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Reconstruction of neuronal morphology from images invoh&mainly the extraction of
neuronal skeleton points. It is an indispensable step in theuantitative analysis of
neurons. Due to the complex morphology of neurons, many widg used tracing methods
have dif culties in accurately acquiring skeleton points @ar branch points or in structures
with tortuosity. Here, we propose two models to solve these poblems. One is based on
an L1-norm minimization model, which can better identify tduous structure, namely,
a local structure with large curvature skeleton points; thether detects an optimized
branch point by considering the combination patterns of alheurites that link to this
point. We combined these two models to achieve optimized skketon detection for a
neuron. We validate our models in various datasets includinMOST and BigNeuron.
In addition, we demonstrate that our method can optimize thetraced skeletons from
large-scale images. These characteristics of our approaclindicate that it can reduce
manual editing of traced skeletons and help to accelerate #naccurate reconstruction of
neuronal morphology.

Keywords: Lasso-based model, neuronal morphology reconstru
branch points

ction, neuronal image, model optimization,

INTRODUCTION

Neuron reconstruction is an important technique in many aeaf brain research to identify
neuron types, examine neuronal connections, or investigateonal circuits. It has therefore been
a focus of neuronal image analysis for yeaii{ering, 2010; Lu, 2011; Peng et al., 20Neuron
reconstruction is essentially an extraction of connectkeleton points from a brain imaging
dataset Parekh and Ascoli, 2013; Li et al., 2)1Skeleton points are divided into three classes:
branch points, intermediate points, and terminal points. A®&es of advances have been made in
molecule labelingl(uo et al., 2008Jgolini, 2010; Je eris and Livet, 20)l&nd imaging techniques
(Ragan et al., 2012; Silvestri et al., 2012; Gong et al., 2016, Osten and Margrie, 2013; Liu et al.,
2017, nowadays, nearly the complete morphology of a neuron can hehied at the cellular
level in a brain imaging dataset. However, automatic gdi@raf accurate skeleton points faces
di culties, which originate from two typical morphological mperties of neurons. One is that the
neuronal morphology includes the tortuous structures, inieththe curvature of skeleton points
is large. In addition, the radii and signal intensity varyoaflor neurites near branch points, which
form a complex morphology. These two features are commonly fonmeurons but cannot easily
be captured by a parameter model.
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Lietal. Optimization of Traced Neuron Skeleton

In neuron reconstruction, many methods focus on tracingde nition to describe this optimal skeleton. However, it ésfsible
neurite segments in challenging cases, i.e., fuzzy or hrokdor us to improve the traced skeletons based on comprehensive
segments in noisy environments. Some best available mgthodonsideration of morphological features in tubular struetsi,
are listed here, such as graph-based modet\{ et al., 2011; such as its tortuosity, signal intensity, and radii changesind
Turetken et al., 2011; Basu et al., 2013; De et al., )201tocal branch point. Based on this information, we presented
principle curve models Kas and Erdogmus, 2011; Li et al.,two optimization models to identify intermediate points and
2016; Quan et al., 20),6iterative back-tracking Lju et al., branch points from the initial skeletons. For the rst model,
2019, optimization models Zhao et al., 2011; Skibbe et al.,we analyzed the morphological characteristics of neurites an
2019, minimal path approaches.ge et al., 2012; Yang et al.,found that tortuous elements are sparsely distributed. Here,
2019, learning structured featuress( et al., 201)7etc. These the sparsity indicates that no or few skeleton points in a
methods can automatically extract skeleton points and bnamz ~ segment have a large curvature. Inspired by the Lasso method
points, which drop into three-dimensional tubular region in (Tibshirani, 1996; Tibshirani et al., 20Q%e constructed an L1-
neuronal images and construct the geometrical structurthef norm minimization model Candes et al., 20)8or detection
neuron. Most of these methods behave well in the reconstncti of optimized intermediate points. For the second model, we
of sparsely distributed neurons. A few of methods involve irconsidered that the real structure of neurites around btanc
identifying individual neurons in the presence of packed s points can be decomposed into three skeleton pieces. Any two of
(De et al., 2016; Quan et al., 201However, for most of these these decomposed elements can be combined into a new skeleton
methods, the smoothness of a neurite is an important premisand all skeletons should contain the branch point. This basic
(Skibbe et al., 20)8and the branch point is often handled fact inspired our procedure for detection of optimized branch
after acquiring skeletons of neuriteB¢ et al., 2016; Radojévi points from the initial skeleton. Furthermore, taking theitial
et al., 201) This indicates that the accurate localization of thereconstructed skeleton of a neuron as input, we integrategeh
positions of intermediate points and branch points in tortuoustwo models and ran them on the original images. An optimized
neurites has barely been explored. In the reconstruction askeleton for this single neuron can be achieved. In our model,
neurons including tortuous structures, some commonly usedhe optimized skeleton is a solution to the optimization madel
methods Rodriguez et al., 2009; Xiao and Peng, 2013; Quaand the points are shifted to regions with local maximums, \whic
et al., 201 fail to determine the accurate positions of the are generally considered as real skeleton points. This mesani
skeleton points in some neuronal structurésgures 1A,B. This  ensures that the optimized skeleton is closer to real stractur
decreases the accuracy of a morphological analysis and leadsather than initial skeleton. We demonstrate the performance
di culties in making conclusions. of the presented method by identifying skeletons of neurons

