically provide approximate tile
locations, in practical settings translation stages can still exhibit
inaccuracies. To this end, Horl et al. [HRRB] have devel-
oped BigStitcher designed speci cally for gigapixel light-sheet
microscopy datasets that solves for tile pairs in non-regular grids
containing empty images and multiple independent samples. Using
downsampled image tiles, all possible shifts for overlapping pairs
are rst calculated using phase correlation, called links. In the op-
timization step, an additional attribute efrong (con rmed) and
weak (estimated) links is introduced to solve for the global opti-

Preparing brain samples often cause tears or folds, creating gapsnal tile placement. By optimizing both link types, strongly linked
in the image continuity. As a result, an overlap between image pairs regions are accurately aligned, while an optimal alignment is de-
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termined for weakly linked groups of tiles. The entire process is that rst perform robust global af ne registration by transforming
interactively displayed, enabling users to verify, interact and poten- them into a common coordinate system using a prede ned brain
tially guide the proper alignment of complicated datasets. atlas [BIP15], followed by nonlinear local alignments using pre-
de ned landmarks. For local alignment, prede ned landmarks are
used to generate a thin-plate-spline warping eld [Boo89]. Further-
gnore,BrainAIigneraIIows adding custom landmarks to help opti-
mize or improve critical alignments.

In studying the alignment work ow of pairwise displacement
followed by global placement, Chalfoun et al. [CMBY7] found
that residual errors can be introduced when the raw data has spars
features or information for feature-based and intensity correlation
methods, respectively. To address this, they have introdivtied Some studies [HP11, DWG 09, LFP11] have suggested using
croscopy Image Stitching Tool (MIST grid stitching technique  traced neurons for registration. Essentially, the process of neuron
that minimizes stitching errors by estimating the microscope me- tracing (see Sec. 5.2) generates a concise and less noisy representa-
chanical stage model parameters and using them to improve thetion of neuron morphology compared to using the raw microscopy
search space of the global tile placement optimization step. MIST volume for registration. Th&ilament Editor[DHO14] andNeu-
uses a multicore hybrid CPU/GPU implementation to handle ter- ronStitcher[CIdC 17] are two widely used interactive registration
abytes of microscopy data. and alignment tools that assemble adjacent microscopy sections us-
ing traced neurons and allow ne-tuning by providing a visualiza-

Simply warping one tile onto another using the displacement . .
4 Ping 9 P tion of complicated neuron fragments.

transformation can introduce arti cial deformations in the nal
stitched output. To this end, Saalfeld et al. [SFCT12] have intro-  NeuroConstruct{GBM 21] adopts a hybrid approach of us-
duced a technique for EM images that aligns corresponding key ing intensity correlation (for coarse registration) and feature-based
points and formulates an elasticity constraint on local neighbor- alignment (for ne tuning) to register segmented light microscopy
hoods to solve for a nonrigid deformation. The elasticity constraint brain volumes. Following global registration, similar to Yigitsoy
is implemented by representing image tiles as a triangular mesh ofand Navab [YN13], a tensor-based method is used to propagate
a spring-connected particle system. Each vertex of the spring meshand register exiting/entering neurites across adjacent sections. Fi-
searches for corresponding key-point locations in the adjacent tile nally, the reconstructed volume can be interactively ne-tuned by
using pairwise block-matching, and the springs tend to maintain a clicking on corresponding entering/exiting neurites.
r_igid transformation across the overlap_ping tiles, pena_lizin_g distor- |4 the EM domain, Fialia [Fia05] has developReéconstructto
tions. Such a constraint allows the alignment of arbitrarily large yeform both manual and automatic registration on serial section
image tiles without propagating transformation errors. Haehn et gy gjices. For manual registration, users can progressively de ne
al. [HHM 17] have developed a visualization tool for this process, ,nq adjust transformation parameters (translation and rotation). Re-
called RHAligner, which provides an abstracted visualization of = gts are visualized by blending or ickering adjacent sections. For
stitched sections and allows for quick assessment of the alignmenty, ;o matic registration, Reconstruct treats neuron traces in sections
processRHAlignerexpands the algorithm to solve for a hexagonal 55 gycial markers and computes the transformation that minimizes
grid and optimizes it by adopting a parallel implementation. the distance between the centroids of the traces in section pairs.
Users can view the registration result and make manual edits to x
4.2. 3D Registration misalignments or distortions. Adjustments made to one section pair

Brain specimens have to be physically sectioned into a series of 3¢ then propagated to the rest of the series.

slices for most imaging modalities. Thus, to extract 3D structural ~ TrakEM2 developed by Cardona et al. [CS®], is a widely

and functional information, the serial sections need to be registeredused open-source software for neural circuit reconstruction from
along thez-direction (or imaging direction). However, the process terascale EM serial sections. For its automated registration pipeline,
of physical sectioning severs structures at the slicing interface, de-sections are registered by rst extracting SIFT features [Low99]
stroying continuity between consecutive sections and resulting in to estimate a linear transformation, followed by elastic align-
tissue deformation. In contrast, modalities that adopt a block face ment [SFCT12] to compensate for non-linear distortion. Alter-
approach do not suffer from this information loss [HXL5]. natively, for manual registration, feature correspondences are as-
signed using a GUI interface. Local alignment and transformation
errors are interactively xed using point-click-and-drag manipula-
tion aided by transparent overlays of section pairs. Brain volumes
are viewed either as low-resolution images of large elds of view
or as high-resolution images for user-de ned areas of interest.

Some rudimentary approaches to simplify registration in-
clude introducing intrinsic or imposed ducial markers in the
sample [HML 95, BMVO05, PYDO04], de ning anatomical land-
marks [SPB15], or attaching additional imaging modalities (]
to be used as a priori information.

In addition to mosaicing, the elastic registration tech-
nigue [SFCT12] discussed in Sec. 4.1 can also be used for reg-
istering adjacent section series. The block matching algorithm ex-
plores transformation parameters in all sections of a local neighbor-
hood of each vertex of the de ned spring mesh. Using this, Haehn
et al. [HHM 17] have developed a plugin nam&iHAligner for
their Butter y middleware that registers EM sections and provides

Tools for 3D Registration. Peng et al. [PCL11] have devel- a visualization to monitor, debug, assess, and ne-tune the results.
oped BrainAligner for registering light microscopy image slices Since identifying features incorrectly can result in the failure of all

Beyond an a priori approach, 3D registration techniques are de-
signed to recover a volume that results in the natural progression of
features through successive sections [J\8&}. Within the scope
of optical microscopy, Lee and Bajcsy [LB08] have proposed regis-
tering sections by tracking the trajectory of salient cylindrical struc-
tures in each section and across adjacent slices.

© 2022 The Author(s)
Computer Graphics Forum © 2022 The Eurographics Association and John Wiley & Sons Ltd.






