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Abstract

Neuron tracing is the process of reconstructing three-dimensional
morphology of neurons from microscopy images. It is essential for
delivering more comprehensive understanding of the relationship
between neuronal structure and function, which is the fundamen-
tal to know how the brain works. However, currently neuron
tracing remains a challenging task, due to the natural complexity
of neuronal structure, inadequate available data and computa-
tional limitation. In recent years, many automatic neuron tracing
methods have been developed in the research field, with limited
success on specific issues. The lack of a robust neuron tracing
method with more general applicability greatly restrains system-

atic characterisation and analysis on neuronal morphology.

To address aforementioned challenges, we first establish a pipeline
to generate more standard data, in which we specifically propose
a novel approach for automatic refinement on semi-manual recon-
struction. Following the pipeline, we manage to generate more
than 1000 full morphology data. Second, based on the generated
standard reconstruction, we conduct a systematic and quanti-
tative analysis to identify the most critical obstacles in neuron
tracing. Third, we propose a novel neuron tracing method by
embedding occupancy learning with curve skeleton extraction,
which tackles the major issues of weak and punctuated signal, as
concluded from the previous analysis. We curated a large dataset
to train and test the model. The experimental results show it ex-
ceeds other counterpart approaches in most terms of evaluation

metrics. At last, we propose a novel learning model for automatic



neuron tracing, which learns to directly extracts the skeleton from
a raw image. It addresses the main issue of close but irrelevant
signal, as concluded previously. We train and bench test it on the
curated dataset, as well as a public dataset. Experiments show

it achieves state-of-the-art performances in all cases.
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Chapter 1

Introduction

1.1 Motivation

More than 100 years ago, Ramén y Cajal first observed the polarised shape
of a neuron, and demonstrated the dendrites and axon as input and out-
put sides of signal processing respectively (y Cajal[1911). Fig illustrates
a typical structure of a single neuron. The discovery was based on neu-
ron tracing i.e. reconstruction: to follow all the dendritic branches and
long axon projection till every end of axon terminals to formulate a single
tree structure that exactly represents the morphology of a neuron (Schwartz
1993). Through the 3D neuronal morphology, Cajal predicted the neuronal
connections and elucidate the circuit logic of several brain components e.g.
hippocampus (Ramén y Cajal [1928). Ever since then, 3D morphology of
a neuron has been recognized as a defining feature of neuronal types and
its functional role in the neural circuit (Peng et al. 2015). Characterising
the morphology of neurons is so essential as it delivers more comprehensive
understanding of the neuronal diversity across different nervous system, and
contributes to the major goal of modern neuroscience, which is to clarify how
brain functions (Donohue and Ascoli/2011).

Despite the early success, the knowledge of the diversity of neuronal mor-
phology is still limited. In modern digital era, to systematically characterise
the morphology of neurons, a typical workflow consists of five major steps:

labelling, imaging, tracing, registration and classification (Peng et al.[2020a).



Neuron

Dendrites

Axon terminals

Figure 1.1: A simple illustration of a neuronal structure (Puppo et al.[2018).

Fig[L.2] illustrates the pipeline of the process. Neurons must first be labelled
with a dye or transgenic tracer to reveal the structure. Next, optical mi-
croscopy methods are utilised to capture the image. Then, a computational
tracing tool extracts the geometry of the neuron from the image data. The
traced or reconstructed results are then registered to a common template
for final classification and analysis. In recent years, the upstream process of
neuron tracing i.e. labelling and imaging has made substantial advancement:
novel transgenic or viral Cre delivery techniques e.g. TIGRE2.0
2018, [Veldman et al. 2020) have enabled efficient, sparse yet consistent la-

belling of a wide range of neuronal types across multiple brain area; high-

resolution imaging and high throughput imaging techniques e.g.fluorescence

micro-optical sectioning tomography (fMOST) generate massive amount of

whole- brain fluorescent datasets at micron level (Gong et al.|2016, |[Economo|
2016). However, the neuron tracing or reconstruction remains a key

bottleneck in the whole pipeline, significantly limiting downstream analysis

of neuronal morphology. Currently, neuron tracing mainly relies on human

labour for annotation, which is tedious, time-consuming and prone to er-

ror (Acciai et al.|2016). It is therefore highly desirable for the development

of automatic neuron tracing methods to standardise and accelerate the pro-
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Figure 1.2: Pipeline of characterising neuronal morphology.

In recent years,to motivate the advancement of robust neuron tracing
methods, DIADEM (Digital Reconstruction of Axonal and Dendritic Mor-

phology challenge) (Ascolil[2008) and BigNeuron project (Peng et al. 2015)

has been launched to benchmark several automated algorithms. A few effi-

cient automatic tracing methods are developed such as APP2 (Xiao and Peng
2013)), Neutube (Feng et al.|2015) and SmartTracing (Chen et al.[2015). In

respect of simple and relatively small images, those algorithms are able to

generate meaningful reconstruction. Fig [1.3| shows an accurate reconstruc-

tion from an optical image. Nevertheless, their performance on relatively

complicated and large images are unconvincing (Peng et al. [2017).

In the last few years, deep learning algorithms have achieved a great

success in various computer vision tasks and gains its popularity in neuron

tracing. Li (Li et al. [2017) combined a 3D convolutional neural network

(CNN) for image segmentation with several tracing methods and improved

the performance. Zhao (Zhao et al, 2019 2020) proposed a framework to

train a 3D CNN from pseudo labels produced by any traditional tracing
methods, and mutually complement them to progressively improve recon-
struction. Whereas, deep learning methods involved in neuron tracing are

still under-explored because of the limited amount of public data.



Particularly, each automatic tracing method is designed for some specific
issues in neuronal image e.g. weak signal, punctuated branches etc, and
yields in more general circumstance. The occurrence of those issues and the
cause of the failures is unknown for further analysis and improvement.

To resolve aforementioned challenges and limitations, our motivation is
to propose novel neuron tracing methods addressing the most critical issues
in the research field whilst maintains applicability in more general cases,
towards a better understanding of neuronal morphology. To achieve this
goal, it requires more data with accurate reconstruction for training and
validation purposes, and a systematic failure analysis on advanced tracing

methods to reveal our target.

Figure 1.3: A real neuron in optical image and its reconstruction (2D pro-
jection of a 3D image and reconstructoin) (Liu [2011).

1.2 Main Challenges

The difficulty of neuron tracing is ascribed to:

e The natural complexity of neuronal structure: neuron structure varies
from functional role and areas of the brain in the nervous system. Neu-
rons in Thalamic areas tend to have highly interwoven dendrites, caus-
ing severe merging-branches problems during reconstruction, as shown
in Fig [[.4 Whereas neurons projected to cerebral cortex have large
amount of axon termini, where signals are weak to detect and recon-

struct.



e The image quality varies under different imaging condition e.g. sample
preparation, imaging system, cell types etc. As a result, a same axon
could be continuous in one image but discrete in another, sometimes

even appearing to be punctuated and dislocated segments due to dis-

section and slicing of brain specimen (Peng et al.|[2017), as shown in
Fig It hereby makes a complete tracing hard to achieve.

Figure 1.4: An example of the dendritic area of a neuron in optical image
and a false tracing. The tracing is incomplete with merging branch where
the green arrows point at. Note that this is a 2D projection of a 3D image
and reconstruction.

e Specifically to large whole-brain image data, thousands of component

blocks are imaged first then stitched together to constitute a 3D image

stack (Zhou et al.|2018a). Time to image each component varies and

thus the background is uneven, making an inconsistent background in
the whole image stack. Currently no tracing method can adaptively
adjust the contrast of different region and extract the morphology cor-

rectly.

e Lack of failure analysis on existing neuron tracing methods. Tens of
neuron tracing methods are developed to tackle different issues occurred
in neuronal image. But the frequency of occurrence of those issues is

not clear, and the main cause of failure remains unknown.



Figure 1.5: A punctuated and dislocated axon long projection area.

e Computational limitation: the raw image for reconstruction is 3D vol-
umetric data, and the memory footprint of voxel representations grows
cubically with resolution, limiting any implementation to a small size.

On the contrary, an image for a single neuron can easily reach 1000x1000x 1000

voxels.

e Public data imperfection: Although DIADEM (Ascoli2008) and Bigneu-
ron (Peng et al.[2015) provides neuronal images and their corresponding
manual reconstruction for algorithms development, the quantity of the
public samples is relatively limited for learning purposes. DIADEM
and Bigneuron provides 370 and 166 neurons repectively. This limits

further development of learning-based algorithms.

1.3 Aims and Objectives

This thesis aims to develop efficient automatic 3D tracing algorithm to ac-

curately reconstruct the three-dimensional morphology of a single neuron.



Based on our aim, we identify our research questions and objectives as fol-

lows:

e What is the main obstacle in automatic neuron tracing? Since
the launch of DIADEM challenge, tens of automatic neuron tracing
methods have been proposed, achieving varying degrees of success on
different issues. But we still lack a knowledge about the main obstacles
in neuron tracing. It is fundamental to identify the most critical issue

to tackle to accomplish our aim.

e How to generate more standard data for algorithm develop-
ment? Learning-based methods largely rely on massive amount of
annotated data. While in the research field, the amount of available
standard data is limited. The generation of more standard reconstruc-
tions, with accurate label is a key procedure and challenging task to

accomplish in our research .

e How to propose an automatic tracing tool which tackles the
main obstacle? After we identify the main obstacle in neuron tracing
and generate sufficient amount of data, it is challenging to propose a
novel approach targeting at the obstacle while maintaining applicability

in general cases recurrently.

Motivated by aforementioned challenges, this thesis aims to achieve three

major objectives:

e Our first objective is to generate more standard reconstructions for al-
gorithm development. In particular, we focus on designing a pipeline

to systemically produce accurate reconstruction. This objective is
achieved in Chapter

e The second objective is to systemically and quantitatively analyse failed
cases of existing auto tracing methods, to know the main obstacle in
the research field. We focus on establishing a workflow for automatic
false samples detection and collection, followed by manual inspection

and classification. This objective is explored in Chapter

7



e Finally, we aim to develop efficient automatic 3D neuron tracing al-
gorithm. We target at the main issues identified in Chapter |3| and
propose our methods accordingly. We test them on different datasets
to test their robustness. This objective is addressed in Chapter 4 and
Chapter

1.4 Contributions

The main contributions of this thesis is to propose novel automatic 3D neuron
tracing methods from optical microscopy images. Our main concern is to
reveal the main cause of failed tracing and develop algorithm accordingly
to improve. The detailed contributions in each chapter are summarised as

follows:

e In Chapter |3| we propose a pipeline for complete morphology recon-
struction of single neurons. The pipeline consists of four stages as
initial reconstruction, semi-manual reconstruction, cross-check and au-
tomatic refinement. Specifically, we propose a novel approach for the
automatic refinement procedure, by a 2-time optimal path finding and
deformation. Following the pipeline, we manage to generate more than
1,000 standard reconstructions, which significantly eases the limitation
by lack of available data in the research field. With the data acquired,
we conduct a systematic and quantitative failure analysis regarding ex-
isting automatic tracing approaches. more than 10,000 samples of false
tracing are collected, manually inspected and classified. The analysis
indicates that the main obstacles in neuron tracing are the close but
irrelevant signals, as well as weak and punctuated relevant signals. To
our best knowledge, the quantitative failure analysis is the first attempt

in the research field.

e In Chapter 4| we propose a fully-automatic neuron tracing method tar-
geting the major obstacles found in Chapter |3} We jointly embed occu-

pancy learning with skeleton extraction to reconstruct neurons from 3D



optical microscopy images. It is the first attempt to address the sparse-
ness in neuron reconstruction via predicting the occupancy of balanced
input points sampled in 3D space. By leveraging occupancy learning
with an equal point sampling strategy to control the data distribution
in the input, it tackles the root causes of the imbalance problem, and
eliminates the sparse redundancy. We trained and test the model on
our dataset curated in Chapter The experimental results show it

outperforms other existing tracing methods.

e In Chapter |5 we propose another novel automatic 3D neuron tracing
approach, to further tackle the main obstacle revealed in Chapter
We propose an deep learning model for neuron tracing, by learning
skeleton extraction directly from a raw 3D volumetric image. To our
knowledge, it is the first attempt in the research field. We design a set
of deforming line primitives and a regularised loss function to preserve
topology, overcoming the critical issue of false tracing caused by close
but irrelevant signal. We evaluate our method with different dataset,
and the experimental results show that it outperforms existing tracers

in a variety of image scales and neuron types.

1.5 List of Publications

e Peng, Hanchuan, Peng Xie, ..., Zhangcan Ding, ..., Yun Wang, Hongkui
Zeng. "Morphological diversity of single neurons in molecularly defined
cell types.” Nature 598.7879 (2021): 174-181.

e Zhang, Zhouzhou, Xiao yao, Zhangcan Ding, Tianyi Huang, Yan Huo,
Runan Ji, Hanchuan Peng, Zengcai V. Guo, ”"Multi-scale light-sheet
fluorescence microscopy for fast whole brain imaging.” Frontiers in neu-
roanatomy (2021): 63.

e Zhangcan Ding, Hongchuan Yu, Yinyue Nie, Jinlu Zhang, Jianjun
Zhang, Liya Ding, 3D Neuron Tracing via Occupancy Learning and
Curve Skeleton Extraction”. International Conference on Medical Im-

age Computing and Computer Assisted Intervention 2021, submitted.



1.6 Outline of Thesis

This thesis is organised as follows:

e Chapter 2| reviews existing neuron tracing methods and deep learning

applications in the research field.

e Chapter [3]| includes the method for standard reconstruction data gen-

eration and a quantitative failure analysis.

e Chapter 4| proposes an automatic 3D neuron tracing method via occu-

pancy learning and curve skeleton extraction.

e Chapter [5| proposes an further improved automatic tracing method via

learning topology-preserving skeleton extraction.

10



Chapter 2

Literature Review

In this chapter we discuss previous works related to neuron tracing. First, we
review the workflow of characterising neuronal morphology and demonstrate
how neuron tracing influences as a core stage of it. Then we introduce several
existing neuron tracing methods, with their applicability and performance.
Finally, we review corresponding deep learning based applications in neuron

tracing.

