N
N

N

HAL

open science

Rapid three-dimensional quantification of voxel-wise
collagen fiber orientation

Zhiyi Liu, Kyle P Quinn, Lucia Speroni, Lisa Arendt, Charlotte Kuperwasser,

Carlos Sonnenschein, Ana M. Soto, Irene Georgakoudi

» To cite this version:

Zhiyi Liu, Kyle P Quinn, Lucia Speroni, Lisa Arendt, Charlotte Kuperwasser, et al.. Rapid three-
dimensional quantification of voxel-wise collagen fiber orientation. Biomedical optics express, 2015, 6

(7), pp.2294. 10.1364/BOE.6.002294 . hal-03574893

HAL Id: hal-03574893
https://ens.hal.science/hal-03574893
Submitted on 15 Feb 2022

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://ens.hal.science/hal-03574893
https://hal.archives-ouvertes.fr

Rapid three-dimensional quantification of voxel-
wise collagen fiber orientation

Zhiyi Liu, Kyle P. Quinn,' Lucia Speroni,2 Lisa Arendt,’ Charlotte Kuperwasser,3
Carlos Sonnenschein,” Ana M. Soto,” and Irene Georgakoudi"

!'Department of Biomedical Engineering, Tufts University, Medford, MA 02155, USA
’Department of Integrative Physiology and Pathobiology, Tufts University School of Medicine, Boston, MA 02111,
USA
*Department of Anatomy and Cell Biology, Tufts University School of Medicine, Boston, MA 02111, USA
*irene.georgakoudi@tufis.edu

dO [ed1pawolg

Abstract: Defining fiber orientation at each voxel within a 3D biomedical
image stack is potentially useful for a variety of applications, including
cancer, wound healing and tissue regeneration. Current methods are
typically computationally intensive or inaccurate. Herein, we present a 3D
weighted orientation vector summation algorithm, which is a generalization
of a previously reported 2D vector summation technique aimed at
quantifying collagen fiber orientations simultaneously at each voxel of an
image stack. As a result, voxel-wise fiber orientation information with 4° to
5° accuracy can be determined, and the computational time required to
analyze a typical stack with the size of 512x512x100 voxels is less than 5
min. Thus, this technique enables the practical extraction of voxel-specific
orientation data for characterizing structural anisotropy in 3D specimens.
As examples, we use this approach to characterize the fiber organization in
an excised mouse mammary gland and a 3D breast tissue model.

©2015 Optical Society of America

OCIS codes: (100.2960) Image analysis; (100.6950) Tomographic image processing;
(180.4315) Nonlinear microscopy.
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1. Introduction

Collagen, in the form of elongated fibrils, is the main protein of the various connective tissues
in animals [1,2]. Tough bundles of collagen fibers are a major component of the extracellular
matrix (ECM) that provides support for cells in most tissues [3,4]. The triple helical structure
of collagen enables adhesiveness of cells and is important for the proper assembly of the
ECM [5]. The levels of hydroxylation, glycosylation, cross-linking and the mechanical
properties of collagen are dependent on a number of important tissue properties, including
tissue type, age, and hormonal status [2]. In addition, collagen fiber orientation provides a
potential biomarker for diagnosing diseased tissues, assessing response to treatments,
localizing injuries, or monitoring engineered tissue development [6—10]. A number of
techniques, such as ones based on the Fourier transform [11-13], Hough transform [10,14],
and principal component analysis [15—17] are widely employed to quantify fiber orientation
within two dimensional (2D) images. The applications of these 2D techniques have shown
potential in providing orientation distribution information to assess collagenous tissues and
understand interactions between cells and the ECM. Nevertheless, we expect that 3D analysis
represents more accurately the architecture of collagen fibers than 2D analysis, and may be
more sensitive to subtle changes in the micro-environment [18]. For example, recent research
on collagenous fibrosis has shown that 3D analysis depicts pathological changes due to
fibrosis progression more precisely than 2D analysis [19-21].