A few methods have been proposed for correcting thevith tortuous structures and complex branch-structures. We®a
reconstructed skeleton to better re ect real morphologyr Fo applied our models to initial skeletons from public dataset$wit
example, Tsai et al. presented an e ective model-based methoaisy backgrounds, i.e., the BigNeuron projeet(ig et al., 20)5
for identifying optimized branch pointsisai et al., 2004Inthis ~ Furthermore, we demonstrated that our method uni es initia
study, the skeleton of a neurite is approached as a line in thekeletons derived by di erent algorithms applied to the same
least-squares sense and the branch point is re ned iterigti?z® dataset, thereby reducing the variability in the recondinrc
a point that is nearest to these lines. Vasilkoski et\&s(lkoski  provided by di erent algorithms. This may prove very helpful for
and Stepanyants, 200Built a method for automatically revising the morphological analysis of neurons.
the position of skeleton points including branch and internege

points. This method is based on the premise that the skeleton |
smooth and that the optimal path will, therefore, pass througtﬁAATERlALS AND METHODS

the high-intensity region in the image. In addition, wavele Deatection of the Optimized Skeleton of
transformation Qima et al., 200Pwas used for detecting the Reconstructed Neurons

optimized branch points. De et al. proposed a two-step tracin . .
P P prop b trac £frhe neuronal skeleton generated by reconstruction algorih
approach to address the segment crossovers based on the dlgra}ﬁ . L
ay deviate from real neuronal neurites in images, due to the

(r;a’glxt;:(;;ecs; thi?r:frg’ |2r\]/vfi1r[r(1:h(;(rjtzrr1]'[tlf3i/|sr;%;gzag(t:u;?t 2' Ol)g presence of tortuous neuritis, and the complexity of the branch
. P P : N structure. These factors will reduce the accuracy of neairon
Radojevic et al. developed a fuzzy logic-based system éztdet S .
branch points in 2-dimensional imageR#édoje\t et al., 2016 morphology quanti cations. In th.'s. case, we developed 'two
Radojevi’c and Meijering further adopted probability hypotises methods, b{.’ISEd on an L1-norm m|n|m|z§t|on mod§lk(sh|ran|
et al., 2005; Candes et al., 2))d8r optimized neurite skeleton

Itering to tackle a similar problem in 3-dimensional images . . i o
(Radc%}evfn and Meijering 2%])7 In summary, these methc?ds generation, and branch point detection. Descriptions of tve t
‘ ' methods are presented in the following two sections.

are reasonable and e ectively optimize morphologies in many
cases. However, the issue of fully considering the presehce o . Lo .
tortuous neurite segments and the complex structures arounPetection of the Optimized Neurite
branch points persists. Skeleton

In fact, it is hard to de ne whether a skeleton is the optimal The reconstructed skeleton of a neurite is composed of a
one to re ect the real tubular structure, due to lack of standl  series of sequential points identi ed by the tracing algomit
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Lietal. Optimization of Traced Neuron Skeleton

NeuronStudio

FIGURE 1 | Initial skeletons as determined by tracing algorithms in NeaGPS-Tree (red), NeuronStudio (yellow), and APP2 (gree®ejjuire optimization.(A) A dataset
with a tortuous neurite. The inserts show an enlarged view dhe blue squares in(A) and illustrate a sharp direction change of the neurite, whitinduces dif culties in
detecting the neurite skeleton;(B) The complex branch structure of neurites and the initiallyatculated corresponding skeletons. Inserts: The enlargediew in

(B) shows neurite structures and skeletons near the branch poinin more detail.

(Rodriguez et al., 2009; Peng et al., 2015; Quan et al).20T6  value corresponds tg; being in a smooth structure. The
detect the optimized neurite skeleton, it is necessary tsecond term implements the sparsity of tortuous structure,
accurately identify tortuous structures. Here, our sajuti namely, when minimize equation (1), no or few skeleton
is based on the following premises: tortuous neuritepoints have a large curvature and most of them approach
structures are sparsely distributed and most of the neuritgeros. The parametel in the second term controls the
morphologies remain smooth, analogous to a signal sequensparsity of the tortuous structure and high value indicating

of zero and non-zero values representing the smooth and strong sparsity. || ||f is the Ll-norm. The function
tortuous parts. This is a common situation that can beg(p) in this optimization problem (1) (Equation 1) is
handled by a Lasso-based modeTibshirani, 199%. In  given by

addition, we also considered that a skeleton point should |

maintain the maximum image intensity in its neighborhood X iip pijjzl
region. Based on these considerations, we designed our o(pi) D pexp —F5—- 2
Lasso-based detection model of the optimized skeleton, p23i 2
given by
Here, the index 3jis the neighborhood region of
(P2:P3,  .Pn 1) | the point p;, where p; represents the 3-dimensional
X 1 X 1 ' coordinates of this point. When the coordinate elements
D argmin a(pi) C 20 pi1 Ppict L (1) of p are integers,p is regarded as a voxelp has
P2P3.Pn 1 i iD2 the same denition asp. 9p) is the intensity at the
voxel p, || |l represents the L2-norm, ands is a
Here, solving the lasso-based model (Equation 1) is aBredetermined scalar.
iterative process. In this optimization process, we xed terali We further modied the Equation (1) into a constrained

points py and p, and updated pointp; between the terminal optimization problem given by
points iteratively. The optimized skeleton of the neurite is

represented by a_series (_)f poinpg, [ T 1 Pl
pn. The rst term in Equation (1) implements the search min jidiinC  op)
of local intensity maxima for a skeleton poipt (Fashing P2P3, Pn 1 =2 iD2 3

and Tomasi, 2005 In the second term, |B-pi 1-pici|| is subjecttodi D 2pi pi 1 pict

closely related to the curvature of the poppt Large value
of ||2pi-pi 1-pic1|| indicates that the pointp; is included in  The Equation (3) can then be converted into the following
a local tortuous structure of a neurite. In contrast, a smallbptimization problem with the augmented Lagrangian method
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Lietal. Optimization of Traced Neuron Skeleton

(Hestenes, 1969; Rockafellar, 1973 optimize the position of the current branch points. The specic
procedure was as follows:
_ xt o X! Before detecting the optimized branch point in a
rrr}‘l’g L(r.d.p) D , i C . 9(mi) reconstructed neuron, we searched for a branch point and
. D2 D2 extracted its related local skeletons, represente&b® (p11,
i b 4 P12....Pis.-. P1n) @nd S D (21, P22, ..., Pem), Wherepuds
_ .20 P11 Pcl d equal topp1 as the branch point. The skeletd@ contains the
";(21 branch point and can be decomposed into two segmehis
1 - - D (p11, P12,---,P1s) and S2 D (pis,-- ., Pin)- TO reduce the
C? - id o @p pi1 picaii3 ) computational costsn andn were set to 21 and 16, respectively.