2.1 Neuronal Morphology Characterisation

In late 19th century, Santiago Ramén y Cajal foundationally revealed that
the nervous system is made up of discrete individual cells (y Cajal [1911).
These cells i.e. neurons are characterised with distinct input and output
sides, the dendrites and axons respectively. By drawing the structures of
thousands of different neurons, Cajal demonstrated the extraordinary diver-
sity of neuronal morphology across brain regions and species. According
to the neuronal morphology, he categorised a few of neuron types and suc-
cessfully predicted their connections and elucidated their functions in some
specific brain regions e.g. hippocampus, retina (Ramon y Cajal|1928)). These
outstanding discoveries were awarded with Nobel Prize in 1906, and ever since
then, neuronal morphology has been recognised as a key feature to determine
its neuronal type, connectivity, synaptic integration, and most importantly,

its functional role in the neural circuits (Wang et al. 2019b).
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Despite the preliminary success, now more than 100 years have passed but
we still lack an accepted catalogue of neuron types (DeFelipe et al. |2013).
The progress is greatly limited by the insufficient exploration of neuronal
morphology at the level of single neuron. In modern digital era, to systemat-
ically characterise the morphology of neurons, a typical workflow consists of
five steps: labelling, imaging, tracing, registration and classification. Fig
illustrates the pipeline of the process (Peng et al. 2020a).

Neurons must first be fluorescent labelled with a dye or transgenic tracer
to reveal structure. Next, optical microscopy methods are utilised to capture
the image. Then, a computational tracing tool extracts the morphology of
the neuron from the image. The reconstructed results is then registered to
a common template for final classification and analysis, to know its connec-
tivity and function. In recent years, the upstream process of neuron tracing
i.e. labelling and imaging has made substantial advancement: novel trans-
genic or viral Cre delivery techniques e.g. TIGRE2.0 (Aransay et al.|[2015,
Han et al. 2018] Lin et al.|2018, Veldman et al. 2020) have enabled efficient,
sparse yet consistent labelling of a wide range of neuron types across mul-
tiple brain area; high-resolution and high throughput imaging techniques,
such as fluorescence micro-optical sectioning tomography (fMOST) (Gong
et al. 2016) and MouseLight (Economo et al. 2016), generate terabytes of
high-resolution whole-brain fluorescent datasets at micron level. Massive
amount of data intuitively helps the analysis of neuronal morphology. How-
ever, the neuron tracing or reconstruction remains a key bottleneck in the
whole pipeline, significantly limiting downstream analysis and comparison
of neuronal morphology. Currently, neuron tracing mainly relies on human
labour for annotation, which is tedious, time-consuming and prone to er-
ror (Acciai et al. 2016). Aimed at stimulating advancement of automated
morphology reconstruction, In 2009 the DIADEM Challenge (Gillette et al.
2011), short for Digital reconstruction of Axonal and DEndritic Morphol-
ogy, was launched to identify an robust morphology reconstruction tool that
could improve the efficiency for manual editing by 20 times. Considering the
large amount of time involved in manual tracing as it might require days

and weeks to complete reconstruction of a single neuron, the factor looks
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conservative. However, none of the finalists achieved this landmark. The
outcome indicates the situation of automating 3D neuron tracing as an open
problem. It is therefore highly desirable for the development of automatic

neuron tracing methods to standardise and accelerate the process.

2.2 Neuron tracing methods

Available neuron tracing methods vary in their degree of automation (Mei-
jering| 2010, Donohue and Ascoli/ 2011, Svoboda [2011) . Regarding to the
amount of human intervention required, four main classes can be categorised (My-
att et al.[2012):

e Manual tracing
e Semi-Manual tracing
e Semi-Automatic tracing

e Fully-Automatic tracing

2.2.1 Manual Tracing Methods

The first ever neuron reconstruction is done by Cajal manually, with pencil
and ink depictions. Armed with a rudimentary microscope, he drew and
presented the neuronal structure by free hand. An example of his drawings
is shown in Fig [2.1] and it can be seen that the neuronal morphology is
already close to the real structure. To further improve the accuracy, in later
era manual tracing is implemented with camera lucida: anatomists employ
prisms to visually overlay the microscope image onto a piece of paper, and
delineates it by hand. This technique was primarily proposed for 2D tracings,
but can be used for 3D reconstruction in a more complicated manner: the
microscope images are traced and serially aligned and projected onto a film,
and the results are filmed for visualisation (Senft 2011). The processing is

highly time-consuming and prone to error.
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Figure 2.1: A neuron structure manually drawn by Santiago Ramoén y Ca-
jal (Swanson et al.2017).
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2.2.2 Semi-Manual Tracing Methods

This kind of method involves with computer software to reconstruct the dig-
ital neuron structure by hand, typically beginning at the soma and trace
the whole structure following the signal in the microscope image. A typi-
cal illustration is shown in Fig Specifically, this is the mainstream for
reconstructing the ”gold-standard” neuronal morphology in current research
field (Peng et al. 2011bl [Mosinska et al.|2017, Haehn et al.|[2018).
Neuron_Morpho (Brown et al|2005) is a sufficient tool to trace neuron
and largely contributes to the widely used NeuronMorpho database (Ascoli

2007). The idea is similar to primary manual tracing. The acquired
stacked image tiles for the target neuron is loaded and merged on computer,

and then projected on the X-Y planar as a map for visualisation on monitor.
The user has to scroll through each cross-sectional Z slice to locate and profile
the object of interest. Along with a mouse drawing, the tool records the line
and measures the neurite diameter along the line and save the information.

Apparently, if the image is relatively large and the neuron is complicated,
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the operation would be cumbersome and low-throughput. Furthermore, this
essentially 2D process intuitively biases the understanding of intrinsic 3D

properties of neuronal morphology.

Optical Neuronal Image |:{>
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Figure 2.2: An comparison of semi-manual tracing (left) and semi-automatic
tracing (right).

To overcome the obstacle, Virtual Finger (VF) (Peng et al.[2014b)) in
vaa3D (Peng et al. 2010b 2014a) was developed to efficiently explore the
complicated 3D image content. VF aims to map the identified 2D user input
via computer screen back to the 3D volumetric space of the image. It is
implemented through a 3D point-pinpointing algorithm (PPA) and curve-
drawing algorithm (CDA). As illustrated in Fig , after the user inputs a
mouse stroke on 2D screen, the method uses the trajectory of cursor locations
sampled from the stroke, and generates a shooting ray orthogonal to the
screen. The PPA locates the curve knot along each shooting ray by maximal
intensity. Then a 3D curve is generated in a piece-wise manner, connecting
each consecutive knot pair by finds the shortest geodesic path between them
via Dijkstra algorithm (DIJKSTRA|[1959). The geodesic distance between

two immediately adjacent voxel v and u is defined as:

e(v, 1) = d(v,u) - (M) (2.1)
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where d(v,u) denotes the Euclidean distance between v and u and g;(.)

a(x) = exp ()\1 (1 _ %)2) (2.2)

where A1 is a weighting factor, I(z) denotes the intensity, /,;, and 4, is

is defined as:

the minimal and maximal intensity in the image.

Figure 2.3: illustration of curve drawing through Virtual Finger using one
mouse stroke painted in the 2D projection of a 3D neuronal image. R;
- Ry represents the shooting rays orthogonal to the computer screen and
parallel to each other. p; - p, represents the estimated 3D location of each
curve knot,corresponding to each shooting ray respectively. qk,i) are the
one-voxel evenly spaced 3D locations along the kth rays (Peng et al.2014b).

Therefore VF can generate 3D curves points and regions-of-interest with a

single mouse operation and greatly increases the efficiency of reconstruction.
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Along with the Virtual Finger, a multi-resolution/multi-scale octree rep-
resentation of an image stack called TeraFly (Bria et al. [2016) is proposed
to explore and reconstruct massive volumetric image data smoothly. For a
given large image data, TeraFly iteratively downsamples it by 2 times on each
X,Y and Z dimensions to a relatively small volume (typically, 512*512*256
voxels), the final and intermediate smaller volumes are all saved to files and
indexed using a tree data structure, in which each tree node stands for an im-
age block. As illustrated in Fig , a whole mouse brain image data (about
2 terabyte) is converted in such pyramid structure for visualisation and re-
construction from coarse (low-resolution) to fine (high-resolution) level. And
with the help of VF, the user can navigate of any region of interest and recon-
struct neuronal morphology. This combination of vaa3d-TeraFly technique
enables researchers to visualise and reconstruct neuronal morphology accu-
rately and efficiently, for any given size. This method is used in Chapter
for our data generation.

Although Virtue Finger and TeraFly has achieved great accuracy and
efficiency in practical use, the 2D working environment in the context of tra-
ditional desktop software still constrains the profiling and understanding of
neurons in 3D image. If a neuron is highly complex at some point or the sig-
nal is relatively weak, resulting in an ambiguous structure, it will even pile up
the difficulty to observe and manipulate higher dimensional data via a lower
dimensional interface (McDonald et al. [2020). In such case, virtue reality or
immersive environment has been introduced to overcome the limitations by
2D desktop interaction and visualisation modalities. TeraVR (Wang et al.
2019a) is proposed in line with such demand, as it provides the user a com-
bined stereroviews to visualise and interact with the data in 3D directly. The
overall scheme of TeraVR is shown in Fig [2.5] Integrated with the vaa3d-
TeraFly framework, TeraVR enables observation and reconstruction on ultra
large data. Particularly, in areas with complicated branching patterns, weak
signals, overlapping neurites, or multiple densely packed neurons, which are
common issues in 2D interface, TeraVR outperforms traditional semi-manual
tracing methods and enables accurate and fast tracing. Also, it provides col-

laboration mode for multiple annotators to instantly share and proofread the
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Figure 2.4: The progressive 3D image visualisation and exploration by Ter-
aFly. With zoom-in and zoom-out, the multi-resolution image tiles are
demonstrated in higher/lower resolution (Bria et al.[2016).

reconstruction. It largely extends the applicability of vaa3d-TeraFly tech-
nique. This technique is also employed in Chapter |3|to reconstruct our data,

specifically in relatively complex areas.

2.2.3 Semi-Automatic Neuron Tracing Methods

Semi-automatic methods requires the user to define some partial morphology,
such as identifying the tree root, branching point and termination, and the
neurite paths are traced by the computational tool. A typical illustration
is shown in Fig [2.2]Note that compared with semi-manual neuron tracing,
this type of methods changes the way of user input, but it also relies on

computational tool to conduct the tracing part.

In 2004, Meijering et al. (Meijering et al.|2004) presented a semi-automatic

tool to trace individual neurites in 2D microscopy image. Based on the
LiveWire algorithm (Barrett and Mortensen| 1997, Falcao et al. [1998), the
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Figure 2.5: The overall scheme of TeraVR (Wang et al. 2019a).

tracing procedure consists of two main phase: First, the tool preprocesses
the input image automatically by an steerable Gaussian filters (Freeman and
Adelson [1991), giving a likelihood of each individual pixel belonging to a
neurite; then the user gives a start and end point, and the tool will find the
optimal path between them, linking consecutive ridge pixels at the centre
of the signal. Compared with manual tracing, this method improves repro-
ducibility and reduces human labour intensiveness. However,the 2D working
environment brings ambiguities regarding the branching or crossing of neu-
rites, and obstacles the understanding of 3D structure of real neuron.

To extend Meijering’s method to a 3D image stack, Neuromantic (Myatt
et al.[2012) was proposed in 2012. Sharing a similar idea as previous method,
Neuromantic requires user input to define the starting and ending point.
Then the tool automatically identifies pixels within the image stack that

are likely to belong the the neuronal structure, and furthermore finds the
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most likely flow direction for each pixel by analysing the eigenvectors of
the estimated Hessian matrix. By transforming the given image to a graph
structure, with each node corresponding to a pixel, the tool employs the
Dijkstra’s algorithm (DIJKSTRA|1959) to find the lowest cost route between
the user-defined start and end point.

Overall, semi-automatic neuron tracing methods reduces the human labour
to a certain degree, but compared with the advanced semi-manual methods,
the accuracy is surpassed as a result of the automatic tracing step without,
particularly in the noisy and fuzzy image area. So it is not widely used as

an alternative for neuron tracing in real world.

2.2.4 Fully-Automatic Neuron Tracing Methods

Fully-automatic neuron tracing methods extracts the neuronal morphology
with minimal user input. The ever increasing amount and volume of available
microscope image data calls for automation for neuron tracing. Thanks to
DIADEM challenge (Gillette et al.|2011) and BigNeuron project (Peng et al.
2015), a few interesting automatic algorithms have been proposed. Currently,
these methods can be divided into three categories: global-processing, local-

processing, and meta-methods (Acciai et al. 2016).

e Global processing methods extract 3D morphology of a single neu-
ron from its global signal distribution in the optical image. A straight-
forward implementation is to use a segmentation algorithm to obtain
a binary foreground/background image, and apply a 3D binary skele-
tonisation algorithm to extract the neurite structure (Dima et al.|2002,
Weaver et al. [2004, [Evers et al. 2005, Narro et al. 2007). However, a
sufficient binarisation can be difficult to achieve. To enhance the line
structure when doing skeletonisation, Hessian-based vesselness meth-
ods are employed (Abdul-Karim et al. 2005, Yuan et al. 2009, Vasilkoski
and Stepanyants 2009), but it requires prior information and is compu-
tationally expensive when the image is large. Alternatively, it can be

converted to a shortest path problem by transforming the image into
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an graph, with designed node and edge representation, and uses Dijk-
stra’s algorithm (Dijkstra [1959) to extract the skeleton (Zhang et al.
2007a, |[Peng et al.|2011a). However, the performance of these methods
largely depends on the geodesic distance definition and seed (soma and
termini) placement. Moreover, the computational storage to hold the

graph will be intensive if the image is relatively large.