Although there are a number of 2D approaches developed for collagen fiber orientation
analysis, only a small number of 3D techniques exist to quantify the fiber direction in an
image stack. Sophisticated techniques such as fiber tracking approaches have been developed
[22-25], in which fiber objects are defined and tracked through energy minimization (e.g.,
active contours) or line propagation algorithms. However, the performance of these advanced
techniques strongly depends on the complexity of the image [26], and they are less feasible
when applied to, for example, dense fibrillar objects. They utilize iterative processes, which
are relatively time consuming and typically require some level of user interaction.

Fourier transform (FT) based approaches are commonly applied for 2D orientation
analysis, and they have been extended to 3D fiber characterization of second harmonic
generation (SHG) images [27]. For such methods, the image stack is first divided to create a
set of regions of interest (ROIs), and the overall orientation of collagen fibers within each
ROI is determined by the filter bank method [27]. The filter bank consists of various 3D
orientation filters constructed in the Fourier space. By comparing the Fourier transform of
each ROI with filter banks, the filter orientation that corresponds to the maximum likelihood
is designated as the fiber orientation. However, the computational cost of this technique relies
strongly on the fiber density of the image, and the size of ROI is a tradeoff between the
determination accuracy and the computational time. Yet, the ability to automatically generate
fiber orientation information at each voxel within an image would be advantageous for many
applications. Further approaches include the chord length transform [28], Gaussian
orientation space [29,30] and inertia moments [31]; however there are some restrictions on
the characteristics of fibers (e.g., shape, cross section or thickness) when using these
techniques.

In our previous work, we developed a weighted orientation vector summation algorithm
which is capable of detecting fiber orientation simultaneously at each pixel within a 2D image
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[32]. This technique relies on changes in the intensity variations across a fiber in different
directions. For example, intensity variations will be subtle along the direction of a fiber, and
rather significant and abrupt while traversing the fiber diameter. As a result, pixel-specific
fiber orientation information can be provided faster than pixel-wise Fourier analysis with
comparable accuracy by an order of magnitude. This technique has been successfully applied
for studying interactions between the matrix and human breast cells [33], and mapping scar
formation in histological tissue sections [34,35]. Compared to edge detection algorithms that
have been developed for rapidly detecting fiber orientation in micrographs, such as
algorithms based on Sobel or Canny operators [36—38], this technique has improved accuracy.

In this study, we develop a 3D weighted orientation vector summation technique in
MATLAB for the rapid and accurate quantification of fiber orientation at each voxel within
an image stack. We describe our methodology, including an overview of the analysis
algorithm and evaluation of the technique performance. We assess the accuracy of this
detection algorithm by simulating images with known orientations, monitor computational
time with varying image and window sizes, and make a comparison between 3D and 2D
techniques. Finally, we present applications of this technique to analyze second harmonic
generation (SHG) images acquired from an excised mouse mammary gland and a 3D breast
tissue model.

2. Methods
2.1 Overview of the vector summation technique for 3D orientation detection

The algorithm developed in this study detects 3D fiber orientation by identifying the
variability of intensities along all the directions surrounding each voxel within an image
stack. In order to depict an orientation in 3D space, normally an angle in the transverse plane
@ and an inclination angle ¢ are defined (Fig. 1(a)). To cover all the 3D orientations, the

range of both & and ¢ can vary between 0° and 180°. The red solid line in Fig. 1(a)

represents a fiber of interest, with 8 defined as the angle between the projection of the fiber
in the xy plane and the x axis, and @ defined as the angle between the fiber and the —z

axis. In our algorithm, we define two additional angles, f# and y: S is the angle between
the projection of the fiber in the zx plane and the x axis, and y is the angle between the
projection in the yz plane and the —y axis. We assume the red dashed line to be the

calculated fiber orientation, and then ¢ is defined as the angle between the defined and the
calculated orientation (Fig. 1(a)).
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Fig. 1. Schematic of the angle definition in this study. (a) Basic angles defined for orientation
calculation and error assessment. (b) Angles defined to reveal the case of varied axial-to-lateral
sampling ratio.