These empirical values were used for extracting a local branch

The solution of Equation (4) can be e ectively obtained by theStructure that contains the target branch point and its agjsc
split Bregman algorithm@oldstein and Osher, 2009: Ye and Xie neurites. The values selection is based on a rule that thaaet
2019. The pseudo code that solves Equation (4) is shown ififormation is enough to optimize this branch point. In this
Table 1 This algorithm solves Equation (4) as follows: sense, large values indicate that unnecessary neuriteriafmn
The above procedure was carried out ve times to achievé included and arises the computation time. Small values tea
the optimal solution. The skeletons reconstructed by theitrg  insu cient information that reduces the optimization accacy.
algorithm are used as initial points for solving EquationWe chose these values based on the real size of branch sesictu
(4). Note that the number of iterations is an experimentalin general and they are xed in our algorithm. _
parameter. In our analysis, an increase in the number of The steps fordetecting a branch point were the following:

iterations did not improve the identi cation of the optimized Step(1) Adjust the skeletorS; with Equation (4), denoted by
skeleton (data not shown). S, . Perform a sample operation d& to assure that

Detection of the Optimized Branch Point the Euclidean distance between any two neighboring

resampled points equalsin.
The neuronal morphology can be modeled as a tree structur . .
. . tep(2) Convolute the resampled skeleton with a 3D Gaussian
When a neurite connects to another, it makes a contac

with one of its terminal ends, which can be regarded as template (sigma 1.73) and generate an image in which

. . . . o the signal intensities of all skeleton points are almost the
the branch point. Many tracing algorithms have di culties in same and biaaer than those of non-skeleton points
detecting the optimized branch point when the physical branc 99 P ’

point is surrounded by tortuous neurite structures or whenréteF(S) Amenq the brgnch pomp21 aqcordlng.to the model
Equation (5) in which the information from the

sudden changes in neurite diameter and signal intensityuiocc L .
(Figure 1B). We observed that in the proximity of the branch ;ﬁg\l/gl;gon image inStep (2) and the skeletorss,

point, the sparsity of tortuous structures can still be keptnedy, Step(4) Use Equation (4) to adjust the, skeleton pointspgs

no or few skeleton point of a neurite have a large curvature: accordinaly. with xed terminal point ’

In this sense, our model (Equation 1) can e ectively identify gf%'bé’&m 1 gy, pointg21
m-

this structure. In addition, the neurite branch structur® aften Step(5) Repeat Steps (3) and (4) until the position of
formed by three segments. Any two segments can form a new .
po1converges, which is denotedas.

neurite skeleton in which the bra_nch p0|r_1t is included. Th'SStep(G) Recombine skeletonS,and Sinto a single neurite
means that during the branch point identi cation, we should g
skeleton and useS;; as the other neurite. Repeat

'con5|.der all neurongl segments that link to the brgnch pOTm'. Stepq1)—(5) with these values, generating the branch
identify a branch point, we rst used, as described in the poergi point p
s

O e e et J27) Repesiep) to penrae he branch pois, o
9 ' 9 the recombined skeletonS;jand $ with S» as the

additional neurite.

The average position of the three determined pomis p;5, and

pis is regarded as the optimized branch point. $itep(2), we

While (terminal condition is not satis ed) do generated the synthetic data for detecting the optimizedhbtia

point. In this dataset, the signal intensities of all the skah

points have the maximum value. This ensures that the branch

d¢1 D argmin L(*,d,pkCl) D P i diji Llcrpl< rik,2pkC pkCl point can be located in the skeleton with a high probability. By
iD2 D2 contrast, in real images, branch points sometimes have lower

TABLE 1 | Pseudocode for solving Equation (4).

. Pl Pl
pC1 D argmin L¢*,d¥, p) D 0, 900C < .20 pi1 picy df >
I I

kC1
Pl r 1p'°1k 1' g signal intensities than other skeleton points, which lowdéesirt
ci oo U @t G pici3 chance to be identi ed in an experimental dataset. In addifim
RKCID pkC (2pkCl pkCL pkCly gkClipa o 1) the synthetic dataset;, the signal intensities a_lc_)ng _tbtetdm are
end while almost the same. This ensures that any position in the skeleton
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Lietal. Optimization of Traced Neuron Skeleton

can potentially be identi ed as a branch point with the sameMeasuring Morphological Features of a

chance when other factors are not considered. Thereforesed Neuronal Reconstruction

a synthetic dataset iStep(2) of the procedure for detecting For measuring the morphological changes before and after
(sigmaD 1.73) based on the fact that this kernel width shouldneyrites length, and local branching angle, and used soéwar
match with the radius of a neurite, namely 2.5mm (De Paola  amira to calculate them Stalling et al., 2005 When using

et al., 2006; Loopuijt et al., 200in general. In addition, the «gpatialGraphToLineSet” module in this software, the length
optimization position changes slightly in a wide range of Sl9M 4 eyery neurite segment can be automatically computed and

value Figure SJ. . ) o then the total length can be generated. In the calculation of
In Step(3), we improved the branch point positioning of the 5 branching angle, we used “3D angle” tool in the measuring
optimization model according to module. One middle point (branching point) is xed and two
i T T T local segments that directly link to the branching point are
Min g(Ppifur) C - (o Prifur) (Avzdvz C dvadvs ) manually determined. Both of the local segments have theesam
length (10mm). After nishing these settings, we can get the
(P Pifur) ) branching angle.