Local processing methods start from a given location (seed) and
explores an image only around relevant structure. An early represen-
tative is proposed by AL-Kofahi et al. (Al-Kofahi et al.|2002) that uses
template fitting to determine the tracing direction . The template con-
sists of four parallel edge detectors, and each of them used a greedy
search to find a part of the branch boundary. This method can only
trace one branch each time and must be cooperated with a branch
point detection method to complete the tracing. Zhao et al. (Zhao
et al. [2011)proposed a similar approach but defined a 3D cylindrical
template, assuming that a neurite segment can be modelled a series of
elliptical cylinders. For each branch to be traced, the algorithm needs
at least one seed, which are chosen as local maxima among the points
with a function of intensity and local geometry features above a thresh-
old. The tracing procedure starts from fitting the cylinder template on
defined point ¢;, and then define the next point ¢;,; shift from ¢; one
step along the axial direction, and iterates these steps until the fitting
score is lower than a threshold. When all the seeds are traced or cov-
ered, the tracing ends. Feng et al. (Feng et al. 2015) further improved
the algorithm by replacing the cylindrical mode with a tree model and
proposed Neutube. However, it is still prone to error in areas where the

signals are weakly continuous or multiple branches are densely packed.

Meta-methods enhance any existing tracing to extend its applica-
bility. Chen et al. (Chen et al. |2015) proposed SmartTracing as a
self-learning framework with any existing neuron tracing method to
enhance their performance. It first produces an initial neuron recon-

struction with the user-provided method, and accordingly, it estimates
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a confidence score regarding the likelihood of reconstructed unit to
identify some reliable portion of reconstruction. Then it uses the re-
liable parts as training exemplars in a machine learning framework to
extract wavelet features and predict the probability map of the whole
image for the final tracing. Another direction of enhancement is to
apply any existing method to trace in large image volumetric data.
Whether the algorithm are global-process or local-process, they are
mostly designed for relatively small volumetric data set. The DIA-
DEM competition (Gillette et al. [2011) aims to do the reconstruction
on optical images up to several gigabyte. However, with the signif-
icant advancement in microscopic technique, now neuroscientists can
collect data on whole mouse brain which is terabyte-sized. Under this
circumstance, most solely-used neuron tracing methods will fail. Zhou
et al. (Peng et al. 2017) proposed a framework called Ultratracer that
could aggregate a variety of different previous tracing methods and en-
able it to reconstruct very large neuron morphology. The core idea
of Ultratracer is to sequentially trace small blocks of a 3D image. As
illustrated in Fig given a large-scale 3D image and the soma lo-
cation, it first extracts a small cuboid block centred in the soma and
do the reconstruction using any previous tracing algorithms. Then, it
finds the terminal points on the six cuboid faces, and processes the next
blocks centred in those points. It iterates until no terminal points are
detected and assemble the final reconstruction. Thus, it could extend
any previous neuron tracing algorithms to handle massive amount of
data. In Chapter [3| we adopted this method to generate auto recon-
structions from full mouse image data. In Chapter [5 we integrate our

method into Ultratracer for tracing whole mouse-brain image data.
2.3 Deep Learning Applications in Neuron
Tracing

In recent years, the rapid advancement in convolutional neural network (CNN)

has enabled deep learning methods to outperform traditional methods in
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Figure 2.6: pipeline of ultratracer tracing a large 3D volumetric image. (Peng
et al. [2017)

many pattern recognition and computer vision applications (Ji et al. 2012
Krizhevsky et al. 2012, |Zeiler and Fergus 2014, |Zeng et al.2015). Taking

advantages of its ability of capturing highly non-linear relationship between

inputs and outputs (LeCun et al.|2015), deep learning based techniques can

be introduced into neuron tracing procedures to enhance the performance,
either as a pre-processing step for neuronal image segmentation (Li et al.
2017, Li and Shen [2020, [Yang et al. 2021), or post-processing step for seg-

ments connection and refinement (Zhou et al. [2018a). Here we review some
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related deep learning applications in neuron tracing.

2.3.1 Image Segmentation

Li et al. (Li et al. |2017) proposed a fully convolutional network (FCN) with
3D convolutions for segmenting the neuronal morphology from optical mi-
croscopy images. The network consists of several fully convolution and de-
convolution layers to ensure the feasibility of end-to-end training. After infer-
ence, it generates a probability map P with the same-size as the input image
I. Instead of directly tracing on the probability map, the author combines
the original image and the probability map to form an adjusted image F(x)
by:

F(z) =al(z) + (1 — a)P(x) (2.3)
where « is a weight to adjust the contribution of image intensity and prob-
ability map. This combined representation sufficiently suppresses the noise
signal while keeping the global structure and is used in our method in Chap-
ter {4 for testing purposes. The author applied several existing tracing meth-
ods onto the enhanced images and find most of their performances have been
improved compared with tracing on original images.

Nevertheless, to ensure a meaningful result, FCN requires large amount
of training samples, considering the numerous parameters in the model. In
the case of neuron tracing, it becomes a bottleneck due to the limit amount
of available annotated data. After the success of U-net (Ronneberger et al.
2015) in 2015, a few of U-net variants have been applied to neuron tracing
for image segmentation, for better efficiency of utilising the limited anno-
tated samples. Li et al. (Li and Shen [2020) proposed a 3D U-net-based
network called 3D U-net plus focusing on tracing neuron in tangled neuronal
image. As illustrated in Fig[2.7] as a variant of U-net, the network consists
of encoder-decoder architecture and feature fusion. The encoder extracts
hierarchy features and the decoder gradually recovers the probability map
for the image. A skip pathway is added between the symmetric module to
concatenate the features extracted from an encoder to that from the cor-

responding decoder. Additionally, it replaces the original convolution and
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pooling layers with atrous convolution (Holschneider et al./|1990, Chen et al.
and Atrous Spatial Pyramid Pooling (ASPP) (He et al. 2015) respec-
tively to capture more global and contextual information. Similarly, Yang
et al. (Yang et al[2021) proposed a 3D nested U-net (Unet++) (Zhou et al.
based approach, re-designing the skip pathway with a series of nested

and dense modules to reduce the semantic gap between the features maps of
the corresponding encoder-decoder. It claims to improve the accuracy and

length of neuron reconstruction as a preprocessing procedure for tracing.
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Figure 2.7: structure of a U-Net based deep neural network. Each box repre-
sents a multi-channel feature map. Top of each box: channel number. Lower
left and lower right of the box: the z-y-x-size (depth-height-width) (Li and

2020).

Despite of the higher efficiency of data utilisation, the limit amount of
annotated data still significantly constrains further improvement on neuronal

image segmentation. Under this circumstance, a few of weakly supervised
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learning approaches have been developed. Zhao et al. (Zhao et al. 2019
2020) proposed a progressive learning framework for neuronal reconstruc-
tion. As illustrated in Fig[2.8, the network mainly consists of a segmentation
module, an image enhancement module and a tracing module. The segmen-
tation module takes an input image through 3D deeply supervised network
(DSN) (Dou et al|2017) to output a probability map. Then the image
enhancement module combines it with the original image as Equation [2.3
Next, The tracing module applies a traditional tracing method onto the en-
hanced image and produces pseudo labels for each voxel, which is then fed
back to train the segmentation network. With more iterations of the network
training, the network is cable to capture more distinctive and long-distance
trace progressively. Huang et al. (Huang et al.|2020) proposed a similar
framework, taking advantages of both Residual CNN and traditional trac-
ing. Additionally, it adds a refinement step after tracing for more accurate
pseudo-label. However, these methods largely rely on the performance of the
selected tracing methods and quality of original image, and tend to fail if the

initial trace is over-reconstructed.
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Figure 2.8: structure of a deep learning network mutual with a traditional
tracing method (Li and Shen|2020).

2.3.2 Neuron Tracing Refinement

Zhou et al. (Zhou et al. 2018a) proposed DeepNeuron, a deep learning based
toolbox for post processing after neuron tracing. For under-reconstruction,

where there are false negative gaps between the neuronal segments, it is able
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to find the continuity of neurites and connect the broken segments through
a trained deep learning based Minimal Spanning Tree (DMST). It employs
a revised Siamese network (Bromley et al. (1993, Chopra et al. [2005), in
which two subjects are fed into the network to find the similarity or the
relationship between them. After the inference, a dissimilarity score is given
and segments pairs with low error will be connected through the Minimal
Spanning Tree algorithm (Pettie 2008). For over-reconstruction, where false
positive trace occurs, it is able to prune the false reconstructed components.
By transforming the pruning task into a classification problem, it trains a
CNN network to classify each tree node as false positive or true positive
and prune the false ones. However, due to the limitation of GPU memory,
DeepNeuron uses 2D CNN models. The input image is first projected on 2D
and after inference mapped back to 3D. It apparently loses some degree of
the rich information in 3D, and the projection and mapping procedure can

bring distortion to the neuronal morphology.

2.4 Neuron Tracing Project and Dataset

In this section, we will introduce some projects in neuron tracing and their
dataset which is widely used in the research field, as well as in this disserta-

tion. Furthermore, we will discuss how they motivate our works in Chapter

2.4.1 DIADEM

In 2009, the DIADEM Challenge (Gillette et al. [2011), short for Digital
reconstruction of Axonal and DEndritic Morphology, was launched to stimu-
late robust tracing with minimum human involvement. It provides a dataset
for the participants to develop their algorithms and bench test the perfor-
mance. The dataset consists of 6 sets of data collected from different an-
imal species (e.g. rat, drosophila, mouse, cat), brain regions (e.g. cere-
bellar,hippocampal neocortical), structures (e.g.axons,projection fibre) and
imaging methods (e.g. transmitted light brightfield, confocal microscopy).
Each neuron has its image stack along with a ”gold standard” reconstruc-
tion. An example is shown in Fig[2.9] The quality of the "gold standard”
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reconstruction is controlled by a workflow collaborated by the data providers
and the peer reviewing community. A same neuron is manually or semi-
manually traced by two independent people to gauge the subjectivity. The
agreed neuronal reconstruction is then undergone thorough checks by peer
review, to eliminate operator mistakes such as missing branches, incorrect
termination or connectivity. Each proposed edit was systemically verified
with the original annotators to confirm if it purposed to be traced that way
or it is indeed an error. By minimising the influence of human mistakes, the
quality of the dataset is ensured. The design of cross-check is also exploited
in our work in Chapter However, the dataset is set for development of
conventional automatic neuron tracing algorithms and only contains 370 rel-
atively small neurons (most of them size up to 512x512x512). Therefore, it

is not ideal for development of deep-learning based neuron tracing methods.

Figure 2.9: A drosophila olfactory axonal projection image stack (left), with
a corresponding ”gold standard” reconstruction (right) (Brown et al. 2011).

2.4.2 BigNeuron

Although the DIADEM challenge stimulates progress of automatic neuron
tracing development, the original goal of the contest is not reached, which is
to speed up the tracing process by 20 times compared with manual tracing.

One practical limitation of DIADEM was that the reconstruction methods

28



were proposed in different programming languages, ran on different software
platforms and followed different protocols for data I/O. In such way, a direct
comparison of different methods remained as a main problem, and further
blocked aggregation and consolidation of the cumulative progress on auto-
mated neuron tracing in a practically useful application for neuroscience.
One solution for this is to propose a common, versatile software to aggregate
different tracing methods, data formats and data I/O protocols. This will
allow bench test of any algorithm on large-scale neuron datasets for effective
validation.

Therefore, the BigNeuron project (Peng et al.|2015) was launched in 2015
to achieve this target. It aims to gather a worldwide community to define
and advance the state-of-the-art of neuron tracing, by bench-testing any au-
tomatic neuron tracing methods on any dataset following a standard data
protocols and evaluation metric. The first phrase of the BigNeuron project is
to release a relatively small ”gold standard” dataset to boost the algorithms
development. The dataset is manually annotated and cross-checked, follow-
ing similar workflow as DIADEM. After a few algorithms were developed
and verified their usability, they will be applied on any unreconstructed raw
images to output a consensus reconstructions. Then, based on the consensus
reconstruction, manual correction and reconstruction is conducted to output
a standard reconstruction, with minimal human labour involvement thanks
to the initial auto-reconstruction. This new robust reconstruction will then
extent the dataset as well as further development. An illustration of the
process is shown in Fig [2.10]

However, the BigNeuron still remains as an unsolved challenge. Now the
dataset consists of 166 neuron reconstructions along with their corresponding
image stacks, across different species and brain regions. The limited amount
of available data still restrains further development of automatic neuron trac-

ing, particularly deep-learning based approaches.
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Figure 2.10: The BigNeuron gathers different automatic reconstruction meth-
ods and output a high-quality initial reconstruction. With minimal human
labour for manual reconstruction, it will output a robust reconstruction and
contribute to a common large dataset (Peng et al. [2015).

2.4.3 BICCN Brain Image Library (BIL)

In 2017, Brain Initiative Cell Census Network (BICCN) was launched to
build a comprehensive understanding of cell types in mouse, monkey and hu-
man brain (Ecker et al.2017). It integrates centres and laboratories around
the world to generate large-scale datasets, methods, tools for the goal. All of
the results are shared with the community. Among the datasets, we choose
the whole mouse brain images for reconstruction in Chapter A typical
whole mouse brain image is shown in Fig [2.11] Such an image occupies
around 2 Terabyte, and approximately 2000 neurons in it are sparsely la-
belled and imaged by the fluorescence micro-optical sectioning tomography
(fMOST) system (Gong et al. 2016)with physical resolution as 0.35pum X
0.35pum x 1lpm. There are over 250 mouse brain images available in Brain

Image Library (BIL) (Benninger et al.2020), which is a public repository
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under BICCN. Such amount of data is sufficient for our deep-leaning based

algorithm development, but it requires precise reconstructions which is done
in Chapter

Figure 2.11: A typical whole mouse brain image data by BICCN BIL (Ben-
ninger et al.|2020).

2.4.4 NeuroMorpho

NeuroMorpho (Ascoli et al.|2007) is an open repository for single neuron
reconstructions. It was launched in 2006 to provide free access to a variety
of digital tracings of neuronal morphology online. The database is mainly
contributed by data described in peer-reviewed publications. Today it has
became the largest public database with over 80,000 neurons from diverse
animal species and brain regions (Akram et al. 2018). Our reconstructions
in Chapter |3| also contribute to this database.