Vector summation obeying basic rules can provide orientation information of circular data
(for which an orientation of 0° and 360° are equivalent). However, fiber orientations are axial
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data (for which 0° and 180° are equivalent), and the vector summation rules should be
modified accordingly. In the 2D case, a single angle 8 is sufficient to depict the fiber
orientation. To account for the degeneracy of the axial data in 2D space, all vector angles are
first transformed to circular data by multiplying the angular values by 2 prior to the
summation of x and y components, and the resultant angle is then divided by two in order
to determine the mean fiber orientation [39]. In the 3D case, the situation is much more
complicated requiring that both & and ¢ should be determined to characterize the fiber
orientation. The determination of @ is achieved by projecting fibers to a fixed 2D plane, i.e.,
the xy plane (Fig. 1(a)), which means that the calculation of @ still obeys the 2D vector
summation rules. However, according to the definition of @ which is the angle between the
fiber of interest and the —z axis, there is no fixed 2D plane that can be projected to for the
determination of all the possible ¢ orientations. Therefore, the 2D vector summation rules
for axial data are no longer applicable to the determination of ¢ . In order to solve this
problem, we transform our data into 3 sets of 2D data by projecting our 3D fiber images onto
3 orthogonal planes. &, B and y are the 3 angles defined by the projections on the 3
orthogonal planes, and therefore we are able to describe their statistical properties using the

vector summation rules for axial data mentioned above. According to Fig. 1(a), the inclination
angle @ can be expressed using a combination of # and y as follows:

1
. 1
tan’ f tan’ y O
As a generalization of the 2D algorithm, the 3D orientation algorithm starts by generating
a cube window so as to evaluate each voxel within the cube. We calculate 8, § and y for

tan’ Q=

every voxel in the 3D window. We first define all the possible vectors passing through the
center voxel, then weigh these vectors by intensity variations among voxels, and finally sum
up these weighted vectors to obtain the orientation. Specifically, after weighing these vectors
by the voxel intensity, we project them to the xy, yz and xz plane, and sum up projections
of these vectors to determine angles €, ¥ and f, respectively. To save computational time,
instead of assessing all the orientation vectors within a cube window to determine the
orientation of the center voxel of the cube, we first average the cube along one of the three
orthogonal planes to reduce the cube window to a square window, and then calculate the
orientation of the center pixel of the square, following an approach identical to the 2D
weighted orientation vector approach described previously [32]. In this manner, the algorithm
dealing with a 3D cube is converted to an algorithm dealing with a set of 2D squares, and
therefore the computational time is greatly reduced by approximately 7 -fold (assuming that
the cube window has a nxXnxn size).

The overall approach is depicted in Fig. 2. Figure 2(a) is a 3D reconstruction of a test
image stack, with one frame on the xy plane shown in Fig. 2(b). Figure 2(c), 2(d) and 2(e)
are averaged projections of 11 frames in the xy, yz and xz planes respectively, for the
determination of angles 6 (c), ¥ (d) and S (e), with the number of averaged frames
corresponding to the width of the analysis window size. The inset in Fig. 2(c) zooms in a
small region with a 11x11 pixel window, which is used for the ensuing analysis steps. The
determination of 8, 8 and ¥ obeys the same rules, and therefore only the determination of
@ is demonstrated in Fig. 2(f)-2(j). First, all the vector directions passing through the center
pixel (as marked in red in Fig. 2(j)) within the window are defined (Fig. 2(f)). The perimeter
of a circle with a diameter L is 7L, and therefore the number of lines with length L
passing through the center pixel of the window also scales in number by 7 - L . Because the
longer vectors corresponding to intensity fluctuations farther from the center pixel are more
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numerous, these vectors would have a greater collective weight when calculating the mean
orientation of the center pixel using vector summation. To account for this effect, each vector
is weighted by the inverse of its length ( L), which is the first weight factor (Fig. 2(g)). By
doing this, pixels close to the center pixel of interest would have equal collective weight as
pixels far away from the center (Fig. 2(g)). The second weight factor is based on the grayscale
intensity fluctuations among the pixels in a given direction. As a vector is defined by two
additional pixel locations symmetric about the center pixel, the second weight factor is
determined by weighting the vectors according to the lack of variance among the intensities
of the three pixel locations used to define the vector. The expression of the second weight
factor is the difference between the maximum possible standard deviation among these three
pixel locations and the measured standard deviation among them (Fig. 2(h)), where a, is the
intensity of each pixel, and a is the mean intensity of these three pixels. If the intensity of the
image is converted to a range from 0 to 1, then the maximum standard deviation among three
pixels is the square root of 1/3. After being weighted by these two factors (Fig. 2(i)), all the
vectors are summed to determine an average orientation of 8, # and y surrounding the