Here, g fuifur) IS calculated based on Equation (2) in the . )

simulation image that was generated Step(2). The pointp,, ~ G€Neration of Synthetic Datasets

denotes a reference point in the skelet8n This point meets We took the following steps to generate a dataset that inclades
the condition that the distance betweeg and any point in the  Synthetic neurite with tortuous structure.

skeletonS; is more than three times the voxel size. The xed (1) Generate a binary image: We rst generate a three-
orientation vectordviforms an orthonormal coordinate system dimensional image stack with predetermined sizes. The salfie

with dvs anddvs. dv; is calculated as voxels in this image are set to zero. Then, we select theidosat
of two terminal points and a speci ¢ intermediate point. We use
dvy D Pvi  Prx ©) afold line to connect these three points and ensure the cureat
iipvi Pl of the selected intermediate point is nonzero. Finally, wd the

voxels that along the fold line and set their intensity valteone.

pvidenotes a point in the skeletd® and satis es the condition (2) Generate a synthetic dataset: We use a three-dimensional
that the distance between this point apg is more than three Gaussian kernel (kernel widtB 1.73) to convolute the binary
times the voxel size. image, normalized the convoluted images (maximum vdlue

Note that minimizing the rst term in Equation (5) ensures 255) and add Gaussian white noise into it. The above process
that the branch point is located at the skelet@, while is originated from the model that describes how to collea th
minimizing the second term means that the orientation fromlight microscopic imagesA@gard et al., 1999 Note that, the
the branch point pyifyr t0 prx iS Similar to the orientation curvature of the speci ¢ intermediate point has nonzero value
dvi. Additionally, the branch points that need to be optimizedand corresponds to the tortuous structure. By changing the
in skeletonsSjjand S, in Steps(6, 7) still satisfy the above curvature value of this point, we can generate synthetic ibesir

description and can be obtained using Equation (5). in dierent tortuous level. We further used these synthetic
o datasets to illustrate the concept and e ectiveness of the prgbos
Work ow for Optimizing the optimization model, Equation (1)Rigure 3.

Reconstructed Skeleton of a Neuron
The reconstructed skeleton of a neuron can be represented HESULTS
a tree structure. In this structure, each skeleton has twidsen
One end has no links. The other end directly links to another,

skeleton and is de ned as the branch point. Depending on thisWe evaluated the performance of our model in detecting the

tree structure, all branch points in a reconstructed skeletan skgleton of tortuous §tructures. Synthenp datasets wenergted
. using the method introduced in section 2.6. We generated

be successfully detected. Based on the detected brancls poitt . .

; . L . four image stacks that had the same size of 156156
the terminal points, the initial skeleton segment which cents : . ; T

. .57 voxels but with dierent noise level. The noise in the

to them can be detected. Thus, the methods described in thl?na es is controlled by Gaussian white noise (mean value: 0
previous sections can be applied to identify the optimized binanc 9 y T

points and segments and nally determine an optimized skeleto standard d_ewatlon: 59 or 100). The tortuous level in thesage .
of a neuron. The work ow is as follows (s€igure 2): stacks varies according to the curvature change of the speci

intermediate point. As the angle variation is closely related

Step(1) Detect all branch points in the reconstructed tree. curvature. Here, we used an angle that associated with the
Step(2) Amend the branch points as described in the previouspeci ¢ intermediate point to quantify the curvature changes
subsection. The angle is achieved between two segments, which are formed

Step(3) Adjust the corrected branch points and adapt allwith the previous and consecutive skeleton point of this speci
skeleton segments as described in the rst subsection afitermediate point. In the synthetic datasets, 30 and 90 elegr
this method section. were set. The initial skeleton was generated by adding nando
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Branch point optimization Segment optimization Optimized skeleton
A A ° B - /| B C
Ao 1 P Pi pies
[ §
dys {
a Pit pi Pist
Pbituropt .

Segment S; » Corresponding Optimized branch point
Segment S;;

Segment S;, @ branch points D Intermediate point

O Initial branch point

® Reference point

FIGURE 2 | Work ow for identi cation of the optimized neuronal skeleton (A) Optimizing all branch points in the neuronal skeleton. Det#ing the initial branch points
of the skeleton and an area (dashed square) that includes anitial branch point (white dot) is enlarged iffA1); (A1) The procedure for optimizing branch points. Upper
panel: The branch structure (yellow) enlarged fror(A). Middle panel: Process of identifying the optimized branch @int: The branch structure can be treated as three
segments (purple, red, and green) whose one terminal end dictly links to the branch point. For one segment (purple), bild an orthonormal coordinate system based
on its direction. With the help of this coordinate system anda reference point (gray dot with white circle), the optimizeon model Equation (5) is constructed, and the
initial branch point is modi ed (purple dot, left image). Fothe other two segments (red and green), a similar model is catructed based on a corresponding
orthonormal coordinate system, and the corresponding braoh points are generated (red and green marks in the middle andght image, respectively). Bottom panel:
the optimized branch point (yellow mark) is determined by @raging the positions of the three calculated branch pointgpurple, green, and red marks)(B) Optimizing
the segments which are composed of intermediate points withxed branch and terminal points; (B, ) Optimization of intermediate points. An enlarged view of a
tortuous neurite in(B) is shown. In this area, some intermediate pointsp(and pjc1, yellow arrows) deviate from their real positions (upper ge). After optimization of
the skeleton, the positions of these points are adjusted (lwer image);(C) Optimized skeleton of this neuronal tree.

