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Among all the structural formations, ¯ber-like structure is one of the most common modalities in
organisms that undertake essential functions. Alterations in spatial organization of ¯brous struc-
tures can re°ect information of physiological and pathological activities, which is of signi¯cance in
both researches and clinical applications. Hence, the quanti¯cation of subtle changes in ¯ber-like
structures is potentiallymeaningful in studying structure-function relationships, disease progression,
carcinoma staging and engineered tissue remodeling. In this study, we examined a wide range of
methodologies that quantify organizational and morphological features of ¯brous structures, in-
cluding orientation, alignment, waviness and thickness. Each method was demonstrated with spe-
ci¯c applications. Finally, perspectives of future quanti¯cation analysis techniques were explored.
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1. Introduction

Fiber-like structures are one of the most prevalent
ones within biological tissues, playing vital roles in

di®erent functions with distinctive morphological

features.1–4 The scale of ¯brous structures is widely

distributed.5–9 Tiny ¯ber-like structures such as
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collagen ¯bers within the extracellular matrix
(ECM) and microtubules within cells, whose diam-
eter reaches to microns or even sub-microns,5,6 re-
spectively, serve as mechanical support,7 and
intracellular conveyance tracks.8,9 Some cells, such
as neurons with axons and dendrites, serving as
nerve impulse transmitting pathways, also have ¯-
brous shapes.10 Vasculatures throughout organism
bodies function as substance transportation pipe-
lines, with micron-scale capillaries and meter-scale
aortas.11 These ¯ber-like structures are all adap-
tively di®erentiated in accordance with their func-
tions. Thus, extraction of organizational and
morphological features of ¯ber-like structures in
biological organisms can o®er abundant information
for investigation into structure-function relation-
ship of di®erent tissues, which would be conducive
to understanding mechanisms regarding disease
initiation and progression.12–14 Furtherly, identi¯-
cation of subtle changes in abnormal tissues may
provide potential biomarkers to assist disease
diagnosis and treatment.5,15–17

Early recognition of structural features of ¯brous
tissues was realized by pathologists' manual work
on stained pathological sections in clinical applica-
tions. The obtained results were generally descrip-
tive and qualitative. Later, some approaches
achieved rough quantitative estimations on ¯brous
tissue organization with statistical recapitulative
results. However, these results were often in statis-
tical formation such as probability distribution,18

which might be insu±cient and incompetent to di-
rectly re°ect the morphological and organizational
features at localized regions. With the development
of microscopic technologies, such as confocal mi-
croscopy, multiphoton excitation °uorescence
(MPEF) microscopy, and second harmonic genera-
tion (SHG), images with high resolution became
available both ex vivo and in vivo.19–21 Based on
highly resolved microscopic images, there was
progress in quanti¯cation methods aiming at
extracting features of ¯ber-like structures. Quanti-
¯cation precision was improved by image grid seg-
mentation to a much better level.22,23 However,
relative precision was still not ideal enough and the
computational cost was often counterbalanced. At
the same time, although three-dimensional (3D)
data became readily accessible, quantitative analy-
sis was still mainly limited in a two-dimensional
(2D) context, which implied low usage e±ciency of
acquired datum due to underdeveloped 3D

quanti¯cation techniques. Besides, some technolo-
gies still required manual interactions,24,25 which
led to low degree of automation and sometimes
uncertainty. In recent years, there are emerging
progressive methods to quantify organizational
characteristics of ¯ber-like structures. In the
meantime, a number of parameters have been pro-
posed to quantitatively delineate morphological
features with high accuracy.26–28 With these
advances, a more thorough mapping of ¯ber-like
structures with pixel/voxel-wise precision is expec-
ted to be achieved.

In this paper, we introduce a wide range of
quanti¯cation methods to delineate organizational
and morphological features of ¯ber-like structures in
biological tissues. We start from the orientation and
alignment quanti¯cations since these features are
proved to be highly correlated with tissue functions,
gene expressions and pathological changes, and
emerge as a hot topic in precision medicine in recent
years. Then waviness characterization is introduced
because waviness is closely associated with the dis-
tribution of ¯ber orientation. Next, we talk about
the thickness property which focuses mainly on the
morphology of individual ¯bers. Each feature is
unfolded in corresponding application scenarios.
Finally, we close with a summary and our perspec-
tive on potential future directions.

2. Orientation and Alignment

As mentioned above, ¯ber-like structures are prev-
alent in biological tissues, undergoing highly dy-
namic reorganization in physiological and
pathological activities. The orientation of ¯brous
structures contains massive information about
physical activities such as load transferring in ten-
dons,29 and carcinoma invasion in tissues.15 Fur-
thermore, quanti¯cation methods to extract the
orientation distribution can be exerted to o®er help
for clinical purposes such as disease diagnosis,30

engineered tissue improvement,31,32 and wound
healing assessment.33,34 However, previous quanti-
tative analysis typically relied on whole-image pro-
cessing, such as Fourier Transform (FT) and Hough
transform (HT).32,35–38 Others focused on certain
kinds of mathematical computations that respec-
tively based on pixel intensity gradients,39 the
second order derivative matrices,18,40 and ¯ber
midline tracing.19 These methods mostly produced
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statistical histograms as outputs, instead of direct
demonstration at a pixel-wise basis.