Although the dataset is sufficiently large, the data are all reconstructions

without corresponding image stacks, which means it cannot be directly used
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for development of tracing algorithm. However, analysis on existing recon-
structions in NeuroMorpho is still meaningful for our project. For example, a
quantitative morphological measurements among a specific neuron type will
give a common idea of how it should be structured. This will greatly help the
quality check of any newly reconstructed neurons in the same type. Also we
conclude some common features of neuronal reconstruction, which inspires
the design of loss function in Chapter

2.5 Data Format and Evaluation Metrics

To describe the neuronal morphology, few data formats have been proposed
such as Neurolucida DAT/NRX/ASC/XML (MBF Bioscience, Williston, VT
USA), GENESIS XML (Taylor et al.|1986). To fix any irregularities and en-
sure a base level of homogeneity and compatibility with different platform,
NeuroMorpho database (Ascoli et al.[2007) and BigNeuron (Peng et al. 2015)
select SWC format (Cannon et al.|[1998) as the standard description of neu-
ronal reconstruction, for visualisation and testing purposes. In this thesis,
we also choose SWC format for any neuron tracing output. A typical SWC
file and its visualisation are shown in Fig[2.12] A SWC file describes a simple
directed tree model, and stores a points matrix with seven columns follows.
Each row represents a node traced along the tree. Each column has following

meaning:
1. ID: node identifier. A positive integer.

2. TypelD: type identifier. A positive interger denotes the type of the
node, categorised into root, soma, axon, dendrite, apical dendrite and

other custom types.
3. x: X-position in micrometers.
4. y: Y-position in micrometers.
5. z: Z-position in micrometers.

6. r: Radius in micrometers.

32



7. ParentID: Parent sample identifier. This defines the how nodes are
connected to each other. Multiple nodes can refer to a same ParentID,

which denotes the branch point. No loop is allowed.

#name
#comment X
##n,type,x,y,z,radius,parent

186.35 179.19 75
188.08 178.61 77

40
41

12 0.72501 391.08 25 1 -1
2 2 4.2166 383.5 27 1 1
3 2 8.8883 376.49 28 1 2 \ b
4 2 14.136 370.06 30 1 3
5 2 19.991 361.9 32 1 4
6 2 22.903 356.08 33 1 5
7 2 25.815 350.22 35 1 6
8 2 28.151 343.79 37 1 7
9 2 31.063 338.54 38 1 8
10 2 34.582 331.53 40 1 9
11 2 36.342 326.86 41 1 10
12 2 37.494 323.37 42 1 11
13 2 38.678 319.28 43 1 12
14 2 40.983 313.46 45 1 13
15 2 42.743 310.54 46 1 14
16 2 45.078 304.11 48 1 15
17 2 46.838 298.86 48 1 16
18 2 49.75 294.77 49 1 17
19 2 52.086 290.1 50 1 18
20 2 54.422 284.27 52 1 19
21 2 56.181 279.6 53 1 20
22 2 59.093 273.78 54 1 21
23 2 63.189 267.35 55 1 22
24 2 68.437 263.83 56 1 23
25 2 73.108 257.43 57 1 24
26 2 80.692 250.99 59 1 25
27 2 85.94 246.32 60 1 26
28 2 98.196 238.16 61 1 27
29 2 105.78 232.91 62 1 28 neuronyiine #1 ... OP_2
30 2 116.31 227.64 63 1 29 Ry
31 2 129.14 218.32 64 1 30 Ixcoos  -fesar
32 2 138.48 213.65 65 1 31 =209,
33 2 155.41 209.56 66 1 32 S I
34 2 165.33 207.22 66 1 33 7parent =32
35 2 172.91 203.13 67 1 34 segment(ndex) SSU(0)
36 2 179.34 201.4 67 1 35
37 2 176.4 192.63 68 0 36
38 2 175.82 186.81 69 @ 37
39 2 178.74 182.13 70 1 38 z
40 2
2
2

0
1
181.07 180.37 72 1 39 / \ ¥
1
1

Figure 2.12: A swec file (partially displayed) and its visualisation. Note that
each node is sized up for better view. Nodes with parental relationships are
connected with a line.

To evaluate any existing or novel tracing approach, a common method is
to compare the output swe file with the gold-standard (GS) reconstruction.

There are several metrics to be used as following:

1. Distance Metric: the most common way to compare a reconstruction
with the GS is based on the spatial error, which is defined as the de-
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viation of the reconstructed centreline to the GS centreline. Different
literature papers have adopted following ways to compute the distance

metric:

(a) For each node in the reconstructed trace, it finds its nearest point
in the GS. Then the spatial error is calculated as the average
Euclidean distance between these nearest node pairs in the (Myatt
et al. [2012).

(b) For the reconstructed and the GS trace, both of them are interpo-
lated between the nodes to obtain a skeleton. Then two similarity
factors are calculated to estimate how well the trace matches the
GS and the GS matches the trace, respectively (Choromanska
et al. [2012).

(c) The reconstructed and the GS traces are resampled so the dis-
tance between adjacent node is 1 voxel. Then two distances are
calculated by averaging the Euclidean distance of all nearest nodes
pairs from trace to the GS and vice versa. The final spatial error
is the average of these two distances (Wang et al.[2011, Lee et al.
2012, Wang et al.|2011, |Gala et al.|[2014, |Xiao and Peng 2013).
It is also the metric we choose to evaluate our tracing algorithm
proposed in Chapter 4] and Chapter

2. Length Metric: this metric compares the difference of length between
the reconstructed and the GS trace. A natural definition of spatial error
is one minus the ratio between the length of reconstructed trace and
the GS trace (Zhang et al. 2007b)). Another approach is to focus on the
correct reconstructed trace portion where the the two traces overlap,
and calculate the ratio between the correct length and the overall GS
trace length (Wang et al. [2011, Dietenbeck et al. [2014).

3. DIADEM Metric: the DIADEM metric compares two neuron recon-
structions based on topology matches. For each node in a reconstruc-

tion, when locating nearest node in the other trace, only a restricted
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area will be searched and a high penalty will be added if missing. More-
over, the metric takes into account the importance of each node and
weights the spatial error accordingly: a mismatch of branch node will
lead higher spatial error than a mismatch of a termination (Gillette
et al. [2011).
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Chapter 3

Data Generation and Analysis

3.1 Introduction

Neuron tracing is a key procedure in the workflow of neuronal morphology
characterisation. In recent years, the substantial advancement in upstream
procedure i.e. fluorescent labelling and microscopic imaging have enabled
generation of massive amount of high-resolution and large-scale neuronal im-
ages (Acciai et al.[[2016). Under this circumstance, manual tracing becomes
time-consuming, error-prone and impractical. This has motivated the de-
velopment of automatic neuron tracing methods. In 2009, the DIADEM
Challenge (Gillette et al. 2011), short for Digital reconstruction of Axonal
and DEndritic Morphology, was launched to call for novel approaches towards
fully automatic tracing. The original goal of the challenge is to speed up the
tracing process by 20 times compared with manual tracing without heavy
loss of accuracy. Unfortunately, none of the finalist algorithms achieved the
target. The fail of these traditional algorithms can be ascribed to the compli-
cated nature of neuronal structure, large diversity of neuron types, varying
image condition, inevitable image noise, and other causes of ambiguity in the
image data (Radojevic and Meijering|2019).

Over the last few years, the rapid advances of deep learning based tech-
niques have made a huge leap in identifying, classification and quantify pat-
terns in optical microscopy image (Shen et al. 2017, Haan et al. [2019, Riven-

son and Ozcan 2018). Rather than designing the features of the objects
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based on domain-specific knowledge in traditional methods, deep learning
exploit hierarchical features representation directly from the data (LeCun
et al. 2015). The characteristic of this enables deep learning to achieve state-
of-the-art performance in a variety of applications |Collobert and Weston
(2008), Sutskever et al. (2011), Hinton et al. (2012), |Szegedy et al.| (2013),
Taigman et al.| (2014)), Zhang et al.| (2015). A few of deep learning methods
have been applied into neuron tracing, either as pre-processing for image seg-
mentation |Li et al. (2017), Li and Shen| (2020) or a post-processing for tracing
refinement (Zhou et al|2018a), achieving enhanced performances. However,
an effective deep learning requires large amount of training datasets, with
quality annotation. In the case of neuron tracing, it remains as a main issue
due to the limit amount of available annotated data. This greatly obsta-
cles a further development and improvement of automatic neuron tracing
algorithms.

Particularly, all the existing tracing methods, whether involving deep
learning or not, are proposed for some specific issues e.g. weak signal (Peng
et al. 2011a, |[Li et al. [2019), noisy background (Peng et al. [2011a, [Huang
et al. 2020). However, there lacks a quantitative analysis on how these issues
effect the neuron tracing and the frequency of occurrences. Therefore, it still
remains as an open problem to identify the most critical obstacle towards a
better tracing performance, which limits any further algorithm development
in a more targeted way.

In this chapter, we propose a pipeline for data generation of complete
neuronal morphology, including procedures as automatic tracing, manual
refinement, and a novel automatic reconstruction refinement, as illustrated
in Fig 3.1} Following the pipeline, we generate over 1000 standard single
neuronal morphology data from whole mouse brain image, for analysis and
model training. Based on the image obtained, we applied several neuron
tracing method and compare the results with the newly generated dataset
to detect the consensus false structure and generate samples of false tracing.
We systemically inspect the false samples and categorise the failure types,
for later algorithm development and testing purposes.

In this regard, we claim our contributions as following:
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1. We propose a pipeline for reconstruction of complete neuronal mor-
phology. Following the pipeline, we generate more than 1000 robust

reconstructions for analysis and algorithm development.

2. We propose a novel approach for data refinement to produce more
accurate and smooth reconstruction based on a 2-time optimal path

finding algorithm and deforming step.

3. To our best knowledge, it is the first attempt to systemically classify

false types and attributions in neuron tracing.
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Figure 3.1: Our proposed pipeline for data generation.
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3.2 Data Generation

3.2.1 Full Neuronal Morphology Data Generation Pipeline

As illustrated in Fig[3.1], we establish a pipeline for complete neuronal mor-

phology reconstruction with high quality, which consists of four stages:

1. Initial neuron reconstruction: in this stage, we run an existing
auto tracer on the raw whole mouse brain image to generate initial
reconstructions. Specifically in our case, the raw images data are ob-
tained from BICCN database (web portal:https://biccn.org/). Neurons
in a whole mouse brain are sparsely labelled and imaged by the fluo-
rescence micro-optical sectioning tomography (fMOST) system (Gong
et al.2016) with physical resolution at 0.35um x 0.35um x lum. In
each sample brain image, there are approximately 2000 neurons to be
selected for tracing. The image is converted to TeraFly format (Bria
et al. 2016) in a hierarchical structure for multi-resolution visualisation
and manipulation in vaa3d (Peng et al.[2010b). With the help of the
vaa3d-TeraFly (Peng et al. 2014c) tool mentioned in Section [2.2.2, hun-
dreds of soma locations are pin-pointed as the roots to start automatic
tracing. The auto tracing is conducted by Ultratracer+APP2 (Xiao
and Peng|2013, Peng et al. 2017).

2. Semi-manual reconstruction: in this stage, annotators refine the
initial reconstructions by semi-manual tracing. Annotators first observe
and select a few of meaningful initial reconstructions, which means they
only require some small amount of human labour to refine. Then anno-
tators conduct the semi-manual tracing with vaa3d-Terafly tool (Peng

et al. [2014c) to obtain a complete neuronal reconstruction.

3. Cross check: In this stage, following the spirit of DIADEM (Gillette
et al. 2011)mentioned in Section @, to eliminate the mistakes by
human operations, we set up a cross check process to control the quality
of the reconstruction. After semi-manual reconstruction, the result is

sent to two independent annotators to check and correct. Any edit will
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be rolled back to the original annotators for confirmation. Only when
all of the annotators agree with the reconstruction, it will be sent to

next stage.

4. Automatic Refinement: in this stage, the reconstruction is pro-
cessed by an automatic method to produce a final result where the trace
lies on the centre of the neuronal signal. The details of the method are
discussed in Section [3.2.2.

Following the workflow of the proposed pipeline, we reconstruct 1700
complete single neuronal morphology data for further analysis and algorithm
development. Fig|3.2| presents a few of the reconstructions along in the mouse
brain data. The dataset are contributed to the SEU-ALLEN Joint Cen-
ter database (https://braintell.org/projects/fullmorpho/) and NeuroMorpho
(https://neuromorpho.org/).

3.2.2 Automatic Data refinement

According to the piratical inspection, a drawback of the vaa3d-Terafly (Peng
et al.|2014c) is that at some areas, there is a offset of the trace to the signal
centre, as seen in Fig Although it does not change the path of the
neurite or the whole structure, it does effect any downstream usage such as
estimating node radius along the neurite or serving as training samples for
learning models. To address the issue, we propose a automatic refinement
method based on a 2-time optimal path finding and deforming algorithm.
A simple illustration of our method is shown in Fig 3.3, For a given

neuronal trace after semi-manual reconstruction,

1. we fist split it into branch segments according to the tree hierarchy,

maintaining its topology.

2. For each segment, we evenly distribute a series of anchor points along

the reconstruction with equal space between.

3. Then we implement an optimal path finding algorithm between two

consecutive anchor points and deform the curve for optimisation. The
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Figure 3.2: two complete neuronal morphology generated by the whole
pipeline of the proposed pipeline, projected on 2D. The bright field: the
image signals. Blue curves: dendritic branches. Red curves :axon long pro-
jection and termini. Red sphere: soma location.

red dots and line illustrate the anchor points and the segment after 1st

refinement. The refinement method will be introduced later in details.

4. Next, we select a new set of anchor points at the centre location between
the previous set of anchor points (yellow dots) to conduct the second
run of the refinement, with same method to produce a final result

(yellow line).

5. After the 2-time refinement, the offset line is readdressed to the centre

of the image signal.

The refinement method consists of two steps: path finding and deforming.
Path finding step is based on graph construction and shortest path finding

algorithm. Similar to the approaches in semi-automatic neuron tracing (Peng
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Blue: manual reconstruction Red: 15t refinement

Grey: original signal

Figure 3.3: A simple illustration of the 2-time refinement approach. The blue
line is the manual traced segment which is offset to the grey signal, after the
refinement step, it lies in the centre of the signal as the yellow line represents.

et al.2010a, Myatt et al.[2012), we construct a undirected graph G = (V, E)

from the image voxels, where V' is the set of vertexes standing for an image

voxel and F is the edge between two vertexes only if they are immediate spa-
tial neighbours in image voxel grid. The edge weight is designed as a geodesic

function, combining the euclidean distance with image voxel intensity as:

6('1)071)1) _ ||1)0 N U1|| . <gl (UO) —;_gl (Ul)) (31)

where vg, v; denote two adjacent voxels at location vy = (¢, yo, 20) and v; =

(z1,y1, 21) which have an edge between them. g;(.) is defined as:

gr=-exp (A (1— I(p)/[maX)Q) (3.2)

in which /(p) denotes the intensity at location p and I, denotes the maxi-
mum intensity among the whole image.