perturbation on the predetermined fold line in synthetic dses We also evaluated the performance of our model inidentifying
(Section Generation of synthetic datasets). We optimizexs¢h skeletons in experimental datasets. These datasets indliodz
initial skeletons and used the optimized results for evaihgat image stacks with a size of 101101 51 voxels. One dataset
the model. has a large dynamic range of signal intensiti€sg(re 4A)

For an image stack with low-level noise and a 30-degreand the other two present tortuous neuritefigures 4B,Q.
direction changeKigure 3A), our model successfully identi ed For these datasets, the initial (blue) and optimized (yellow
the skeleton of the tortuous structuré-iure 3A, right panel, skeletons are shown ifrigures 4A—C Here, the optimized
green) from the initial skeletonHigure 3A, left panel, red). In skeleton refers to the skeleton generated by solving Emuati
contrast, the L2 minimization-based method/asilkoski and  (4). The initial skeleton was provided by NeuroGPS-Tr@edn
Stepanyants, 20)9ailed under these conditionsF{gure 3A, et al., 201) Our results indicate that compared to the initial
middle panel, yellow). In fact, the L2 minimization-basedthasl ~ skeleton, the skeletons determined by our model are closer
contains a term that describes the sums of square deviationtis the real skeleton of the neurite. We further illustrateust
of adjacent skeleton points. This term helps to keep theoint by quantitative analysis. It is well acknowledged that
smoothness of the skeleton, with all second-order di erenceeach point of the real skeleton has the local maximum image
between adjacent skeleton points being in nitely close tmze intensity (Wang et al., 2011; Quan et al., 2).1Based on this,
The L1 minimization-based method only requires the aboveve compared the image intensities along the initial and the
situation for most values. So, when a tortuous structure isptimized skeleton. Speci cally, for each optimized skeleton
detected, the corresponding second-order di erences diergpoint, we searched a point in the initial skeleton that was
from zero. The L1 minimization-based method can capturenearest to this optimized skeleton point. Our results suggest
these non-zeros values due to their sparse property, while thbat a certain number of optimized points have higher signal
L2 minimization-based method faild={gure 3B). This may be intensity than those of the initial skeleton pointSigures 4D-H.
an explanation why our L1 minimization-based method canWe also determined statistically signi cant di erences Wween
identify the skeleton of a tortuous structure. When we desesl  the signal intensity values of optimized and initial pointsngsi
the tortuosity of the structure to a 90-degree directionmge, the Kolmogorov-Smirnov test, on the intensity values shown
similar results were achievedriures 3C,D. Furthermore, in the dashed rectangles dfigures 4D—-F The size of the
the L1 minimization-based method established the skeletorectangle is dependent on the tortuous structure that needs t
of structures with dierent tortuosity levels well, even in abe covered. The corresponding images are shown in the inserts
high-noise environmentKigures 3E—H. From these results, we of Figures 4A—-Cin which neurites exhibit a high dynamical
concluded that our model can detect the optimized skeleton ofange and tortuous structures. The statistical results destrate
neurites with tortuous structure. a signi cant di erence between the corrected skeleton and th
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FIGURE 3 | Performance comparison between the L2 minimization-basednethod and our model to detect the skeleton of tortuous strutures in a synthetic dataset.
(A) A dataset polluted with Gaussian white noise (mean: 0, staratd deviation: 50) contains a neurite (initial skeleton, d¢ with a 30-degree direction change. The
skeletons as determined by the L2-minimization and our modeare shown in yellow and green in the middle and right panelsgspectively. Insert: The tortuous
structure of the neurite and the corresponding skeletons(B) Distance measured between two adjacent intermediate poiston the detected skeletons from both
methods (upper panel: L2 minimization-based method, bottm panel: our model);(C) Initial and detected skeletons acquired using the same methds as in (A) in a
dataset with a weaker 90 tortuosity; (D) Distance of adjacent skeleton points i(C) as described in(B); (E) Dataset polluted with Gaussian white noise of a higher
noise level (standard deviation: 100). The neurites havedtsame structure as in(A), and their initial and detected skeletons are generated irhe same way;

(F) Distance of skeleton points in(E) measured according to(B); (G) The dataset with 90-degree tortuosity as shown in@) but with the same higher noise level
applied to (E); (H) Distance of adjacent skeleton points inG) calculated as in(B).

initially calculated points values of 0.02, 0.02, and 0.07).2013 for testing our model. The rst dataset illustrated a
From these test results, we concluded that our model cahranch structure with smooth neurites, in which the initial
generate a corrected skeleton that better re ects redtigntthe  branch point (blue dot inFigure 5A) is slightly shifted from
initial skeleton. the real position. In the last two datasets, the neurites near
Next, we examined the performance of our model to identifythe branch point exhibit a shape change in terms of signal
branch points. We used three image stacksoilg et al., intensity and segment diametefigures 5B,Q, and the tortuous
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FIGURE 4 | Performance of our model in optimizing skeletons in experiental datasets.(A) A dataset with a large signal intensity range. The initial droptimized
skeletons are presented in blue and yellow, respectively. $ert: Higher magni cation of the dashed square p-value: Kolmogorov-Smirnov test on the initial and
optimized skeleton intensity values, see dashed rectanglie (D); (B,C) Dataset with tortuous structures in a picture with high anddw background noise, respectively.
All other descriptions are similar tA); (D) Signal intensities of every intermediate point along theitial (blue) and optimized (yellow) skeleton as shown {A). The
dashed window corresponds to the insert in(A); (E,F) Signal intensity variations of the skeletons shown i(B,C), all other details as in(D).