Generally, the orientation of ¯ber-like structures
in 2D plane is precisely described by the azimuthal
angle, �, which is in the range from 0� to 180�. As
illustrated in Fig. 1(a), � is de¯ned as the angle
between the ¯ber (blue line) and the x-axis
within the plane. When examined in 3D space, an
additional polar angle, ’, is needed. As shown in
Fig. 1(b),41 to de¯ne the orientation of the ¯ber
(blue line), � is de¯ned as the angle between the
¯ber's projection on the xy plane and the x-axis,
and the polar angle, ’, is de¯ned as the angle be-
tween the ¯ber and the polar axis, as in this case,
the -z axis. Similarly, both � and ’ are within the
range between 0� and 180� for axial ¯ber data. In
this manner, a ¯ber-like structure with arbitrary
orientation in space, particularly in 3D space, can
be fully determined.42

2.1. Methodologies of orientation

and alignment quanti¯cation

2.1.1. Fourier transform second harmonic
generation

Rao et al. performed Fourier transform second
harmonic generation (FT-SHG) imaging and
quantitative analysis on collagen ¯bers in di®erent

porcine organs.43 This measurement started with
the 2D Fourier transform (2D FT) results from
certain regions of interest (ROIs) of SHG images.
Typically, high intensity frequencies in the FT
spectrum had preferred orientation, which in gen-
eral was perpendicular to the preferred orientation
that collagen ¯bers aligned with. Next, the 2D FT
results, or the extracted FT spectrums, were then
binarized by amplitude thresholding to make the
dominant spatial frequencies stand out. A raw SHG
collagen ¯ber image and three ROIs along with
corresponding binarized FT spectra are shown in
Fig. 2(a).43 Furthermore, the binarized spectrum
could be processed with proper ¯tting to extract the
randomness of ¯ber organization in real space.

2.1.2. 2D and 3D weighted vector summation

Quinn et al. developed a 2D ¯ber orientation
quanti¯cation method called weighted vector
summation algorithm to map the pixel-speci¯c
distribution of azimuthal angle, with corresponding
schematic and related formulas shown in Fig. 2(b).44

In general, this algorithm operated based on analysis
of the variation of pixel intensities. A square window
(shown in Fig. 2(b),44 left column) was ¯rst gener-
ated with all possible symmetric vectors passing
through the center pixel. Second, each vector was
weighted by two factors,W1 andW2, as indicated by
the equations in Fig. 2(b).44 The factor W1 was de-
¯ned as the inverse of a vector's length so that all
vectors contributed equally in the calculation of
orientation for the center pixel. The other factor,
W2, was relevant to the intensity variation along the
vector, so that vectors with more uniform intensity
weighted heavier. Next, all weighted vectors were
summed up to obtain the average orientation of the
center pixel, as shown in the lower right corner in
Fig. 2(b).44 After calculating all pixels with respec-
tive corresponding windows, a new matrix with
pixel-wise azimuthal angle was produced. Following
this, Liu et al. extended the 2D weighted vector
summation algorithm to 3D scale and proved the
superiority of 3D methodology by simulation and
experimentation.45 As elucidated above, 3D orien-
tation was de¯ned by the azimuthal angle, �, and
polar angle, ’. The polar angle was typically di±cult
to calculate. In this context, two extra angles, � and
�, were introduced in the way similar to �, with �
de¯ned as the angle between the ¯ber's projection in
the yz plane and the y axis, and � de¯ned as the

(a)

(b)

Fig. 1. De¯nition of orientational angles. Spatial orientation
in 2D space with � (a), and 3D space with � and ’ (b).
Reproduced with permission from Ref. 41.
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angle between the ¯ber's projection in the zx plane
and the x axis [Fig. 2(c)].26 With the extraction of
these two extra angles, � and �, the polar angle ’
could be extracted by the equation

tan2’ ¼ 1

tan2�
þ 1

tan2�
: ð1Þ

In this way, a 3D matrix depicting voxel-wise ¯ber
orientation in 3D place was generated, which was
then followed by a color-code procedure to enhance
degree of visualization. The output orientation maps
of � and ’ at two speci¯c planes were illustrated in
Fig. 2(c), upper right.26 Moreover, Liu et al. de¯ned
a new normalized parameter called 3D directional
variance, V3D, based on the 3D orientation results to
describe the alignment of ¯ber-like structures, as
calculated by the following equations:

V3D ¼ 1� �R3D; ð2Þ
�R3D ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�C

a2
3D þ �S

a2
3D þ �Z

a2
3D

q
; ð3Þ

where the superscript a indicates the ¯brillar axial
data. Specially, if it was de¯ned as: bj ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1=tan2ð2�jÞ þ 1=tan2ð2�jÞ

p
, then the calculation

can be proceeded by

�C
a
3D ¼ ð1=nÞ

Xn
j¼1

ðbj=
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ b2j

q
Þ cosð2�jÞ; ð4Þ

�S
a
3D ¼ ð1=nÞ

Xn
j¼1

ðbj=
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ b2j

q
Þ sinð2�jÞ; ð5Þ

�Z
a
3D ¼ ð1=nÞ

Xn
j¼1

SI=
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1þ b2j

q
; ð6Þ

SI ¼ ð�1Þ � ð’� 90�Þ=j’� 90�j; when ’ 6¼ 90�

1; when ’ ¼ 90�

�
;

ð7Þ
where n indicates the total number of voxels devoted
to the calculation of 3D directional variance. Spe-
ci¯cally, the variance value was close to 0 when
¯bers were parallel to each other, while it approa-
ched 1 when ¯bers distributed randomly. Simulated
¯ber stacks with low, intermediate and high ¯ber
alignment are shown in Fig. 2(c), bottom.26 The 3D
directional variance metric was proved to be robust
and competent in alignment quanti¯cation of
¯brillar structures in 3D context.26

Fig. 2. Schematic representations of orientation and alignment quanti¯cation methods. (a) FT-SHG of raw porcine ear image. FT
analysis results indicate preferred collagen ¯ber orientation at three distinct regions. (b) Schematic of 2D weighted vector sum-
mation algorithm. (c) Schematic of 3D weighted vector summation algorithm and the resultant alignment metric, 3D directional
variance. Three examples of ¯ber stack with distinct ¯ber alignment were simulated to test the ability of the 3D directional variance
metric. Reproduced with permission from Refs. 43, 44 and 45, respectively.
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2.1.3. Di®usion tensor magnetic resonance
imaging