center pixel (Fig. 2(j)), and ¢ is then calculated according to Eq. (1).

Summed vector

Fig. 2. Summary of 3D weighted orientation vector summation technique for voxel-wise fiber
orientation detection. (a) 3D reconstruction of the test image stack. (b) One single frame in the
xy plane. (c) The same frame as (b) but with neighboring frames averaged. (d) One averaged

frame in the yz plane. (e) One averaged frame in the zx plane. (f) An analysis window with
all the orientation vectors. (g) Vectors modified by weight factor 1 (7] ). (h) Vectors modified
by weight factor 2 (W, ). (i) Vectors modified by combining weight factors 1 and 2. (j) The
orientation of the center pixel calculated by summation of all the weighted orientation vectors.

2.2 Evaluation of the vector summation technique performance

To evaluate the accuracy of this vector summation technique to detect fiber orientation,
images with known orientations were generated and assessed. First, to determine the
relationship between measurement error and fiber thickness, 7 image stacks with a size of
200%x200x200 voxels with 28 cylinders were produced with different diameters of 3, 5, 7, 9,
11, 13 and 15 pixels. To generate these cylinders, the center of each cylinder could be a
random voxel within the stack, and then the cylinder was formed by stretching across the
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space based on randomly defined @ and ¢ orientations (using the rand MATLAB function),
which covered the full range of (0°, 180°) and known during the image generation. The only
difference among these 7 stacks was the cylinder diameter. Cylinders were not permitted to
overlap because a true orientation value at such a voxel would be unknown, but cylinders of
different orientations were permitted to be located very close to each other, with only a 1-
voxel gap in localized regions. To study the effects of fiber density, a similar generation
method was employed to create three 200x200x200 voxel cylinder stacks with the same
diameter of 7 pixels, but different cylinder numbers of 27, 44 and 59, respectively.

The average absolute difference in the defined and calculated orientations of angles 6 and
¢, and the average absolute value of the angle between the defined and the calculated

orientation ( J ) were calculated to assess the accuracy of the 3D vector summation technique.
To define &  let us assume that the unit vector for the defined orientation is d,, :

(sing,, cos®,, sing,, sinf, cosg,, ), and the unit vector for the calculated orientation is

d,, ( sing,, cosd,, sing,, sin6, cos@,, ). Based on the definition:
cosd =d,, -d,, / |c7 ief ||Gep|» O 15 expressed as follows:
cosd =sing,, sing,  cos(Ad)+cos@,, cosy, , 2

where ¢, is the defined ¢ angle value, @, the calculated ¢ angle value, and A& is the

difference between the defined and the calculated € angle.