FIGURE 5 | Identi cation of optimized branch points by our model. The sigal intensity changes in neurites around the branch point i(A), the diameter varies along
neurite segments and the segments form a small angle i(B), and the structure near the branch point is tortuous ir(C). Inserts: Higher magni cations of the white
squares. The initial position (blue dots) deviates from theranch point location. The optimized branch points (yellowdots) are the average from three corresponding
branch points (pink dots). The distances between initial ahoptimized branch points in(A-C) are 1.4, 4.8, and 3.6nm, respectively.

structure in Figure 5B appears more challenging. These image We furthermore veri ed that our model can e ectively correct
characteristics may challenge the current tracing alparg and  the skeletons generated by di erent tracing algorithms. VEed

the branch points in the initial skeletons (blue dots, inseof NeuroGPS-TreeQuan et al., 2006 NeuronStudio Rodriguez
Figures 5B,G deviate from their real positions. As described inet al., 200 and APP2 Xiao and Peng, 20)3to evaluate
the methods section, our model generated three correspandirthree image stacks. The rst image stack contains a tortuous
branch points (pink dots, inserts dfigures 5A-Q on di erent  neurite Figure 6A), and the other two contain a branch structure
joint segments, thereby suppressing interferences induged IKfFigures 6B,0. The initially traced skeletons are displayed in
the characteristics described above. The average of these t red, yellow, and green curves, and the initial branch points
positions determines the optimized branch points (yellow dotsare represented by hollow dots. These initial skeletons and
inserts of Figures 5A-Q, which can better re ect the real branch points are dierent, deviate from reality and were
branch point positions. These results indicate that our mddel optimized by our model. The optimization results are displayed
e ective for detecting the optimized branch point even underwith xy perspective viewHgures 6A-Q, and with xz and yz
complex conditions. perspective viewsFgure S3. From the optimization results,
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FIGURE 6 | Adjusting skeletons of initial reconstructions deriveddm NeuroGPS-Tree, NeuronStudio, and APP2 using our mode(A) A neurite with a tortuous
structure (gray square). The initial skeletons (red, yelpand green, NeuroGPS-Tree, NeuronStudio, and APP2, respively) and the optimized results (purple, our
model) are shown;(B,C) Datasets with a branch structure (gray square)C) contains additionally tortuous neurites near the branch pat. The branch point position is
shown before (hollow dots) and after (solid dots) the optirsation by our model;(D) Distance between optimized skeletons generated from diffent initial
reconstructions of the tortuous structure in(A). Ns: NeuronStudio, GPS-Tree: NeuroGPS-Treg(E,F) Higher magni cations of the branch points in(B,C). Different
colored spheres indicate the branch point positions deterrimed by our model, derived from each initial skeleton of othetracing algorithms.

we conclude that the initially traced results can be coeddb methods and creates a consistent skeleton independent of the
almost the same skeletons (purple curves) and branch pointsitially provided parameters.

(solid dots).We quanti ed these propertie§igures 6D-F by In addition to the dataset collected with Micro-optical
rst evaluating the consistency of the corrected skeletaith ~ Sectioning Tomography system, i.e., MOST dataSetn( et al.,
tortuous structures. We resampled the points on the corrected013, our detection method can be applied to other datasets
skeletons from the start point with the samecoordinates like those from the BigNeuron project. Two typical datasets
to ensure that the distance between theoordinates of two were selected for this purpose. One dataset includes a pyramidal
adjacent points is ftim. We took 51 resampled points on neuron with an abundance of neurites. Some of these neurites
each of these three skeleton points. As two adjacent resampliaedve low signal intensities and are severely masked by noise.
points form a segment, we then separately calculated thehe other dataset includes a neuron surrounded by noisy points,
distance between the matched-pair segmeht=(et al., 2007 especially around the soma area. We reconstructed these two
A segment on the skeleton and its nearest segment on theeurons with NeuroGPS-Tree and revised the skeletons with o
other skeleton were de ned as a matched-pair segment. Theodel. The initial and optimized skeletons seem to be similar
small distances between these matched-pair segments tedicéFigures 7A,B right panels) in most regions. However, the initial
consistency among the corrected skeletons. The quantesdlits tracing failed in a few branch structures with small angles
(Figure 6D) also indicate that these corrected skeleton pointg§Figures 7C,D and the optimized skeleton is superior in locating
have similar locations. Similarly, the average distandevdzen these branch points. These results indicate that our model
any two optimized branch points (red, yellow, and greencan accurately detect skeleton points when a region presents a
solid dots inFigures 6B,Q is presented inFigures 6E,F The complex branch structure in a noisy background. We also noted
two distance values foFigures 6B,Care 1.06 and 1.35m, that our model is e cient in terms of computation time. The
respectively, vs. 1.74 and 5@3 for the initial branch points. optimized skeletons for these two neurongsHigures 7A,Bwere
These results show that our model can be applied to other tgacindetected in about 202 and 55 s, respectively. The two tests wer
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Initial reconstruction
= Optimized reconstrugtion

FIGURE 7 | Optimizing neuronal trees from the BigNeuron project withar model. (A,B) Left panel: Original data [checked6_mouse_ tufts,

(A); checked_mouse_korea,(B)] from the BigNeuron project. Right panel: Reconstructiondefore (blue) and after (yellow) optimization. We shiftete optimized
reconstruction from the initial one for a clear demonstratin; (C,D) enlarged views of(A,B), respectively. Location of branch points before (blue dognd after (yellow
dot) optimization. Distances between blue and yellow dots 3.2 and 2.1mm.