Magnetic resonance imaging (MRI), based on sig-
nals from proton nuclei, was a commonly used
technology in both neurological science and clinical
diagnosis. The traditional MR signal was usually
acquired by:

S ¼ PDð1� e�TR=T1Þe�TE=T2e�bD; ð8Þ
where PD is the proton density, T1 and T2 are signal
relaxation times after excitation relating to the en-
vironment, D is the di®usion term indicating water
molecules' Brownian motion, TR and TE are re-
lated to the excitation (time of repetition) and
preparation period (time of echo) and b is the dif-
fusion-weighting factor. Speci¯cally, the last three
parameters were controllable.46 However, this
technology was typically limited in both spatial
resolution and contrast. In order to address this
issue, the di®usion tensor magnetic resonance im-
aging (DT-MRI), or di®usion tensor imaging (DTI),
was introduced as a promising tool.46 The principle
of DTI was based on the self-di®usion property of
water molecule, as indicated by the di®usion term,
D, in Eq. (8). In general, the di®usion was aniso-
tropic in the surrounding area of white matter ¯ber
bundles, since water molecules moved more easily
along the axonal bundles rather than perpendicular
to these bundles, which resulted in a set of water
self-di®usion coe±cients, D, that could be deter-
mined by sensitized MR signal.47 In order to extract
D to re°ect ¯ber orientation information, two
images with the same parameter values but di®er-
ent b were required, as expressed by the following
equations46:

S1 ¼ PDð1� e�TR=T1Þe�TE=T2e�b1D ¼ S0e
�b1D; ð9Þ

S2 ¼ S0e
�b2D; ð10Þ

S2

S1

¼ e�ðb2�b1ÞD; ð11Þ

D ¼ �ln
S2

S1

� ��
ðb2 � b1Þ; ð12Þ

where S1 and S2 are signal intensities with di®erent
b parameters. Thus D, the di®usion coe±cient, was
derived from the two intensities with constant PD,
TR and TE parameters. A gradient pulse along a
coordinate axis was applied to induce phase di®er-
ences among molecules located along the gradient
axis within a pulse period, from which the water

motion could be deduced. According to Eq. (8), a
higher di®usion coe±cient, D, implies more signal
loss, which could be manipulated by extending the
interval between two pulses or adjusting the
strength of the pulse. By manipulating b, a non-
di®usion-weighted image S1 and a di®usion-
weighted image S2 were obtained. Next, by solving
Eqs. (11) and (12), an apparent di®usion coe±cient
(ADC) map was acquired. The ADC maps were ¯-
nally obtained in the three coordinate axes (X, Y
and Z). Since ¯ber orientations are often at an angle
to the axis, Basser et al. introduced the e®ective
di®usion tensor, Deff , and the ¯tted di®usion ellip-
soid model, to better quantify and describe the
di®usion property of the ¯bers.48 The axis-mea-
sured-data ¯tted ellipsoid could represent average
di®usion range in each direction, with the length of
the longest, middle and shortest axes called eigen-
values �1, �2, and �3, and respective orientations
called eigenvectors v1, v2, and v3, altogether six
parameters.46 Furthermore, a 3� 3 symmetric ten-
sor was utilized to transform ADC maps into the six
parameters. With these results, a new metric, frac-
tional anisotropy (FA) was de¯ned to characterize
di®usion anisotropy:

FA ¼
ffiffiffi
1

2

r ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffið�1 � �2Þ2 þ ð�2 � �3Þ2 þ ð�3 � �1Þ2
p

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2
1 þ �2

2 þ �2
3

p :

ð13Þ
The FA value ranged from 0 (isotropic) to 1 (ani-
sotropic), indicating the ¯ber alignment degree. The
acquired FA map could be visualized with a gray-
scale coding [Fig. 3(a)]. Meanwhile, the 3D ¯ber
orientation information could be reduced to the
direction of v1 and a color-coded orientation map
could then be generated accordingly [Figs. 3(b)
and 3(c)].

2.1.4. 3D-polarized light imaging method

Markus et al. came up with a 3D-polarized light
imaging (3D-PLI) to quantify the 3D orientation of
¯ber tracts in human brain based on the inherent
birefringence property of myelin sheath outside the
axon.49 First, the human brain sections were imaged
by a constructed polarimeter, which was composed
of two orthogonal linear polarizers, a �=4 phase
retarder sandwiched between polarizers and a
specimen stage. The scanning of images with a se-
quence of discrete angles was conducted by rotating
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the optical system around the stationary sample, as
PLI raw images, for each brain section. Owing to
the complete polarized light system, Jones calculus
was applied to calculate the transmittance through
the polarimeter. Thus, the light intensity, I, was
obtained at the pixel level with the following
expression:

I ¼ I0
2
� ½1þ sinð2�� 2�Þ � sinð�Þ�; ð14Þ

where I0 indicates the incident light a®ected by
local extinction e®ects, � indicates the azimuth of
the transmission axis of the ¯rst polarizer, � denotes
the azimuthal angle introduced in Fig. 1(b),41 and �
indicates the phase retardation due to the myelin,
which could be further calculated by the equation
below:

� � 2� � d ��n

�
� cos2’; ð15Þ

where � denotes the wavelength, d denotes the
section thickness, �n denotes the birefringence ef-
fect and ’ denotes the polar angle introduced in
Fig. 1(b).41 As introduced previously, � and ’ were

able to depict a certain orientation of ¯bers in 3D
space. In practice, the PLI intensity pro¯les re-
quired a three-step pre-processing to remove the
impact of absorption, scatter and noise: image cal-
ibration, non-target segmentation and removal, and
spatial independent component analysis (ICA).
After pre-processing, discrete harmonic Fourier
analysis was applied to the amended pro¯les, so
that the light intensity, I, was parameterized as