After the graph construction, we implement the Dijkstra algorithm @
JKSTRA |1959) to find the shortest path.

Then the deforming step is conducted for a more accurate and smooth

result. We deform the curve with energy minimisation, to reach a local

optimisation for better smoothness. Using the same energy function design
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as (Peng et al.[2010a), we define the the overall energy function for the curve

as:
K—1

Eap =Y exp (Er(k) + Ec(k)) |Cx — Cipa | (3.3)
k=1

where {Cy,k =1,..., K} are a series of control points evenly spaced to

represent the continuous curve C. And FE(.) each represents a energy term

B B I(Cy) 2
Eik) = (1 max][@(C’k,r)]) (34)

where A; is a weight factor set to 10. I(Cy) is the intensity at the control

as following:

point Cy and max [ [© (C,7)] is the local maximum intensity around C.

The other energy term represents the metric of closeness to local centres as:

Ao georn 1k — all’ I(q)
qu@(Ck,r) ‘[(Q)

Eo(k) (3.5)

where A\¢ is a weight factor set to 1. ¢ is the neighbouring voxels within the

radius r around control points C}.

Figure 3.4: A refined neurite in a local area. Red line: Semi-manual recon-
struction. green sphere :anchor points selected in the 1st run of the refine-
ment, the point is sized up for best view. Green line : trace after 1st run
of refinement. Yellow sphere : anchor points selected in the 2nd run of the
refinement, the point is sized up for best view. Yellow line : trace after 2nd
run of refinement.

The energy function is minimised via gradient descent in each iteration

to update the control points. Thus we obtain a final curve which is closer
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to the signal centre and more smooth. A qualitative comparison is shown in
Fig[3.4] in practical application.

To evaluate the refinement, we compare the refined reconstructions with
their corresponding semi-manual reconstructions. We calculate the average
image intensity change of the voxels at the nodes’ positions before and after
refinement. We also detect nodes with position changed over 2 voxels, since
distance less than 2 voxels is visually indistinguishable. These nodes are
defined as ”different structure” and their portion and intensity change are
also calculated. We evaluate 200 reconstructions and the result is given in
Table [3.1] According to the result, reconstruction after refinement has been

shifted closer to the signal, as the distinct increase of intensity indicates.

Entire Intensity Change Different Structure Different Stucture
Average Portion Intensity Change Average
+4.5472 0.1197 +19.4925

Table 3.1: The evaluation of the refinement.

3.3 Data Analysis

3.3.1 Automatic False Samples Detection and Collec-
tion

Since we have generated sufficient amount of data for our algorithm develop-
ment, there is another problem to further clarify, which is what is our main
goal to achieve, or what is the most severe obstacle to overcome towards a
novel tracing method. As mentioned before, several tracing methods are pro-
posed for addressing specific issues but the frequency of the issue occurrence
and the extent of improvement after solving the problem is still unknown. In
this case, we apply some widely-adopted neuron tracing methods i.e. Neu-
tube (Feng et al.[2015), SmartTracing (Chen et al. 2015), APP2 (Xiao and
Peng [2013), on the image data obtained in Section @, and compare the

tracing results with the standard neuronal morphology data, here ”standard”
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means the quality of the data is ensured by the whole workflow involving
manual inspection and cross check. To detect the false structure and collec-
tion false samples for further inspection and analysis, we design a method in

following procedures as illustrated in Fig 3.5}

Automatic
Tracing

i | Segments Split

Spatial Distance
Calculation

False Node
Detection

False Samples
Collection

Figure 3.5: The workflow of proposed false sample detection and collection.
Top image: reconstructions split into segment with the breaking points; red
and yellow lines are standard reconstruction and auto reconstruction respec-
tively; blue spheres represent the breaking points of the branch segments.
Bottom box: segments compared with standard reconstruction to detect the
false nodes; red lines are standard reconstruction and blue lines are auto
reconstruction; a false case and a correct case are shown from left to right.

1. Automatic tracing: we run Neutube (Feng et al. [2015), SmartTrac-
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ing (Chen et al. 2015), APP2 (Xiao and Peng 2013) respectively on the
input whole mouse brain image, in the framework of Ultratracer (Peng
et al.[|2017). Since the user-input parameters of these methods influ-
ence the tracing performance, we set all parameters as default in vaa3d

platform (Peng et al. [2010b) to obtain a general result.

2. Segments split: After tracing, a neuronal tree is obtained. We split
the tree into branch segments following its hierarchy, without disturbing
the topology. If a segment is too long, it will be split into shorter
segments less than a pre-set length. Same method is applied to the

standard reconstruction.

3. Spatial distance calculation: using the metric mentioned in sec-
tion 2.5, we calculate the spatial distance between two corresponding
segments from auto tracer and that from standard reconstruction. Fol-
lowing a top-down manner, the comparison starts from segments with

highest level in the parent and child hierarchy, to the termini branch.

4. False node detection: segment with spatial distance to the standard
segment over 5 voxels is determined as false. If a segment is false, the
child segments of it will no longer be compared and the false segment
is recorded. Next we calculate the spatial distance of each node on the
false segment to the nearest node on the standard segment, the first
node with spatial distance over 5 voxels to the standard segment is

recorded.

5. false samples collection: After detecting the false node, we crop a
cubic image block with size 128x 128 x 128, centring the node. The
corresponding reconstruction in the image block is also cropped. The
image /reconstruction dataset is output for inspection and analysis in

the next stage.

Following the workflow of the false sample detection and collection, we

obtain over 10,000 false samples for analysis.
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3.3.2 False Types Classification

Based on the the collected false samples, we manually inspect and classify

the false types. Since no systematic analysis has been done before in the

research field, we classify the false samples due to their appearance and causes

empirically. The classifications and their details are described as following:

1. False Positive type: false positive types are over-reconstructed neu-

ronal traces with redundant branches compared with the real morphol-

ogy. As shown in Fig we analyse and conclude the possible causes
of this kind of fail as:

(a)

Close but irrelevant signal: during tracing procedure, the tracer
falsely identify a close signal from other neurons as relevant and
construct a bifurcation and redundant branch, which is a recurrent

problem in neuron tracing.

Noise: the tracer falsely takes the noise in the background as
neuron signal and therefore forms a redundant structure. It occurs

frequently in areas with high noise/signal ratio.

Boundary effect: an artificial branch is generated due to the Ul-
tratracer (Peng et al. 2017) framework. The Ultratracer frame-
work processes the tracing method in a series of 3D image tiles,
of which the trace sometimes show an offset on the cuboid faces.
When starting the tracing procedure in the next consecutive tile,
the offset node acting as starting point will cause a redundant

structure.

2. False Negative type: false negative types are under-reconstructed

neuronal traces with missing branch. As shown in Fig[3.7, we analyse

and conclude the causes as:

(a)

Weak signal: if the intensity along a neurite signal is too low, the
tracer is prone to regard it as background noise and not following
the path, resulting in a missing branch. It is a recurrent problem

in neuron tracing.
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Figure 3.6: False positive (FP) type with different causes. From left to right:
FP caused by close signal; by background noise; by boundary effect. The
red marker is the false node detected. Red lines are standard reconstruction.
Blue lines are automatic reconstruction.

(b) Punctuated signal: the tracing stops due to a gap between the
signal. It can be seen in areas where the neurites are punctuated

due to imperfect imaging.

(c) Boundary effect: as mentioned in the previous part, a node is offset
due to the boundary effect by Ultratracer (Peng et al. [2017). If

the node, acting as starting point during the tracing procedure in

the next image tile, is largely offset to signal, it is not able to start

the tracing, resulting in a break of branch and an offset termini.

(d) Other reason: this kind of false negative samples have consistent
and bright signal, without showing any offset node, but stop mid-

way. The reason remains unknown and needs further analysis.

3. False Positive & Negative : false positive and negative types are
traces combine over-reconstruction and under-reconstruction simulta-
neously. This is mainly caused by close signal, where the tracer acciden-
tally goes along signal of another relevant neuron and misses branches

of its own, as illustrated in Fig|3.8

4. Offset nodes: offset nodes are where reconstructed nodes do not per-

fectly lie on the signal. This kind of false type does not cause severe
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Figure 3.7: False negative (FN) type with different causes. From Top left to
bottom right: FN caused by weak signal; by gap; by boundary effect; other

FN types. The red marker is the false node detected. Red lines are standard
reconstruction. Blue lines are automatic reconstruction.

errors nor changing the overall structure, and can be sufficiently opti-
mised by our refinement approach. As shown in Fig[3.9] they can be

concluded as:

(a) Boundary effect: if the aforementioned offset node generated by
Ultratracer is not remote to the neuronal signal, the tracing in the
next image tile can continue. if there is no overlap between the

tracing in two consecutive tile, it will form a peak-shape.

(b) Off-centre nodes by tracer: this kind of fail is due to the tracing
algorithm. The tracer fails to find the optimal local maximum

position for the node.
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Figure 3.8: False positive & negative false type. The trace goes to another
adjacent but irrelevant signal, missing its own branch. Red lines are standard
reconstruction. Blue lines are automatic reconstruction.

Figure 3.9: Offset nodes false types. From left to right: offset due to bound-
ary effect by ultratracer; off-centre node reconstructed by tracing algorithm.
Red lines are standard reconstruction. Blue lines are automatic reconstruc-
tion.

3.3.3 Quantitative Analysis

We count the frequency of occurrence of aforementioned false types, as the
basis of our subsequent algorithm development and research. The result is
shown in Table |3.2 Note that the "agreed” means cases where the three
tracers fail at the same location.

According to the quantitative result, in terms of frequency of occurrences,
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Type Number % Neutube SmartTracing APP2 Agreed Agreed%

False Positive 4991 49.5% 4635 4463 4487 3950 79.14%
1.1 Close irrelevant Signal 3892 38.6% 3654 3693 3728 3326 85.46%
1.2 Noise 851 8.4% 810 601 589 456 53.58%
1.3 Boundary effect 173 1.7% 171 169 170 168 97.11%
False Negative 1898  18.8% 1456 1440 1619 1296 68.28%
2.1 Weak signal 675 6.7% 593 582 624 557 82.52%
2.2 Gap 548 5.4% 525 534 522 513 93.61%
2.3 Boundary Effect 203 2.0% 201 198 199 197 97.04%
2.4 Others 472 4.7% 137 126 274 29 6.14%
False Positive & Negative 967 9.6% 926 937 941 912 94.31%
3.1  Close irrelevant signal 967 9.6% 926 937 941 912 94.31%
Offset nodes 2307 22.9% 1473 1593 1575 1025 44.43%
4.1  Boudary effect 688 6.8% 681 679 678 674 97.97%
4.2 off centre by tracer 1619 16.0% 792 914 897 351 21.68%
Sum 10088 7183 71.20%

Table 3.2: Quantity of false samples classification

the main obstacle toward a more accurate tracing method is the false positive
trace caused by close but irrelevant signal, making up approximately 40% of
the false cases, and three different tracers are all prone to error in that case.
However, the potential harm of a false type should also be taken into ac-
count. A false positive reconstruction with redundant branches can be easily
revised by a single delete operation by an annotator, as simple as a mouse
click. However, for a false negative reconstruction, a missed branch at a high
level of the neuronal tree is possible to cause a loss of all its child segments,
resulting in a highly incomplete structure and massive amount of human
labour to refine. A even worse situation is the false negative & positive false
reconstruction, where the trace goes along another irrelevant signal at some
point and continues to grow afterwards, which is very hard for an annotator
to detect and takes huge amount of time to revise. And the high agreement
percentage also indicates it is a general problem for these three auto trac-
ers. Therefore, despite its relatively lower likelihood to occur, it should be
regarded as one major obstacle to overcome in our tracing algorithm devel-
opment. By contrast, offset nodes, although are more likely to appear as

shown by the quantitative result, do not change the overall structure and
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can be easily improved by our proposed refinement method mentioned in the
previous section, so it will not be regarded as a main problem to address.
Overall, taking into account of the frequency of occurrences, the severity
and the generality of the problem, we regard the main obstacles to tackle
are the false positive and false positive & negative reconstruction caused by
close irrelevant signal, and false negative tracing caused by weak signal and

punctuated signal.

3.4 Summary

In this chapter, we propose a reconstruction pipeline to generate complete
single neuronal morphology data, which includes initial reconstruction, semi-
manual reconstruction and a novel automatic refinement approach. The novel
automatic refinement approach is based on a 2-time optimal path finding
and deforming algorithm. After the automatic refinement, we obtain more
accurate reconstruction aligning the neuronal signal in the optical microscopy
image. Following the pipeline, we generate over 2000 complete neuronal
morphology data for analysis and algorithm development.

Based on the complete neuronal morphology data, we propose a workflow
to detect and collect false samples generated by auto tracing. The workflow
includes five stages as automatic tracing, segments split, spatial distance
calculation, false node detection and false samples collection. We manually
inspect 10,088 of these samples and classify them into false types with a
quantitative analysis. To our best knowledge, It is the first attempt in the
research field to do a quantitative failure analysis on automatic neuron trac-
ing. Taking into account the frequency of occurrence and potential harm of
the false cases, false positive & negative cases by close but irrelevant signal,
and false negative caused by weak or punctuated signal are selected as our
main issues to tackle in later algorithm development stage. A future work is
to propose a novel model enabling to capture the weak or punctuated neurite

signal whilst distinguish close but irrelevant signal.
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Chapter 4

Automatic Neuron Tracing via
Occupancy Network and Curve
Skeleton Extraction

4.1 Introduction

The substantial advances in microscopic techniques have enabled the gen-
eration of massive amount of optical microscopic data, helping the analysis
of neuronal structure and function (Peng et al. 2015). Among the analytic
workflow, digitizing the 3D morphology of single neurons from optical images
is essential, as it determines the functional role of a single neuron in a neural
circuit (Peng et al. 2020a). However, the reconstruction of 3D morphology
remains as a critical challenge, largely relying on human labour for annota-
tion, which is time-consuming and prone to error. Therefore, it requires the
development of automatic neuron tracing i.e. neuron reconstruction methods
to standardize and accelerate the process (Acciai et al.2016).