TABLE 2 | Measurements on initial and optimized reconstructions iffigures 4, 5, change in branching angle and increase more than a0

and 7. when measuring total length of traced neurites kigure 7A

Data id Total Total Local Local branch In addition, when using NeuroGPS-Tree, NeuronStudio and

(source) length * length ** branch angle* () APP2 to reconstruct the same neurites, the reconstructions i
(mm) (mm) angle* () general are di erent. In this case, our optimization methodca

make these di erent reconstructions consistent, as indicated i

1 (Figure 4A) 258 252 NIA NIA Table 3 The results show that our optimization method achieves

2 (Figure 48) 138 135 NIA NIA almost the same length (data 1Table 3 and local branch angle

8 (Figure 4C) 184 168 NIA NIA (data 2-3 inTable 3 from di erent initial reconstructions, which

3 (Figure 58) 1,085 1,030 49 43 are consistent with the conclusion drawn from the quantitat

4 (Figure 5C) 216 210 70 n results inFigures 6D—F.

5 (Figure 7A) 13,611 13,861 41 43 Correcting the initial skeleton in large-scale images is a

6 (Figure 7B) 18,847 18,818 42 46 di cult task. Our identi cation method has been integrateitito

*Initial reconstruction;**Optimized reconstruction; N/A: Not available. our tool, Global Tree reconstruction system — GTree (https://

www.biorxiv.org/content/early/2018/01/02/223834), dancan

correct a large-scale traced skeleton. To verify this poid,
carried out on a computer workstation (Intl Xeon® CPU  used a dataset that contains 42957401 1625 voxels (voxel
3.46 GHz computing platform, Quadro K4000 3G GPU, 192 GBize, 0.3 0.3 1 mm3; Figure 8A). The original voxels were
RAM, Windows 7). The data size is 14551455 500 voxels for merged into the new voxels with a size of 0.8.6 1 mm?in
Figure 7Aand 2715 4011 141 voxels foFigure 7B our analysis, which helps to weaken the anisotropic property of

Neurites lengths and branching angles of neurons ar¢he dataset. This merged voxel size drops into the range frém 0

important morphological features. We used these two features 0.5 0.5mm3to2 2 2nmm?3, which GTree recommends.
to measure the traced neuriteigures 4-7). The detailed There are a certain number of complex structures around binanc
operation is described in Section Measuring morphologicapoints and tortuous neurites in this large-scale dataset. We
features of a neuronal reconstruction and their relatedselected 11 locations (blue blocks) where the initial skalet
morphometric measurements can be found Wables2 3. obviously deviates from the neurite centerlines. Our model
Note that, the datasets iffigure 5A are the same one tested can successfully correct these initial skeletons, and a typica
in Figure 6B Thus, we only listed their measurements inexample is shown irFigure 8B (white arrow). Additionally,
Table 3to avoid redundant information. The results ifable 2 red blocks inFigure 8A indicate areas in which the branch
suggest that our optimization method can yield about 10%point needs to be adjusted. These initial branch points were
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TABLE 3 | Measurements on initial reconstructions from NeuroGPS-&e (Tree), NeuronStudio (Ns) and APP2, and their optimizedaonstructions in Figure 6 .

Data id (source) Total length  *(mm) Total length ** (mm) Local branch angle *( ) Local branch angle ** ()
Tree Ns APP2 Tree Ns APP2 Tree Ns APP2 Tree Ns APP2

1 (Figure 6A) 72 71 66 67 67 68 N/A N/A

2 (Figure 6B) 276 273 246 270 265 249 56 59 69 63 62 63

3 (Figure 6C) 318 309 311 309 305 309 122 127 96 114 112 108

*Initial reconstruction;**Optimized reconstruction; N/A: Not available.

FIGURE 8 | Optimization of a reconstructed skeleton in a large-scale ataset. (A) In the initial skeleton (yellow) provided by GTree, 11 locatis with tortuous
structures (blue blocks) and seven locations with complextanch structures (red blocks) are highlighted. Two typicaixamples are shown in(B,C) as indicated;
(B,C) A tortuous neurite and a complex branch structure, with thenitial (blue) and optimized (yellow) skeletons; Inserts:dfier magni cations of the white squares.

revised by our model, and an example is presenteigure 8C  which is a challenging problem. The second issue causing
(blue and yellow dots). These results demonstrate that oudi culties for tracing algorithms is that many algorithmsBas
model can be automatically applied to initial skeletons ofreto and Erdogmus, 2011; Xiao and Peng, 2013; Li et al., 2016;
datasets, which will help to minimize the manual revision ofQuan et al., 2016; Skibbe et al., 2Dh&glect the tortuous

large-scale skeletons. structure of neurites or even introduce a penalty term to
generate a smooth skeletoviasilkoski and Stepanyants, 2009
DISCUSSION Thirdly, designing a neuron tracing algorithm is a complieat