I ¼ a0 þ a1 � sinð2�Þ þ b1 � cosð2�Þ; ð16Þ

a0 ¼
I0
2
¼ 1

N

XN
i¼1

Ii; ð17Þ

a1 ¼
I0
2
� sin � � cosð2�Þ ¼ 2

N

XN
i¼1

Ii � sinð2�iÞ; ð18Þ

b1 ¼ �I0
2
� sin � � sinð2�Þ ¼ 2

N

XN
i¼1

Ii � cosð2�iÞ; ð19Þ

where Ii indicates the light intensity in accordance
to the rotation angle �i and N indicates the total
number of sampled data points, i. In the next step, �
and ’ were quanti¯ed. The ¯ber inclination map
depicted by the polar angle ’ was calculated by

Fig. 3. Demonstration of di®usion tensor imaging (DTI, or DT-MRI) and 3D-polarized light imaging (3D-DLI) quanti¯cation
methods. (a) Fractional anisotropy (FA) map of cerebral ¯ber tracts. (b) Color-coded 3D orientation map of cerebral ¯ber tracts. (c)
3D orientation color conversion legend of (b). (d) Grayscale encoding polar angle (inclination) map of brain section. (e) Grayscale
encoding azimuthal angle (direction) map of brain section. (f) HSV color-coded orientation map integrating both inclination and
direction information, with the color sphere at the corner as a legend. Reproduced with permission from Refs. 46 and 49.
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combining the following expressions:

jsin �j ¼ sin
�

2
� drel � cos2’

� �			 			; ð20Þ

jsin �j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a2
1 þ b21

q
=a0; ð21Þ

where drel indicates the ratio of the actual section
thickness d to the ideal thickness d�=4 which causes
�=2 phase retardation, re°ecting relative thickness
of the section. The direction map depicted by the
azimuthal angle � was acquired from ¯t functions,
which was determined at the minimum while ¯tting
the intensity pro¯le. Finally, after proper registra-
tion procedures, the ¯ber inclination map [Fig. 3(d)]
and direction map [Fig. 3(e)] could be visualized,
which were further combined to generate a volume
¯ber orientation map [3D-FOM, Fig. 3(f)].

2.1.5. ImageJ and CT-FIRE methods

In recent years, some automatic and semi-auto-
matic methods become available as free-source tools
for quanti¯cation of ¯ber orientation and align-
ment. Bredfeldt et al. combined the curvelet-trans-
form (CT) based denoising ¯lter and a tracking
algorithm called ¯ber-extraction (FIRE) together,
as CT-FIRE, which had potential in collecting
multiple physical features of collagen ¯bers such as
length, curvature, number and orientation.50 First,
images were preprocessed with ¯lters to enhance
fringe information and depress noise. Then the
FIRE algorithm was applied to processed images for
the extraction of the ¯ber trajectory.51 Speci¯cally,
images were applied threshold during the pre-
processing to produce a binary mask to distinguish
collagen from the background. After that, the dis-
tance transform was performed on the collagen
pixels to calculate the nearest distances from the
background. Next, a set of nucleation points were
made from the trace of ridgeline of the transformed
image, from which branches were extended. Finally,
the ¯ber trajectory was identi¯ed by connecting
adjacent ¯bers while omitting negligible ¯bers.
Venter et al. further combined ImageJ and CT-
FIRE method to measure the orientation of muscle
cells with alignment index (AI).52 At the very be-
ginning, they validated the method's adaptability
and feasibility in quantifying the orientation of el-
liptical shapes (in this case, myoblasts) with simu-
lation since the CT-FIRE method was originally
developed targeting at linear collagen ¯bers. Then,

images were binarized adaptively with the help of
ImageJ, with an order of grayscale conversion, noise
removal and local thresholding.53 Next, these
binarized images were processed with CT-FIRE
algorithm to calculate AI. Particularly, the authors
found that the calculation of AI should use the
preferred orientation (the average value of cell
orientations with maximal frequency range values)
rather than the average orientation (the average
value of total orientations) with the following
equation:

AI ¼ 1

N

XN
i¼1

ð2½cosðx� yÞ�2 � 1Þ; ð22Þ

where N stands for the total number of quanti¯ed
cells, x is the preferred orientation (ranging from 0�
to 180�), and y is the orientation of a standalone
muscle cell. The AI value ranged between 0 and 1,
where disorderly scattered cells with a value drawing
near to 0 and aligned cells with a value close to 1.

2.2. Applications of orientation and

alignment quanti¯cation

Regarding the application of orientation and
alignment algorithms, Sivaguru et al. utilized the
ROI-scale 2D FT-SHG technique together with
histogram analysis to quantitatively identify more
aligned collagen ¯bers in normal than injured horse
tendons. The conclusion that FT-SHG method
performed better than previously used polarization
microscopy with enhanced sensitivity was also de-
rived.22 Ambekar et al. also conducted similar
quanti¯cation method on porcine bones and con-
cluded that collagen ¯bers became more organized
as bone aged.23 Later, in order to extract organi-
zational features of collagen ¯bers, this group de-
¯ned fraction of anisotropic region number to the
isotropic region number as anisotropic to isotropic
(A:I:) ratio based on FT power spectrum analysis,
and used this metric to distinguish malignant breast
tumors from those of other stages.54 Although 2D
FT-SHG methods were e®ective in quantitatively
depicting ¯ber orientation at ROI scale, there was
still a tradeo® between computational cost and
precision. Meanwhile, 2D methods were less com-
petent in quantifying collagen ¯bers that stacked up
and aligned across optical sections.