Numerous automatic methods have been developed to yield more efficient
neuron tracing targeting a variety of issues, such as noisy background (Peng
et al. 2011a), weak signal (Li et al. [2019). After a quantitative analy-
sis in Chapter [3| we are acknowledged that the main issues in automatic
neuron tracing are close but irrelevant branch signals and weak or punc-
tuated neurite signals. It can be intuitively improved by a more accurate

image segmentation. Most of automatic tracing methods involve a 3D fore-
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ground /background segmentation during their tracing procedure, either us-
ing a threshold or a neural network to classify the foreground. But it can be
challenging due to the severe data imbalance of the foreground/background
voxels in 3D optical neuronal images. Typically, the positive signals only
account for approximately 0.1% of the image. In such case, the weak neurite
signal is prone to be classified as background, while if the threshold is set low
to capture these weak signals, close but irrelevant branch signals are fused
as foreground without discrimination. Also, the variety of imaging condition
results in uneven background and punctuated segments, making it even more
difficult to follow.

In this chapter, we propose a novel approach to trace neurons in 3D op-
tical microscopic images, by occupancy learning (Mescheder et al.|2019) and
curve skeleton extraction (Tagliasacchi et al. 2009). To train and test the
occupancy network, we build a dataset with optical microscopic images with
manually annotated foreground labels and reconstructions (SWC format) per
image. A 3D implicit occupancy function is then learned to represent the
continuous shape of a neuron, and to calculate the occupancy probability,
which clarifies if a spatial voxel at any position is within 3D bounding vol-
ume of a neuron or not. With a strategy of equal input points sampling,
it tackles the extreme foreground/background data imbalance of neuronal
images, and efficiently captures weak signal. Then a curve skeleton extrac-
tion based on generalized rotational symmetry axis (ROSA) is applied for
tracing. It exploits the neuron orientation and further refines on any incom-
plete area to produce robust tracing results. The experimental results show
that, compared with existing tracing methods, our method shows superior
performance in terms of IoU accuracy and neuron distance score.

In summary, our contributions are as follows:

e We jointly embed occupancy learning with skeleton extraction to re-
construct neurons from 3D optical microscopy images. To our best
knowledge, it is the first attempt to address the sparseness in neuron

reconstruction via predicting the occupancy probability.
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Figure 4.1: Workflow of our tracing method. From left to right, given a
3D raw image, an occupancy map is given by a learned occupancy network.
Next, based on the occupancy map, an isosurface is reconstructed through
Marching Cubes. Finally, neuron is traced by Curve Skeleton Extraction via

ROSA.

e We address the data imbalance issue by leveraging occupancy learning
with an equal point sampling strategy to control the data distribution
in the input. It tackles the root causes of the imbalance problem, and

captures weak signal efficiently.

e We experimentally evaluate the performance of our approach. It pro-
duces superior results compared to existing methods both qualitatively

and quantitatively.

4.2 Methodology

Our approach mainly consists of three stages as Fig illustrates.

1. The input image is voxelized and every point in voxel grids is evaluated

by the occupancy network.

2. Every voxel is assigned with an occupancy. Marching Cubes algorithm

is then employed to construct the isosurface mesh.

3. Curve skeleton extraction via ROSA algorithms is exploited for tracing.
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4.2.1 Data Collection and Preparation

We build a dataset of raw 3D optical microscopic images with manually anno-

tated foreground labels and reconstructions for training and testing. The raw

images used are cut from high-resolution whole mouse brain optical images

from sparsely labeled brains using fluorescence micro-optical sectioning to-

mography (fMOST)(Gong et al.[2016). The physical resolution of the image

is 0.35um x 0.35um x 1 pm. which are open-source dataset available at BIC-

CNs Brain Image Library (BIL) (available at https://www.brainimagelibrary.org).

The neuron reconstruction in SWC format are contributed by SEU-ALLEN

Joint Center, Institute for Brain and Intelligence (https://braintell.org/projects/fullmorpho),

following our pipeline of reconstruction generation as in Chapter [3] The fore-

ground label of images are derived from the reconstructions. The annota-

tion/labelling, reconstruction and visualization are realized through Vaa3D (Peng

et al. 2014c) platform along with the TeraFly (Bria et al. [2016) and Ter-

aVR (Wang et al.[2019a) The software package is available through https://github.com/Vaa3D.
The raw image and its reconstruction are uniformly sampled with a size of

643. We generate 50,000 samples. The train/test split is set to 42,000/8,000.

4.2.2 Occupancy Network

Existing neuron tracing methods segment foreground neurons either using a
threshold or a classifier. In our study, the neuronal image has extreme class
imbalance problems, which usually undermines the performance of existing
methods. To this end, we employ Occupancy Network (OccNet) instead.

An occupancy network is described by the learnable mapping as:
fo: R®xx —1[0,1] (4.1)

The mapping is parametrised by 6. It takes a 3D location p € R® and an
observation, x € y as the input. And it outputs the occupancy probability
o € [0, 1] that describes whether the input location lies within or outside a
continuous decision boundary. In our case, The observation z is a 3D volume
that is encoded by a 3D CNN to a global latent representation x;. Then the

occupancy determines if a location is within our neuron structure or not.
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Figure 4.2: Network Structure of Occupancy Network.

Network Structure. As Fig shows, the OccNet exploits 5x 3D convo-
lutional blocks as encoder. ReLu is adopted as activation function following
each block, which is connected with a multilayer perceptron (MLP) to pro-
duce a conditional feature. The conditional feature along with the spatial
coordinates (x,y,z) are fed into 5x ResNet blocks with conditional batch
normalization, to obtain the binary occupancy values (0 or 1).

Sampling and Training. To learn the parameters of the OccNet, we
equally sample points inside and outside the neurite during training. This
ensures an equal occurrence of classes and eliminates the class imbalance
problem encountered in neuronal images. For the i-th sample in a training
batch we sample K points p;; € R®,j = 1, ..., K and evaluate the mini-batch

loss at those sample points:

1Bl K

5 |B| ZZL f9 ngyxz Oz]) (42)

i=1 j=1

where z; denotes the i'th observation of batch 3, o;; is the ground-truth
occupancy at point p;;. L(-,-) is a cross-entropy loss.

Inference. Given a raw image, we evaluate the OccNet for all voxels {p}.
Then we exploit the Marching Cubes (Lorensen and Cline 1987) algorithm

to extract an approximate isosurface, as illustrated in Fig

{peR| fo(p,x) =7} (4.3)
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4.2.3 Curve Skeleton Extraction

A common strategy to model a neuron is to use a curved skeleton, or ‘back-
bone’” with the estimated width along the skeleton. To obtain such a skeleton,
a typical routine is: 1) segment the image into foreground/background. 2)
construct a undirected graph on the image foreground. Graph vertexes are
image voxels, and edge weight are designed according to context geometric
and intensity information. 3) Finding the shortest path from the root to
the end location, and obtain the skeleton (Peng et al.|[2010a). But the per-

formance largely relies on the segmentation results and parameters chosen

when defining the edge function during the graph construction. The tracing
are prone to terminate if the neurite is imaged as punctuated and broken,
resulting in incomplete reconstruction. To overcome these disadvantages, we
exploit a curve skeleton extraction method via generalized rotational symme-
try azis (ROSA), following our surface mesh reconstruction in the previous

step.

Figure 4.3: ROSA point definition in 3D: point that minimizes the sum of
angular variance and sum of projected distance to the normal extensions.

The key insight of our method is that a curve skeleton is considered as
a generalized rotational symmetry azxis (ROSA) of a shape. Neurites are

generally modelled as cylindrical compartments therefore complement the

assumption (Peng et al. 2010a). For a local subset S of orientated vertex in

the input mesh, a ROSA point is defined as the most rotationally symmetric
point about S. As shown in Fig the ROSA point p = (zp, vp), where
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Figure 4.4: Robustness of ROSA points in incomplete structure (blue dots
without grey arrows are missing points).

1. xp denotes the position where sum of squared distances to the line

extensions of the point normals in .S reaches minimum

2. vp denotes the normal that minimizes the variance of the angles be-

tween vp and the normals in S.

Fig[4.4] shows that ROSA point is stable with position and orientation when
large amount of vertexes are missing.

Based on the ROSA formulation, skeleton extraction derives from finding
ROSA points sets of the whole object. It is implemented with an iterative
procedure via planar cuts. Each iteration for a given vertex, the algorithm
finds the optimal cutting plane which appropriately describes its local rota-
tional symmetry. The ROSA point is computed and all the vertexes on the
optimal cutting plane will be anchored. The cuts end until all the points are
anchored. For joint area where it lacks symmetry, a post-processing of thin-
ning and re-centering are applied to obtain more meaningful skeletal points.
An example in practice of how it further completes the incomplete area and

traces the neuron is shown in Fig 4.1
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4.3 Evaluation

4.3.1 Experiment Settings

Dataset Description: As mentioned above, our dataset consists of raw
images with size of 643 , their corresponding foreground labels and recon-
structions (SWC format). We use different combination of these data to

train and test for different purposes:

e The raw images along with their foreground labels are for training and

testing the OccNet and other CNN for comparison.

e The raw images along with the reconstruction (SWC format) are for
testing the whole tracing approach, compared with other existing trac-

ing methods.

Implementation and Training Details: The OccNet model is imple-
mented via Pytorch and trained on a NVDIA GeForce RTX 2080 Ti graphic
card. The dataset samples are split into 42000 for training and 8000 for test-
ing. Duringf training, 1024/1024 positive/negative points are equally sam-
pled. We employ Adam Optimizer with learning rate Ir = 1074, 8, = 0.9,
Ba = 0.98, and ¢ = 107%. The model reaches a stable score after approx-
imately 50 epochs. And the best model with highest evaluation score was
recorded for comparison experiments in the next stage.

Evaluation Metrics: To evaluate the performance of the whole workflow

and OccNet, we adopt two different metrics:

1. The Intersect over Union (IoU) score is adopted to evaluate the outputs

of segmentation methods, compared with the ground-truth.

2. The neuron distance metric is exploited when compared the final re-
construction (SWC format) with the correspondingly ground-truth re-
construction. Specifically, three distances scores defined in (Peng et al.

2010a) are calculated as:
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(a) The entire structure average: it first calculates the minimal spa-
tial distance between each pair of two nearest nodes from recon-
struction and GT, and then averages all these reciprocal minimal

spatial distances.

(b) different structure average : it only sums those reciprocal distances
that are larger than 2 voxels, since the difference less than 2 voxels

is hardly distinguished visually.

(c) percentage of different structure: it calculates the percentage of
pairs of nodes whose reciprocal minimal spatial distances are more

than 2 voxels.

4.3.2 Comparison Experiments

OccNet Evaluation: We compare the performance of OccNet with Unet (Ron-
neberger et al.|2015) and Attention U-net (Oktay et al.|[2018) with different
design of loss function e.g. Dice Loss (Sorensen||1948)), Focal Loss (Lin et al.
2017) and clDice loss (Shit et al. 2021). We train different models on the
42000 split of training dataset and test it on the 8000 split of test dataset.
Considering the sufficiently large dataset, the risk of overfitting is greatly re-
duced. Table[4.1]shows the score. A qualitative result is shown in Fig[4.5] the
threshold used for making the binary map is 0.5 . Considering the extreme
imbalance of the class in neuronal image (0.1%), the prediction of other net-
work is prone to be false negative, while OccNet significantly improves the
prediction accuracy and tackles the problem. The significant improvement
compared with CNN-based U-Nets can be ascribed to the natural difference
of network structure between occupancy network and CNN-based U-Nets.
CNN-based U-Nets consist of an encoder-decoder scheme and the 3D shape
is represented discretely (e.g. voxels in our case), while occupancy networks
implicitly represent the 3D surface as the continuous decision boundary of a
deep neural network classifier. This makes occupancy networks more capable
of capturing weak or punctuated signals.

OccNet+Tracing Evaluation: Exploiting the same strategy as in (Li et al.
2017) and (Zhao et al.|2020), we processed segmentation through OccNet and
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Model IoU( 100)

U-net 6.12
U-net with Dice Loss 6.56
Unet with Focal Loss 6.04
U-net with clDice Loss 7.95
Attention U-net 9.44

Attention U-net with Dice Loss  10.01
Attention Unet with Focal Loss ~ 9.46

Attention U-net with clDice Loss 12.62
OccNet 35.22

Table 4.1: OccNet compared with other segmentation Network

Figure 4.5: A qualitative comparison of segmentations. From left to right:
raw image, ground-truth segmentation, segmentation via U-net, segmenta-
tion via Attention Unet and segmentation via OccNet.

fuse the generated mask with the raw image by equal weight as:

F(z)=al(z) + (1 — a)P(x) (4.4)

Different tracing methods, APP2 (Xiao and Peng [2013), SmartTrac-
ing (Chen et al. 2015) and Neutube (Feng et al.|2015) are run on the fused
image to see if the performance improves compared with that merely run on
the raw image. To obtain a fair result, since these traditional tracing meth-
ods require careful parameter tuning, we use more than 5 set of parameters
to find their optimal reconstruction result. Table [4.2] shows the neuron dis-
tance score compared with the ground-truth reconstruction. Fig shows a
qualitative comparison. According to the results, most of the tracing meth-

ods have a better performance combined with OccNet.
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Figure 4.6: A qualitative comparison of OccNet+Tracing methods. From left
to right: Raw image, Ground Truth Reconstruction, APP2, OccNet+App2.
All the reconstructions are visualized via Vaa3d (Peng et al. [2010b).

) Entire structure Different structure % of different
Tracing methods

average average structure
APP2 10.0591 18.5326 0.5349
OccNet+APP2 4.1022 4.3812 0.2156
SmartTracing 21.5022 24.2611 0.6458
OccNet+SmartTracing  5.6247 5.9147 0.4586
Neutube 11.4993 12.4576 0.4851
OccNet+Neutube 3.7645 3.9515 0.1842
Our method 3.4471 3.6753 0.1883

Table 4.2: A comparison of our method with other tracing methods and
OccNet+ Methods.