problem. In this case, considering too much situations will
At present, many tracing algorithm&pdriguez et al., 2009; Xiao increase the algorithm complexity and reduce its robustness.
and Peng, 2013; Quan et al., 2DTave di culties detecting Thus, in the initial skeleton provided by a variety of tracing
branch points or intermediate points. This is mainly causedalgorithms, intermediate or branch points commonly deviate
by three issues. The rst issue is that a number of methodfrom their real positions. A feasible way to overcome these
adapt a simple way to detect branch points around complexestrictions may as follows. Tracing algorithms provide the
branch structures. The detection procedure can be summdrizenitial reconstructions and then these initial reconstriacts
as follows: First, trace a neurite, estimate, and labelhtpes; are corrected automatically. Our method was motivated by
second, trace another neurite, and stop tracing when theszuir  the requirement to develop a better approach to automatically
tracing point connects to the labeled region or is classi ed aoptimize the traced neuronal skeletons.
a background point. Third, after the tracing steps, detect the Although the majority of neurites exhibit a smooth strucgyr
traced skeleton point that is nearest to the current tracingipo  tortuous segments exist and are sparsely distributed along
which can be regarded as the branch point. This procedurgeurites. These morphological characteristics prevent iagist
indicates that an e ective detection of a branch point regaire tracing algorithms from depicting neurite structures cartly,
the accurate tracing of branch structures and neurite shapegspecially in tortuous regions. In essence, a tortuous stregn
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a mainly smooth neurite can be described as a situation wheis required to be manually checked when high precision tracing
non-zeros exist in a null sequence. This situation is closgated results cannot be generated. This is because the errore inpiut
to the case that a Lasso-based modebghirani et al., 2006 dataset like spurious links between traced neurites canedeser
can well handle. Thus, we considered the L1-norm functiorthe performance of our model. Finally, our model used the digna
as a penalty term in our model. Note that employing the L2-in the neighboring region of traced neuron skeleton for treced
norm function in the identi cation model can accurately dgghe  skeleton optimization. When neurons are densely distributieel,
the smoothness of neurites, but will lead to failures in theneighboring region usually contains morphological infortioa
identi cation of the skeleton in tortuous segments ($égure 3).  from other neurons and this situation will negatively in nee
Besides the tortuous structures in neurites, the compleihe optimization results. In the future, we will aim at thissea
branch structure also challenges the existing algorithmis f and eliminate the interferential morphological informatidoy
achieving a faithful reconstruction result. Di culties aginate segmenting and identifying the shape of the target neuron.
from multiple aspects such as tortuous structures, sharpgean Namely, our method will combine with the reconstructed shape
in signal intensity, and dierent neurite diameters in the for generating more accurately traced neuron skeleton.
proximity of a branch point. Existing parameter models have In conclusion, we propose two models for optimizing
di culties in describing these various characteristicaethus fail  the positions of intermediate points and branch points
to detect the branch points in some cases. Instead of corisigic  derived from an initial skeleton. These two models are based
a parameter model, we designed an optimization problem foon the characteristics of neuronal morphology. Our results
detecting a branch point, which is based on the following factsshow that our method is e ective when applied to various
A branch point locates where two neurite segments connet¢t witdatasets including the MOST and BigNeuron datasets. The
each other; it can also be considered as the terminal end ef orsuccessful application of our method under di erent condit®n
of these neurites. Because of this structure, all the inagmmi.e., demonstrates that it can generate a reconstructed skelétain t
signal intensity and radius scale variations, from diregtinect re ects reality better and will, therefore, have a positivepant
segments should be considered. In our optimization model, wen subsequent research.
used simulation data instead of real datasets to eliminhee t
in uence to some extent. Furthermore, we achieved an aeragy ATA AVAILABILITY
branch point position by iteratively running the model, which

will provide a more robust result. . Our method is plugged into the open-source software GTree,
The real skeleton of a tubular structure generally referssto i hich s available at https://github.com/GTreeSoftwarerees/
centerline. With automatic algorithms or even manual edits releases, including a user guide. We also applied some data

impossible to completely obtain the real skeleton of a tubulagng orresponding initial reconstructions used in our paper
structure._Thls is because no sFan_dard de nition is avdédo examples for readers to try out; these can be download at
characterize the real skeleton in images of tubular struegur https://github.com/G TreeSoftware/TEST DATA/releagather
Similarly, it is also hard to de ne the optimal skeleton of ay5ia used in our paper can also be made available for

tubular structure. In our model, the optimized skeleton msfe 4 nj0ading for readers who contact and ask for permission
to a solution to the designed optimization problems in which¢om the corresponding author.

the centerline points are shifted to depict the actual neurite
morphology while their signal intensities are maintained &cal
maximum, as far as possible. Thus, the optimized skeleton @,\UTHOR CONTRIBUTIONS

usually closer to the real skeleton, compared to the inikialeton

provided by other algorithms. Based on these assumptions, the? and TQ conceived the project. TQ and SL designed the model
initial skeletons acquired from di erent tracing algoritrencan and wrote the manuscript. TQ and SL designed the algorithms.

be optimized and lead to similar results in our modeiqure . 1K and YC wrote the software. CX, YC, and QH performed
This indicates that our detection method is compatible wither ~ IMage analysis. QL, HG, and AL constructed the computing

tracing algorithms, provides consistent results, and benéne ~ Platform for large-scale image preprocessing. QL, HG, SZ, LF,
following analysis. and AL produced the dataset.

It is worth noting that our optimization model has been
limited by some cases. Our model focuses on optimizing thEElUNDING
position of the bifurcation point at present. For a multifuraan
point, considering that it exists in few cases, our model has nThis work was supported by the Science Fund for Creative
special design to obtain its optimized position. In this case, &esearch Group of China (Grant No. 61421064), the National
multifurcation can be divided into two or more bifurcationand  Natural Science Foundation of China (Grant No. 81327808, t
we can optimize the positions of these bifurcations to cortket National Program on Key Basic Research Project of China (Gran
position of this multifurcation point. However, the optimizah  No. 2015CB7556003), the Science Fund for Young and Middle-
accuracy will decrease because bifurcations interferevite aged Creative Research Group of the Universities in Hubei
each other. In addition, the goal of our model is optimizingth Province (Grant No. T201520), the Natural Science Fouodati
skeleton of a neuron, and the skeleton data generated by tleé Hubei Province (Grant No. 2014CFB564) and the Director
tracing methods is used as the input. The input skeleton dat&und of WNLO.
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reconstructions inFigure 6A from y-z and x-z views, respectively. The initial
SU pPLEM ENTARY MATER'AL reconstructions from three tracing methods (red, yellow, ad green,
NeuroGPS-Tree, NeuronStudio and APP2, respectively) anth¢ir optimized

. . . reconstructions (purple, our model) are shown(B4,B,) and (C1,C,) are the same
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