Lau et al. used the FT-SHG imaging to assess
collagen ¯ber organization in mouse cervices.55

Quanti¯cation methodologies on organization and morphology features of ¯ber-like structures
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In particular, the acquired images were analyzed
with both 2D and 3D FT. First, images were grid-
ded so that orientation of ¯bers in each region could
be properly described. Then regions with negligible
signals were labeled to be dark. Next, regions whose
frequency spectrum possessed obvious peaks were
referred to as anisotropic and the corresponding
preferred orientation was allocated, similar to the
analysis performed by Rao et al.,43 whereas regions
in lack of obvious peaks in spectrum were tagged as
isotropic. In this way, a ternary-label map with
isotropic regions marked with preferential orienta-
tions was generated. The raw 2D SHG image and
corresponding ternary-label map, with two repre-
sentative 3D reconstructed areas, are shown in
Fig. 4(a).55 Additionally, this group performed

similar methods to quantify collagen ¯ber organi-
zation in porcine sclera and concluded that collagen
¯bers aligned consistently within a certain layer
while variously among di®erent layers.56 By com-
parison, the 3D FT analysis was more sensitive than
the 2D counterpart in quantifying the orientation of
non-negligible quantities of collagen ¯ber that
aligned obliquely to optical sections. Meanwhile, the
3D method was also advantageous in quantifying
orientation variation of interlayer collagen ¯bers.
However, the problem of grid size determination
still existed.

Quinn et al. utilized their algorithm to map the
pixel-speci¯c orientation distribution of several
kinds of distinct ¯ber-like structures with di®erent
imaging methods, as shown in Fig. 4(b).44 These

Fig. 4. Application examples of distinctive orientation quanti¯cation methods. (a) The raw SHG image and corresponding
ternary-label map acquired from 3D FT-SHG analysis, along with 3D rendered models of raw images and ROI-level preferred
orientation distribution of two regions 1 and 2. (b) Raw images and 2D orientation maps of neurites, silk ¯bers, collagen and
MCF10A cell cultures, acquired from 2D vector summation algorithm. (c) 3D vector summation and directional variance algorithm
applied in modeling and distinguishing di®erent layers of mouse articular cartilage. *, p < 0:05; Scale bar, 50	m. (d) Quantitative
images of both collagen ¯bers and crosslinks from the heart tissue at di®erent time points following heart infarction. Reproduced
with permission from Refs. 14, 26, 44 and 55.
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¯ber-like structures included neurites, silk ¯bers,
and collagen ¯bers within tissues and MCF10A cell
cultures. As can be seen, the quanti¯cation results
exhibited excellent consistence with raw images
from di®erent imaging modalities, which fully
proved the robustness of the algorithm. After ex-
tension to 3D format, the 3D weighted vector
summation algorithm and 3D orientation variance
parameter were applied by Liu et al. to modeling
the physical structure of mouse articular cartilage.26

The schematic model, 3D reconstructed multi-pho-
ton microscopy images, typical orientation histo-
grams and 3D directional variance analysis results
are shown in Fig. 4(c).26 The articular cartilage
model contained four layers from the inside to
outside: calci¯ed, radial, transitional and super¯cial
zones.26 Furthermore, orientation histograms im-
plied that ¯bers in the radial zone tended to align
perpendicular to the articular surface, while ¯bers in
the super¯cial zone preferred to orient parallel to
the surface. Yet in the transitional zone, ¯bers dis-
tributed more broadly in orientation. Further, 3D
directional variance analysis results [last row in
Fig. 4(c)] indicated that collagen ¯bers in the radial
and super¯cial zone were more aligned than those in
the transitional zone, in accordance with the ori-
entation histograms.26 This algorithm with relevant
variance parameter has been proved to be compe-
tent in mapping voxel-wise orientational and orga-
nizational distributions of collagen ¯bers in the
articular cartilage model.

The orientation and alignment of collagen ¯bers
were closely associated with the way and extent of
cross-linking, which referred to the ability of colla-
gen ¯brils to form strong chemical bonds with ad-
jacent ¯brils.57 Cross-linking functions in collagen
organization modulation, stromal sti®ness varia-
tion, and can be responsible for ECM remodeling
alteration, some of which may be contributed to
gene regulation.58 Moreover, cross-linking was cor-
related with the auto°uorescence of collagen
¯bers.59 In terms of quanti¯cation, Marturano et al.
proved that the two-photon excitation °uorescence
(TPEF) signal at certain excitation-emission set-
tings was sensitive to cross-linking, as validated by
the traditional liquid chromatography-mass spec-
trometry measurements.60 This implicated a quan-
titative imaging method to identify cross-linking
within collagen ¯bers. Based on this clue, Quinn
et al. excited cross-linking with 740 nm laser and
gathered the TPEF auto°uorescence emission

signal at the wavelength of both 400 nm and 525 nm
[Fig. 4(d)].14 Quantitative analysis indicated that
increased cross-linking level, as represented by the
enhanced TPEF signal intensity, was positively in-
terrelated to the increased alignment of collagen
¯ber (i.e., decreased 3D directional variance) while
recovering from mice heart infarction.

3. Waviness

Among various parameters for morphological fea-
tures of ¯ber-like structures, waviness was an im-
portant one since the variation of which was easily
subject to load and stress. The degree of waviness
(or curvature, undulation, tortuosity) of ¯brillar
structures, W , was often related to the ratio of the
chord length to the arc length, which was also re-
ferred to as straightness parameter.61 This quanti-
¯cation parameter was successfully utilized to study
the stress-loaded structural variation of blood ves-
sels, such as sti®ness di®erence in distal and proxi-
mal regions of thoracic and abdominal porcine
aorta,62,63 reaction in the medial layer of ovine
pulmonary artery wall,64 and uncrimping process in
primate artery.24 Moreover, waviness of elastic
laminas (ELs) in both circumferential and longitu-
dinal directions was measured to deduct the buck-
ling structure of ELs.65 In addition, morphological
abnormalities of collagen ¯bers in ECM may pro-
vide information about pathological changes. For
example, the waviness of partial collagen ¯brils in
abdominal aortic aneurysms was characterized to
be abnormally increasing.66

3.1. Methodologies of waviness

quanti¯cation

3.1.1. Descriptive parameter aspect ratio

Benboujja and Hartnick provided a plain descrip-
tion on continuous collagen ¯bers while examining
human vocal fold structures in the anterior region.67

As can be seen from the 3D reconstruction of com-
bined TPEF and SHG images [top, Fig. 5(a)],67

elastin (red) and collagen ¯bers (green) exhibited a
quasi-sinusoidal wave-like pattern. This waviness
shape could be delineated as peaks and valleys with
a spatial period value, �, and an amplitude value, a
[bottom, Fig. 5(a)]. A similar metric, aspect ratio,
was also de¯ned as the ratio of a and � to describe
marcel in glass ¯ber composites.68 However, this
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metric was not widely applicable since most ¯ber
shapes were far from ¯rmly sinusoidal structure.