OccNet+Curve Skeleton Extraction Evaluation: we generate the skele-
ton with our whole workflow and compare it with OccNet plus any other trac-
ing methods. The result is shown in Table 4.2] and Fig[4.7] gives a qualitative
comparison. According to the previous experiment, OccNet can largely im-
prove the performance of other existing tracers, and our proposed method
which embeds OccNet with ROSA further outperforms these enhanced trac-
ing algorithms. Compared with GT, our method is more likely to generate

accurate reconstruction in terms of different structure and neuron distance.
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Figure 4.7: A qualitative comparison of our method with other tracing ap-
proaches. Note only skeletons are shown for better view. Top left to right:
Raw image, Ground Truth, Occ+APP2, Bottom left to right: Occ+ Neu-
tube, OccNet+SmartTracing, Our method.

4.4 Discussion

According to the experimental results, OccNet significantly increases the pre-
diction accuracy of foreground in neuronal image, address the disadvantages
of high-class imbalance. It can be ascribed to implicit representation of 3D
shape by occupancy network. Along with OccNet, any other existing tracing
methods achieve greater performance. Results also prove the effectiveness of
our method, by surpassing most of the existing tracing methods in terms of
neuron distance. However, according to our observation during the experi-
ments, in some cases, some fine geometric details are missed, which requires

further improvement.
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4.5 Summary

In this chapter, we propose a novel approach for 3D neuron tracing. Our
target is to tackle major obstacles in neuron tracing, which are weak or punc-
tuated signals and close but irrelevant signals. Our solution is to enhance the
image segmentation to capture relevant signals while discriminate irrelevant
signals. However, the extreme imbalance of foreground/background classes
in neuronal images has greatly limited the process, making any segmentation
prone to false negative. Accordingly we propose a deep learning model based
on occupancy learning to resolve the problem. Followed by a curve skele-
ton extraction, the method is able to trace complete neuron structure from
highly sparse images. Experiments show that our method surpasses most of
existing tracing methods in terms of accuracy and neuron distance score. A
direction of future work is to further revise the occupancy network to enable

its ability in fine geometry.
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Chapter 5

Automatic Neuron Tracing via
Learning Topology-Preserving
Skeleton Extraction

5.1 Introduction

Neuron tracing or reconstruction, is a key step for characterising the 3D neu-
ronal morphology, which is essential to understand how brain functions (Ac-
ciai et al.[2016). In decades, the tracing has been mainly processed by human
labour. However, in recent years, the advancement of optical microscopy
imaging technique have enable a burst generation of huge amount of high-
resolution image data, with ultra-volume size. To analyse such amount of
data at micron level becomes even more time-consuming, tedious and error-
prone for manual processing. Therefore, it is highly desired for automation
in the research field to accelerate and standardise the tracing process.

In last decade, several semi-automatic or fully-automatic tracing methods
have been developed. These methods achieve varying degree of success tack-
ling different specific obstacle, such as noisy background (Peng et al. 2011a),
weak signal (Li et al./|2019). However, according to our quantitative analysis
in Chapter |3, these methods are prone to fail in areas with irrelevant sig-
nal nearby, or where weak signal and punctuated signal occur. These issues
limit further improvement on current tracing performance. One reasonable

method to address is to enhance the image segmentation, as we proposed in
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Chapter Although with a more accurate performance, the method still
traces neuron in a multi-stage manner, like most of other existing methods.
In such multi-stage approach, the whole performance highly relies on the im-
age segmentation result and the tracing procedure alone cannot be improved
during training. Error in the segmentation will be accumulated in the later
tracing process, while error in the tracing cannot be back-propagated to the
previous stage for optimisation. Therefore, learning neuron tracing directly
from raw image is a potential solution to further tackle the obstacles and
improve the performance.

In recent years, skeleton extraction has achieved great breakthrough with
the application of deep learning techniques. Several deep learning based
methods are proposed for skeleton extraction from a variety of data input,
such as RGB image (Shen et al.|[2016, Ke et al. 2017, |Liu et al. 2018, Wang
et al. 2019¢, Zhao et al.| 2018 Xiao et al. 2019, Tang et al.|2021), binary
image (Wang and Liu 2018, Nathan and Kansal|2019) , and point cloud (Qin
et al. 2020, [Chaudhury and Godin| 2020, Nie et al. 2020). The success of
these application has motivated us to extend its use to neuron tracing from
3D image voxels, to leverage the great modeling capacities of deep learning.

In this chapter, we propose an deep learning approach to trace neuron
directly from an input 3D volumetric image data. We propose an encoder-
decoder convolutional neural network (CNN), with deforming line primitives
to form skeleton. With a designed regularised loss function, the topology
of skeleton is well-preserved, overcoming the critical obstacle of false tracing
to a nearby but relevant signal. We evaluate the algorithm using our gen-
erated dataset mentioned in Chapter 4| and a public dataset i.e. BigNeuron
by comparing it with existing methods as well as our proposed method in
Chapter [4l The experimental results show it outperforms other approaches
and achieve state-of-the-art performance.

In summary, we claim our contribution as following:

e We propose a novel deep learning model for neuron tracing. To our best
knowledge, it is the first attempt to learn skeleton extraction directly

from a raw 3D volumetric image.
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e We design a set of deforming line primitives and a regularised loss func-
tion to preserve topology, overcoming the critical issue of false tracing

caused by close but irrelevant signal.

e We conduct thorough experiments to compare our approach with coun-
terpart methods on different datasets. The experimental results mani-

fest its robustness by achieving state-of-the-art performance.

5.2 Methodology

5.2.1 Data Collection and Preparation

We use the datasets generated and curated in Chapter [4.2.1 to train and
validate our proposed learning model. Since the model does not involve
image segmentation and output skeleton directly, the reconstructions are
maintained in SWC format to leverage the natural presentation of skeletal
nodes.

To further evaluate our method in a more general case, we use the public
BigNeuron (Peng et al.[2020a) dataset for training and testing. The dataset
has 166 gold standard reconstruction with corresponding optical microscopy
image stacks, from a variety of neuron types, brain regions and species, with
image size range from 256 x256x 64 to 2000x2000x1000. We uniformly sam-
pled the image and reconstruction in the same way as in Chapter[4.2.1 to gen-
erate image/trace pair with same block size 643.Since the images are highly
sparse, only 3422 image blocks with reconstruction are obtained. After image

augmentation, 17110 samples are generated.

5.2.2 Learning Topology-Preserving Skeleton Extrac-
tion

Given an input volumetric image I, our proposed network is trained to ex-
tract the skeletons directly. Since the skeletons in neuron tracing is funda-
mentally represented as undirected tree, learning such tree from image I is
computationally complex and costly. However, we are acknowledged that the

skeleton of neurite satisfies geometric constraints to form a regular shape.
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Therefore, we transform the problem into learning a set of pre-connected
skeletal points from a series of input line primitives, thus making the skele-
ton extraction a standard point set regression problem.

Overall Network Structure The structure of our proposed deep neural
network for neuron tracing is illustrated in Fig 5.1l An input volumetric
image is fed into a 3D encoder to produce a latent vector. Then a set of
points are sampled from line primitives, which along with the latent vector
are fed into the multilayer perceptron (MLP) decoder to form the skeleton,
where we design a regularised loss function to constrain the shape of the

reconstruction. Details will be given in the later sections.

Decoder

Multilayer Perception (MLP)

Line Primatives

Volume
Encoder Latent Vector

Input Volume 3D ResNet

Skeleton
Prediction

Figure 5.1: Network structure of our proposed deep neural network. Given
an input volumetric image, the model is trained to regress a set of skeletons.

Shape Encoding The proposed network starts with a 3D convolutional
voxel encoder to produce a m-dimension latent vector f;y € R™ representing
surface shape of the objects in I, which is then used as input of the module
for leaning skeleton, which is a point set K = {p, € R*}'',, where n;, denotes
the number of points.

decode a skeleton Learning I from the latent vector f7 is a standard point

set regression problem. Specifically, we define a set of 1D primitives of line
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segment [0,1]. For each 1d primitive, we regularly sample points on it. Giving
a sampled point p, € [0, 1], we first map it to n-dimension space via a MLP

pp with parameter 0 as :

vo (P;) = [ €ER" (5.1)

Then fr and f,, are concatenated and fed into another MLP ¢/y/ with

parameter 6/ to decode a point location in 3D space:

oo (fo, ® f1) = p; € R? (5.2)

A simple illustration of the process is shown as Fig[5.2

Latent shape Generated
' 3D point
representation
—>| MLP |[——
sampled
1D point

Figure 5.2: A simple illustration of decoding a skeleton. The input is a latent
vector representing a shape and a sampled points on 1D line primitive.

Then we calculate the loss between a deformed sampled point and its
corresponding skeleton points via a designed regularised loss function.
Regularised Loss Function Distribution of skeleton points satisfies geo-
metric constraints that prevent them from free positioning in the 3D space.
To further maintain the spatial relations between consecutive points and pre-
vent irrational deformation to cause incorrect shape, we design a regularised

loss function as:

Ld) - Lcd + /\lLsmoothness + >\2Ledge (53)
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with

_ . ok 2 . o 2
L= ) min [lp—p"l; + > min |[p — p*l, (5.4)
pEP p*ep*
2

1 /
Lsmoothness = Z D — |N(p)| Z D (55)

peP P'eEN(p) ||,

Ledge = Z Z Hp - leg (56)

p p'eN(p)
where Equation is the loss term defined by chamfer distance (Watson

and Gupta|1997), which is to regress the sample points close to its correction

position on skeleton. P and P* denote point sets on line primitives and
ground-truth skeletal point sets respectively. Equation represents the
laplacian smoothness (Field| [1988) for regularisation, where N (p) denotes
neighbouring points of point p € P on the line primitive. Equation s
the loss term defined by edge length for regularisation, to penalise flying
points causing long edge and preserve the shape. The overall loss function
is weighted sum of all three losses as Equation [5.3] with hyperparameter A
and Ay. This loss design is similar to that of (Wang et al. 2018).
Redundant Node Pruning In inference, there is an issue that the number
of points sampled from the line primitives are not perfectly matched to the
number of nodes on a skeleton. Our strategy to address this issue is we train
our model with a maximum sample points number, and prune the redundant
node post inference. The pruning method is similar to that used in (Peng
et al. 2011a).

First, the radius of every node on a skeleton is estimated by an range
growth method. The method defines a sphere centred at a node and then
grows gradually by a step of 1 voxel size, until 0.1% of the image voxels
within the sphere are background voxels, which have lower intensity than
the average intensity of the whole image. We go through every node on
the generated skeleton, and remove those being heavily covered by other
remaining nodes, as illustrated in Fig [5.3] After pruning, the neighbouring

nodes of the removed node are connected to maintain the topology. Thus
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we generate a simplified reconstruction with minimal nodes covering the full

neuron region.

(1) (11)

Figure 5.3: A simple illustration of redundant node pruning. Blue and red
dots: nodes. Dotted circle: cover range of a node, according to its radius.
(i) the red node will be kept (ii) the red node will be removed.

5.3 Evaluation

5.3.1 Experiment Settings

Dataset Description For evaluation using our curated dataset, we split
42,000 samples out of 50,000 for training and the remaining 8,000 for testing.
For the BigNeuron dataset, we split 14374 samples for training and 2736
for testing. Note that our curated dataset originates from 1000 ground-
truth reconstructions on whole mouse brain images. To further evaluate our
method in ultra-volume image data on full morphology reconstruction, we
test it on the same whole mouse brain images for another 200 neurons and

compare the result with ground-truth reconstruction.
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Implementation and Training Details For our proposed network, 3D
ResNet18 (He et al. 2016, Hara et al. 2017) is utilised as the volumetric image
encoder, which produces latent vector with dimension 512. The decoder to
map the sample points to high dimension is MLP with 3 fully-connected (FC)
layers, with respective 3, 64, and 128 neurons, ReLLU activation is applied for
the 3 layers. The decoder to decode the skeleton is MLP consisting of 4 FC
layers, with respective 640, 256, 128 and 3 output neurons. ReLU activation
is applied for the first 3 layers and tanh activation for the last layer. 30 line
primitives, with 100 sampling points on each line are utilised as a side input
to the decoder to form the skeleton. We set the weight in Equation A1
and Ay as 0.3 and 0.1. We employ Adam Optimiser (Kingma and Ba/2014)
with learning rate lIr = 10-3 for 100 epochs. The model is implemented via
Pytorch and trained on a NVDIA GeForce RTX 2080 Ti graphic card.

Evaluation Metrics To evaluate the performance of our neuron tracing

methods, following metrics are employed in our comparison experiments:

1. The neuron distance metric is exploited when comparing the final re-
construction with the correspondingly ground truth (GT). Specifically,

three distances scores defined in (Peng et al. 2010a) are calculated as:

(a) The entire structure average: it first calculates the minimal spa-
tial distance between each pair of two nearest nodes from recon-
struction and GT, and then averages all these reciprocal minimal

spatial distances;

(b) different structure average : it only sums those reciprocal distances
that are larger than 2 voxels, since the difference less than 2 voxels

is hardly distinguished visually

(c) percentage of different structure: it calculates the percentage of
pairs of nodes whose reciprocal minimal spatial distances are more

than 2 voxels.

2. The neuron length metric is also employed. Specifically, two length

score are defined as:
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(a) overall length score: it calculates the ratio of the length of recon-
structed trace to that of GT (Zhang et al.[2007b).

(b) correct length score: it calculates the ratio of the correct portion of
length reconstructed to that of GT (Wang et al. 2011, Dietenbeck
et al. 2014).

5.3.2 Comparison Experiments

Comparison on Curated Dataset We compare our method with previ-
ously presented method in Chapter [4| and other deep learning methods in (Li
et al. [2017, |Zhao et al. [2019) using distance metrics. A quantitative result
is shown in Table [5.1] and a qualitative comparison is shown in Fig Ac-
cording to the results, our methods improve the tracing performance in all
three domains and achieve state-of-the-art result. Note that in Fig[5.4] al-
though close but irrelevant signal occurs, our method generates the correct

trace without yielding an unreasonable shape like other tracers.