3.1.2. NeuronJ based straightness parameter

quanti¯cation

Rezakhaniha et al. put forward straightness pa-
rameter to quantify the collagen ¯ber waviness in
arterial adventitia imaged by confocal micro-
scopy.61 As can be seen from Fig. 5(b),61 the
straightness parameter (Ps) was de¯ned by the
following expression:

Ps ¼ L0=Lf ; ð23Þ
where L0 represented the straight line distance be-
tween two ends of the examined ¯ber bundle and Lf

represents its actual length. The Ps value is dis-
tributed within the range between 0 and 1, with a
completely straight ¯ber drawing near to 1 and a
highly-wavy ¯ber approaching 0. In other words,
this metric could mediately re°ect the degree of
waviness. In order to acquire L0 and Lf , an ImageJ
plug-in, NeuronJ, was utilized to quantify collagen
¯bers within 2D images manually.

3.1.3. Pixel-wise automated waviness

quanti¯cation

Recently, Qian et al. reported another normalized
metric, the pixel-wise, automated waviness

(paWav), to quantify morphology of ¯ber-like
structures, with a lower value representing
straighter ¯bers.28 As can be seen from Fig. 5(c),28

the algorithm was based on pixel-wise orientation
matrix and corresponding binarized mask, which
were outputs from weighted orientation vector
summation algorithm.44,45 First, an m�m pixel
window was generated and centered at each ¯brillar
pixel (pixels with value 1 in the binarized mask) in
both orientation matrix and binary mask. For the
binary mask, the pixel value at window center was
modi¯ed as �N , where N þ 1 represented ¯brillar
pixel number within the window, and then each
pixel value in the window was divided by N . Next,
the two windows from separate matrices were per-
formed with cross-correlation which averaged the
summation of orientation di®erence between all
non-centered pixel and the center pixel value within
the window. Next, the operation result was followed
by division of 90 as normalization. Finally, a new
matrix formed by normalized values from all win-
dows was color-coded to generate the pixel-wise
waviness map.

3.2. Applications of waviness

quanti¯cation

Regarding applications of waviness quanti¯cation
algorithms, Rezakhaniha et al. quanti¯ed collagen
¯ber straightness distribution of carotid artery

Fig. 5. Schematics of waviness quanti¯cation methods. (a) 3D rendering of elastin and collagen ¯bers in human vocal fold, with the
inset showing ¯bers exhibiting quasi-sinusoidal wavery linear shapes and described by two parameters. (b) Schematics showing
de¯nition of straightness parameter in 3D and 2D spaces. (c) Flowchart showing the process of calculating paWav distribution and
post-mapping illustration. Reproduced with permission from Refs. 28, 61 and 67.
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adventitia in rabbits.61 With the help of NeuronJ,
the straightness parameter (Ps) datum was extrac-
ted and its probability density distribution was
¯tted by beta and extreme value distributions, as
shown in Fig. 6(a).61 As a result, beta distribution
performed better for zero-stress straightness of col-
lagen ¯bers in adventitia, which was also con¯rmed
by other similar studies.42 This quanti¯cation
method was able to determine straightness distri-
bution type, o®ering information to explore inner
structure of collagen ¯ber in adventitia. Chow et al.
also quanti¯ed the waviness changes of elastin and
collagen ¯bers in porcine thoracic aortas adventitia
during mechanical loading by Ps with NeuronJ.69

The change of Ps with increasing biaxial strain is
plotted in Fig. 6(b),69 with x-axial variable de¯ned
as ðl� LÞ=L, where l and L were original and re-
sultant length of the target. This plot indicated that
strain higher than 20% signi¯cantly increased the
Ps of collagen ¯bers, which was in accordance with
former conclusion that collagen ¯bers turned to be
the main load bearing structure at higher tension.70

Chen et al. extended the ¯ber-stretch study with Ps

on coronary adventitia and concluded that most
collagen ¯bers would straighten when ðl� LÞ=L
reached 80%.71 Although the straightness parame-
ter has been successfully utilized as a metric to
quantify crimpy degree of ¯ber-like structures,
presentation approaches were limited to statistical
diagrams and/or line charts, which lacked intui-
tiveness. And the extraction process of Ps typically
required extra manual operation.

Qian et al. applied their algorithm to studying
waviness variation during microtubule-associated
endoplasmic reticulum (ER) formation process from
time-dependent super-resolution images acquired

by structured illumination microscopy (SIM).27

With the help of extracted dynamic waviness
changes in color-coded map in combination with
orientation assessments, a new microtubule-associ-
ated ER formation mechanism, termed hooking,
was identi¯ed, in addition to the three mechanisms
recognized already. Later, Qian et al. utilized their
algorithm to map pixel-wise waviness distribution
of the whole-body blood vessels in mice, based on
aggregation-induced emission luminogens (AIE-
gens) excited °uorescence images.28 A typical raw
image and corresponding color-coded paWav map
are shown in Fig. 6(c).28 The algorithm proposed by
Qian et al. successfully depicted the waviness dis-
tribution of ¯ber-like structures ranging from sub-
cellular microtubules to large-scale whole-body
vessels automatically at pixel-level accuracy.
Meanwhile, the color-coded output provided direct
visualization of wavy features, which might enable a
better understanding of morphological alterations
in physiological and pathological activities.