. Entire structure Different structure % of different
Tracing methods

average average structure
Method in Chapter.4 3.4471 3.6753 0.1883
Li et al. 2017 3.9975 4.1853 0.2658
Zhao et al. 2019 3.6517 4.0125 0.1984
Our method 3.2143 3.4746 0.1751

Table 5.1: Comparison with other deep-learning based methods.

Comparison on full morphology reconstruction to evaluate our method
on full morphology reconstruction in whole mouse brain images, we integrate
our method with Ultratracer to extend its applicability in such large-scale
data. We test it on 200 neurons, and calculate the reconstructed length
ratio as well as corrected length ratio, by comparing with GT. The quanti-
tative result is shown in Table and a qualitative comparison is shown in
Fig According to the result, compared with existing tracing methods,
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Figure 5.4: An example of comparison of tracing performance in area where
close but irrelevant signal occurs. From top left to bottom right: GT, method
in Chapter.4, Zhao et al.2019, our method. Note that in the arrow-pointing
area, our method avoids a sharp turn or branch merging.

our proposed method is able to generate more meaningful reconstruction in
extensive range.

Comparison on BigNeuron Dataset we further evaluate our method us-
ing the public dataset from BigNeuron. We compare the generated results

with the other tracers in distance metrics of entire structure average, dif-
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GT Neutube APP2 SmarTracing Our Method

Average Length 175180 23185 18534 19647 29573
Ratio of length to GT 1 0.132 0.106 0.112 0.169
Correct Length 175180 17197 12423 16545 24396
Ratio of correct Length to GT 1 0.098 0.071  0.094 0.139

Table 5.2: A quantitative comparison result of our proposed method on full
morphology reconstruction. All mentioned methods are applied within the
Ultratracer framework.

Method Entire Structure Average Different Structure Average % of Different Structure
APP2 6.063 9.079 0.496
Neutube 12.741 21.379 0.434
SmartTracing 10.43 13.43 0.547
Li2017 4.917 7.972 0.461
Zhao2019 4.714 9.458 0.428
Ours 4.558 8.514 0.405

Table 5.3: A quantitative comparison with other tracers on BigNeuron
Dataset

ferent structure average and percentage of different structure. The result is
demonstrated in Table and Fig illustrates a qualitative comparison.
The result shows that our method has achieved state-of-the-art performance,

in a more general case across different neuron types and species.

5.3.3 Hyperparameter Search

The number of lines and number of points sampled per line are so important
as they greatly affect the performance that they require a careful setting.
Hence we conduct an experiment to quantify the effect of these parameters.
We choose 4 different sets of number of lines and number of points per line and
train each of them for 100 epochs on curated test dataset as in section [5.3.2.
Time consumed of each epoch and neuron distance score compared with GT
are recorded. The result is shown in Table[5.4l According to the result, small

number of lines and sampled points result is trained faster but the accuracy is
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‘ Number of Lines and Sample points ‘ Entire Structure Average ‘ Different Structure Average ‘ % of Different Structure ‘ Time per epoch (seconds

| 30, 50 | 35143 | 4.0265 | 0.212 | 68

| 30, 100 | 32143 | 3.4746 | 01751 | 163

| 30, 150 | 32141 | 3.4735 | 01743 | 2795

)|
|
|
|
|

| 40, 150 | 3214 | 3.4735 | 01742 | 421

Table 5.4: A numerical comparison of how number of lines and sampled
points affect the performance.

low. While large number of lines and points improve the accuracy, but after
a certain point, the improvement becomes minor whilst the time consumed
is significantly increased. This could be ascribed to the implementation of
Chamfer loss in Equation [5.4] which has a compute cost that is quadratic
in the number of input points. Considering the practical implementation,
we choose 30 lines and 100 sample points per line as our default parameters

through the whole comparison experiments.

5.4 Discussion

According to the experimental results, our proposed method has further im-
proved the accuracy of automatic neuron tracing and achieves state-of-the-art
performance on a variety of neuronal images with different. The effective-
ness of our method is highly attributed to the learning model which directly
extracts skeleton from volumetric image data, without error accumulating in
different stages. Moreover, the design of line primitives as side input for de-
coding and the regularised loss function well preserve the topology of neuron
tree. The design targets to the main obstacle in automatic neuron tracing,
which is the close but irrelevant signals, as we discussed in Chapter [3, The
improvement on tracing result proves the correctness of our analysis and

discussion.

5.5 Summary

In this chapter, we propose a novel approach for 3D neuron tracing. Our tar-

get is to overcome the main obstacle in neuron tracing, which is the close but
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irrelevant signals. Our model is designed to learn to directly extract skeleton
from volume image, along with a design of line primitives and regularised
loss function to preserve the topology. Experiments show that our methods
achieve state-of-the-art performance. A direction of future work is to work
on combine our work in Chapter 4] with Chapter p| to enable learning from
a enhanced image by occupancy network, which might further improve the

accuracy.
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Figure 5.5: A qualitative comparisorz 9of our proposed method on full mor-
phology reconstruction from whole mouse brain image. Only skeletons are
shown for better visualisation. Red:our method. Blue: GT. Green: Ultra-
tracer+APP2. The reconstructions are intentionally displaced for best view.



Figure 5.6: A qualitative comparison of our method with other tracers on
a mouse retinal ganglion cell image from BigNeuron dataset. From top left
to bottom right GT, Li 2017 et al, Zhao 2019 et al, our method.
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Chapter 6

Conclusion and Future Work

In this chapter, we summarise our works and conclude the thesis. We also
discuss the possible directions of future work to further improve on the re-
search field.

6.1 Conclusion

This thesis targets at developing efficient and fully-automatic method for
neuron tracing from optical microscopy image. In order to achieve this goal,
we accomplish a few of works including data generation, failure analysis and
algorithm development.

To prepare sufficient amount of data for neuron tracing algorithm devel-
opment, we propose a pipeline for complete morphology reconstruction of
single neurons. The pipeline consists of four stages as initial reconstruction,
semi-manual reconstruction, cross-check and automatic refinement. Specif-
ically, we propose a novel approach for the automatic refinement stage, by
a 2-time optimal path finding and deformation, which leads to a final stan-
dard reconstruction with trace adhering to the centre of the neuronal signal.
Following the pipeline, we manage to generate more than 2,000 standard re-
constructions, which significantly eases the limitation of available data in the
research field. With the data acquired, we conduct a systematic and quan-
titative failure analysis regarding existing automatic tracing approaches, to

acknowledge the main obstacle toward a more efficient and accurate trac-
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ing method. The analysis starts from a false sample collection, in which
stage we establish a workflow and produce more than 10,000 samples for in-
spection. Then we manually check and classify the false samples into types
according to the false appearance and the possible cause. The quantitative
result indicates that the main obstacles in neuron tracing are the close but
irrelevant signals, as well as weak and punctuated relevant signals. To our
knowledge, the systematic and quantitative failure analysis is the first at-
tempt in the research field and it determines the direction and target in our
tracing method development in later stage. The details of data generation
and failure analysis are presented in Chapter

To overcome the aforementioned obstacles and achieve a superior trac-
ing performance, we propose a fully-automatic neuron tracing method via
occupancy learning and curve skeleton extraction. The idea is to enhance
the image segmentation to capture weak and punctuated signals while dis-
criminate irrelevant signals. Therefore we employ a deep neural network
to learn an occupancy function to determine a continuous decision bound-
ary which represents the surface of a neurite. Along with a balanced fore-
ground /background input points sampling strategy, the occupancy network
addresses the extreme class imbalance problem in neuronal image, and cap-
tures relevant signals efficiently. We also apply a curve skeleton extraction
algorithm to trace the neurite. Leveraging the symmetric property from the
cylindrical shape of the neurite, the approaches can refine any incomplete re-
construction where punctuated signal occurs. We train and test our method
using a carefully curated dataset partitioned from reconstructions in Chap-
ter. 3. The experimental results show that our proposed occupancy network
largely outperforms existing deep learning models for image segmentation in
terms of IoU score. And the whole tracing approach outperforms existing
tracers in most terms of neuron distance metric. The details of the proposed
method are discussed in Chapter

Taking one step further from the previously proposed method in Chap-
ter |4, we propose a fully-automatic neuron tracing method via learning a
topology-preserving skeleton extraction. We aim to tackle the main obstacle

i.e. irrelevant nearby signals in neuron tracing. Although the enhanced image
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segmentation in previous method addresses this issue to some degree, it still
remain a main challenge in automatic neuron tracing. Therefore, we propose
an novel learning model to directly extract skeleton from the input optical
microscopy image data, without any error accumulation occurring in other
multi-stage methods. The network is designed in an encoder-decoder struc-
ture. A 3D convolutional based encoder is employed to learn latent shape
encodings of the neuron, and with the latent feature vector, a multilayer
perceptrons (MLPs) based decoder learns the deformation from a set of line
primitives to form the skeleton while maintain the topology. A designed reg-
ularisation loss function further constrains the geometry of a neurite, which
prevents the skeletal point from moving freely to form an unreasonable shape.
In inference, we also add a node pruning procedure to remove any redundant
skeletal points and obtain a simplified reconstruction with minimal nodes
covering the full neuron region. We train our method using the dataset gen-
erated in Chapter , as well as a public BigNeuron (Peng et al.[2015) dataset
separately. The experimental results indicate that our method significantly
outperforms existing methods, in cases of partial reconstruction on cropped
3D image block, full morphology reconstruction on whole mouse brain image
and complete tracing on BigNeuron dataset, in different terms of neuron dis-
tance and length metrics. The details of the proposed method are presented
in Chapter

6.2 Limitations and Future Work

Further improvement on fine geometry As we presented and discussed
in Chapter [4) we adopted an occupancy network to learn an continuous rep-
resentations of 3D geometry for neuronal structure in volumetric image, and
achieves superior accuracy in neuronal image segmentation. However, its
performances in some fine and detailed area are unsatisfactory. The issue
derives from a common limitation of this kind of occupancy network, which
is the simple fully-connected structure. The fully connected network is inca-
pable to integrate local information in the image voxels, or to incorporates

inductive biases so yields in more general cases. This has degraded their
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performance on structured reasoning (Peng et al. 2020b). In recent stud-

ies, some revised occupancy network (Jiang et al./|2020, Chibane et al.|2020)

have been introduced to reconstruct more complex shape by preserving fine
geometric details. The key idea of these methods is to use a convolutional
volume decoder, exploiting the spatial translation equivariant property of
convolutional neural network (CNN). A typical structure of a 3D convolu-
tional volume decoder is illustrated in Fig|[6.1] For a given 3D feature volume
encoded by a 3D encoder, rather than directly decoding as in our method in
Chapter [4] the volume decoder processes the feature volume using 3D U-nets
to aggregate local and global information. For a query point p € R3, the
point-wise feature vector ¢ (x, p)is obtained via trilinear interpolation. Then
along with the feature vector, a query voxel at location p will be fed into a
smaller fully-connected network to predict the occupancy by fy(p, ¥ (p,x)).
These models show a superior experimental results in terms of 3D recon-
struction of indoor scenes and is promising to be extended to neuronal image

segmentation as a future work.
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Figure 6.1:  An illustration of a 3D convolutional volume decoder (Peng

et al. 2020D)).

Multi-Neuron Distinction In DIADEM and BigNeuron dataset, each im-

age only contains one single neuron for tracing but it is not the case in whole

mouse brain image. Although sparsely labelled, an average amount of 2000
neurons are imaged in a whole mouse brain, resulting in numerous areas with

densely packed neurons. An example is shown in Fig In such area, most
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of automatic tracing methods will fail. An intuitive approach to distinguish
multiple neurons is to conduct an instance segmentation. However, they do
not have any semantic difference. We propose a method that could be imple-
mented in the future to potentially resolve this issue. In a multi-neuron area,
first we conduct a series of auto tracing, which starts from the soma location
of each neuron respectively. Since the tracing results from each neuron are
highly prone to overlap, we scan through each voxel location to records its
coverage. Any voxel which is covered by more than two reconstructed will
be fed into a classifier to determine its occupancy by a certain neuron. The
classifier can be a learned model, or a simple decision tree using features such
as a geodesic distance to each neuron, branch level on the reconstructed tree
and so on. An efficient multi-neutron distinction will extend the applicability
of any tracing method and help to generate more full morphology data of

single neurons.

G

P~
:\y_'x-». " .“.

Figure 6.2: A failed example of neuron reconstruction in densely packed
areas. Left image: the original image. Right image: a false reconstruction,
with branching overlapping signals from adjacent neurons.

Multi-scale learning Due to the limitation of computation and memory,
the image samples to train our proposed learning model are constrained

to a relatively small size. Compared with the actual size of a neuron in
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its full morphology, it definitely loses some degree of global information.
Since the whole mouse brain image is converted to an octree structure with
muliti-resolution in TeraFly (Bria et al.|[2016) it motivates us to implement
a multi-scale learning as a further improvement for neuron reconstruction.
Fig [6.3| gives an overview of a multi-scale learning model (Chibane et al.
2020), given an input, it computes a 3D grid of multi-scale features, encoding
global and local properties of the input shape. Then a set of deep features
Fi(p)...F,(p)is extracted from the grid at location p. A learned point
occupancy decoder then takes these features to determine the occupancy of
the point p. The original method takes a single voxel grid as input, encoded
by a series of multi-dimension encoders. But it is possible for us to take
a series of multi-resolution images as inputs, such as the multi-resolution
images converted by TeraFly, and encode it using a series of fixed-dimension
encoders to obtain the same deep features. Then we can better exploit the

global shape information toward a better reconstruction.

F, ®p Fi(p)

local

F, Ry Fy(p) f 0.1

global

Fn ®p Fn (P)

learned, multi-scale point encoding learned point occupancy decoding

Figure 6.3: An overview of a multi-scale learning network (Chibane et al.
2020).

Biological information exploit Neurons of a certain type share some com-

mon biological characteristics, which can be further exploited as a topological
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constraint for reconstruction. Some quantitative measurement, such as num-
ber of bifurcations, path length, ratio of the diameter between a father and
its child branch can be either introduced to define a loss function term or a

in-time evaluation metric during tracing.
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