4. Thickness

Vascular structures and systems were basic ¯ber-
like structures in mammal bodies and played an
important role in substance delivering. Thus, mor-
phological variations in vasculature, particularly in
blood-vascular system, were related to anomalies
concerning pathological changes such as tumor
growth,72 cerebral injuries,73 cardiovascular anom-
alies,74 and ophthalmic diseases.75 Compared with
other ¯ber-like structures, blood vessels were larger
in size. In this way, the thickness of vessel was
regarded as a signi¯cant feature since its variation
could re°ect changes in pulse wave velocity,76 blood

Fig. 6. Applications of waviness quanti¯cation algorithms. (a) Weighted straightness parameter histogram distributions of rabbit
carotid artery adventitia ¯bers, ¯tted by beta and extreme value distribution methods. (b) Straightness parameter of porcine
thoracic aortas adventitial collagen ¯bers responding to equal-biaxial strain. (c) Raw image and color-coded paWav distribution
map of whole-body blood vessels in mouse. Scale bar: 15mm. Reproduced with permission from Refs. 28, 61 and 69.
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pressure,77,78 and even body mass index (BMI).79

For instance, children with higher blood pressure
were more likely to possess thinner retinal arteriolar
calibers than those with lower blood pressure.79,80

Nevertheless, attention was mainly focused on
studying the relationship between vessel diameters
and other heath indexes through statistical analysis,
while little has been paid to a direct visualization of
thickness changes.

4.1. Methodologies of thickness
quanti¯cation

4.1.1. Improved boundary intersection method

For 2D vessel thickness quanti¯cation, the method
of calculating distance between two vessel edges was
commonly applied [top, Fig. 7(a)].81 While in 3D
images, vessels were reconstructed to be cylindrical
structures, where the distance between edge points
was not appropriate to represent their diameters.
To improve this shortcoming of the 2D method, Sun
et al. proposed the 3D boundary intersection
method to quantify the blood vessel diameter based
on photoacoustic images [bottom, Fig. 7(a)].81 The
vessel skeleton line and edges were ¯rst extracted.
Then, a circle perpendicular to the skeleton line
with ¯nite points was ¯tted to the vessel perimeter.
Next, the circle's radius was increased with ¯nite
points so that su±cient perimeter points would in-
tersect with the vessel edges. Finally, the distances
between each perimeter point and the circle center

were averaged to estimate the vessel diameter. The
robustness of extended 3D approach was a±rmed
by a test on tungsten wire measurement which
showed superior accuracy over 2D method.

4.1.2. Gradient-guided minimum radial
distance algorithm

Wei et al. put forward a gradient-guided minimum
radial distance (MRD) algorithm to quantify blood
vessel diameter,82 as shown in Fig. 7(b). The origi-
nal simulated vascular structure image was ¯rst
binarized by thresholding and ¯ltering. Then the
binary map was converted to a one-pixel-wide
skeletonized map, or vessel skeleton map (VSM) by
iterative boundary corrosion and a vessel perimeter
map (VPM) by edge detection, respectively. Next,
the minimal distances from the skeleton to both
opposite perimeters were calculated. Finally, the
diameter value corresponding to the skeleton pixel
was estimated by the summation of two related
distance values o®ered by the last step, with the
expression below

D ¼ min
i2VPM ;Q

ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxi � xÞ2 þ ðyi � yÞ2

q
Þ

þ min
j2VPM;�Q

ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxi � xÞ2 þ ðyi � yÞ2

q
Þ; ð24Þ

where D indicates the vessel's diameter, ðx; yÞ
indicates the coordinate of a pixel at the extracted
skeleton, ðxi; yiÞ and ðxj; yjÞ indicate coordinates of

Fig. 7. Schematic representations of thickness quanti¯cation methods. (a) Schematic of boundary intersection method in 2D and
3D environments. (b) Flowchart of gradient-guided minimum radial distance thickness quanti¯cation method. Scale bar: 0.5mm.
(c) Schematic of automated adaptive windowing-based vessel diameter quanti¯cation algorithm. NEP, number of e®ective pixels.
Scale bar: 100	m. Reproduced with permission from Refs. 81–83.
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pixels in the VPM, which belongs to the diagonal
searching quadrants Q and �Q, respectively. The
quanti¯cation result was then utilized to generate
color-coded diameter maps. Additionally, in order
to estimate the mean diameter of all bifurcations
within the examined structure, a vessel tracing al-
gorithm was employed.

4.1.3. Pixel-wise thickness estimation

Meng et al. reported another pixel-wise algorithm to
automatically depict the vessel diameter map with
high sensitivity, with corresponding schematic
shown in Fig. 7(c).83 The original images were ¯rst
binarized to create vessel masks. Next, for each
vessel pixel in the mask, the minimum distance to
the background was calculated, which was followed
by an adaptive distance transmission to assign ap-
proximately the same distance value to the pro¯le of
the vessel. Finally, the adaptive correlation opera-
tor was performed to smoothen the image.

The quanti¯cation result was then pseudo-color
coded as the ¯nal quanti¯cation map.

4.2. Applications of thickness
quanti¯cation

Regarding applications of thickness algorithms, Sun
et al. compared the 2D and 3D vessel diameter
quanti¯cation methods in characterizing tumor
vascular networks acquired by photoacoustic im-
aging. As can be seen from probability distributions
from 2D and 3D analysis [Fig. 8(a)],81 the 2D dis-
tribution exhibited multiple peaks, while the 3D
algorithm improved this deviation by better dis-
tinguishing vessels with resemble diameters.81

However, phantom of vessels distributing outside
the optical section might still cause disturbance to
the quanti¯cation.

Wei et al. quanti¯ed the thickness of mice cere-
bral vasculature imaged by optical coherence
tomography angiography (OCTA) in vivo.82

Fig. 8. Application examples of three vessel diameter quanti¯cation methods. (a) Vessel diameter histograms extracted by
boundary intersection method, along with corresponding 3D renderings. (b) OCTA angiogram with tagged mean vessel diameter
values by MRD method combined with vessel tracing algorithm. Scale bar: 0.5mm. (c) Pixel-wise dynamic monitoring of marmoset
cerebral vessel thickness. Reproduced with permission from Refs. 81–83.
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Figure 8(b) shows the OCTA image tagged with
mean diameter values at local branches calculated
by a combination of MRD and vessel tracing.
Although this approach o®ered more detailed
results than histogram-based presentations with
in situ tags with supreme precision and consistency,
results were likely to be underestimated at abnor-
mal bloodstream locations and overestimated due
to restricted OCT lateral resolution.82

Meng et al. applied their vessel thickness algo-
rithm to marmoset cerebral blood vessel images.83

As shown in Fig. 8(c), this algorithm identi¯ed
dynamic vessel diameter changes as a function of
time with high sensitivity. The output pixel-wise
thickness map was not only excellent in visualiza-
tion and accuracy, but also applicable to be adapted
to statistical analysis to extract detailed physio-
logical information, such as heartbeat frequency in
this case.

5. Discussion and Future Perspective

In summary, we have reviewed various methods to
quantify ¯ber-like structures distribution within
biological tissues. These methods are conducted to
depict organizational and morphological features of
¯brous biological structures from di®erent aspects,
including orientation, waviness and thickness. Some
methods to quantify ¯ber orientation distribution
also assess ¯ber alignment degree, which add make-
ups to ¯ber organization quanti¯cation. In partic-
ular, some new parameters have been de¯ned to
describe morphological features of ¯ber-like struc-
tures in detail, such as AI or A:I: ratio, 3D direc-
tional variance, straightness parameter, paWav,
and so on.

Early quantitative analysis used the optical FT
set-ups to characterize spatial organization of ¯ber-
like structures based on intensity distributions of
di®raction patterns.36,84 The acquired FT spectrum
could be further combined with territorial maps to
identify orientational feature variations among dif-
ferent imaging locations. However, due to the lim-
ited resolution and coarse device, these
quanti¯cation results were far from intuitive and
o®ered limited assistance in interdisciplinary appli-
cations. After the emergence of digital imaging and
processing, global features of overall ¯brous struc-
tures within the image were extracted.85 With the
development of imaging technologies and hardware
computational power, subsequent quanti¯cation

methods improved the characterization precision.
Rao et al. chose several ROIs and performed FT-
SHG analysis on collagen ¯bers within each ROI.43

This approach indicated the usefulness of ROI-scale
analysis and proved its consistency with the overall
¯ber alignment. Lau et al. further performed gird
segmentation before FT analysis on both 2D and 3D
images.55 Each analyzed gridded image was tagged
with dark, isotropic or anisotropic according to both
signal intensity and FT spectrums, which was
somehow similar to that conducted by Rao et al.43

With the generation of a ternary-label map, this
method was competent to re°ect the orientation
distribution with more details. However, the ¯ber
features close to the grid border were likely to be
ruptured by the in°exible square grid. Meanwhile,
the gird size was another problem since it was
critical to the balance of quanti¯cation precision
and computational time.

By comparison, the pixel-wise quanti¯cation
method shows advantages in precision for many
reasons.26–28,45,83 First, this method enables pixel-
resolved readout of ¯ber morphological and orga-
nization characteristics, making it possible to depict
variation of certain features at localized regions
within individual ¯bers. Second, analysis results at
each pixel quantitatively and accurately re°ect the
¯ber features in the proximal region which is often
referred to as a local window. Depending on the size,
this window might not only include other pixels
from one single ¯ber to quantify its morphology, but
also include information from neighboring ¯bers
that is required to assess ¯ber alignment and other
collective features. Therefore, the pixel-wise method
can naturally overcome the drawbacks of in°exible
grid segmentation and global window-based
measurement.

Meanwhile, novel algorithms proposed in recent
years have also enriched presentation formations,
from histograms with curve ¯ttings to pseudo color-
coding maps, to achieve a more vivid exhibition of
quanti¯cation results. Furthermore, quanti¯cation
techniques with relevant parameters have shown
excellent performance in applications of biological
structure modeling, carcinoma staging and patho-
logical change recognition, which may enable high-
ly-promising future usage of these newly-developed
techniques.

Although there have been independent methods
proposed to quantify biological ¯ber-like structures
from distinct perspectives, there seems to be a
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naturally developing trend that multi-parametric
quantitative analysis is emerging in di®erent appli-
cation scenarios. For example, both ¯ber straight-
ness and cross-link density were observed to
increase and deemed as collagen signatures in early
gastric cancer with lymph node metastasis.86 Ad-
ditionally, density and alignment of collagen ¯bers
were found to be signi¯cantly higher in grade four
renal cell carcinoma than grade one.87 A combined
analysis of orientation, directional variance and
waviness was performed in organelle reconstruction
recognition, vasculature modeling and pathological
change spot identi¯cation.27,28 Moreover, three
tumor-associated collagen signatures (TACS) were
identi¯ed in breast cancer with di®erent collagen
density and orientation, indicating that matrix re-
organization was relevant to initiation and invasion
of breast cancer.15,88 Later, more TACS were iden-
ti¯ed to add subdivision in classi¯cation of mam-
mary carcinoma progression staging, contributing
to establishing a risk prediction model that worked
well in prognosis and o®ered diagnosis and treat-
ment advice.89

In the near future, with advances in high-
resolution and/or super-resolution microscopy
techniques, more methods with improved quanti¯-
cation accuracy shall be highlighted in both resear-
ches and clinical applications, serving as robust tools
to further investigate biological ¯brous structures in
exploring and modeling structure-function relation-
ship and pathological development processes.
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