The orientation errors as a function of window size, image pixel resolution, and fiber
orientation, were investigated using an additional 300x300x300 voxel image created with
99 5-pixel diameter cylinders of varying orientations and lengths. We set the fiber diameter to
be 5 pixels because it is close to the fiber size of the breast tissue sample that we analyze in
this study. To assess the effects of window size, the orientation error was calculated for each
voxel with the window size varying from 7x7x7 voxels to 25x25x25 voxels. In typical
microscopy applications, the lateral resolution is always better than the axial resolution, and
the sampling frequency in the xy direction is typically higher than that in the z direction. If

the axial sampling is »-times as coarse as the lateral sampling, then the following equation
can be used to convert between our ¢ orientation defined in voxel space, and the true

orientation in physical space (Fig. 1(b)):
tan(z/2-¢,,)=r-tan(z/2-9,,), 3)

where ¢, is the measured ¢ value from the experimental image stack assuming cubic

voxels, and ¢, is the true angle regardless of the axial and lateral resolutions, as shown in

Fig. 1(b), where the axial-to-lateral sampling ratio is 2. To assess the effect from the
inequality between the axial and lateral sampling frequency, we varied the axial-to-lateral
sampling ratio from 1 to 6, and computed the measurement error accordingly. In the test of
error versus fiber orientation, we computed the error as a function of cylinder orientation with
a 10° interval. In addition to the error assessment, the computational time corresponding to a
range of window and stack sizes was determined and compared to the computational time of a
reported Fourier transform based technique.

These simplified collections of 3D stacks provided an ideal platform for assessing the
accuracy of the algorithm over a range of parameters. Once we demonstrated the validity of
the approach using these models, we generated more complex simulations to explore further
the effects of various additional factors that we may encounter in real biological samples.
Specifically, we created cylinder stacks with a size of 300x300x300 voxels that included
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334 fibers with randomly defined @ and ¢ orientations. The diameter of these fibers was

either 3 or 5 pixels, and the length varied from approximately 5 to 400 pixels. For one stack,
the intensity of these fibers was uniform. We created another stack with the same
organization of fibers, but the intensity of individual fibers was randomly assigned values of
1, 1.5 and 3 arbitrary unit (a.u.). Finally, to evaluate the performance of the algorithm for the
analysis of curvy collagen fibers, we created a 312x312x500 voxel stack with spirals. The
thickness of the spirals was 5 pixels in diameter.

Then we made a comparison between 3D and 2D techniques. We created 8 fiber stacks
with a size of 150x150%x150 voxels. The diameter was 5 pixels, and each stack had
approximately 35 fibers. To mimic the breast tissue model where parallel sheets of collagen
fibers dominated the alignment, the ¢ orientation of approximately 72% of fibers in each

stack was between 80° and 100°, and that of the rest of fibers was randomly generated within
the range of (0°, 80°) and (100°,180°). For all the fibers, the 6 orientation was randomly
defined (the rand MATLAB function). To acquire the 3D analysis results, we calculated the
@ distribution of each voxel within these 150x150x150 voxel stacks using the 3D vector
summation technique. Regarding the 2D analysis, we calculated the & orientation using the
2D vector summation technique in a frame-by-frame manner, which was previously reported
[33]. Specifically, we applied the 2D algorithm to 150 frames of each stack sequentially, and
acquired the @ orientation for every voxel of these stacks too. Then we calculated the mean
@ angle of each stack based on the defined, 3D acquired and 2D acquired @ orientations. For
each stack, we obtained the absolute difference between the defined mean @ and the 3D
acquired mean @, as well as that between the defined mean € and the 2D acquired mean 6.
For statistical analysis, a t-test was used to determine the difference between 2D and 3D
analyses based on the 8 sets of data, and results were considered significant at p < 0.05.

To illustrate the applicability of this approach, fiber alignment distributions were
calculated from multi-photon microscopy images of a mammary gland and a hormone-
sensitive 3D culture model of the breast epithelium. The mammary tissue was collected from
the fourth mammary gland of non-parous 12 week old FVB/N female mice. The fresh tissue
was embedded in optimal cutting temperature (OCT) compound and snap frozen in a
methanol bath. It was immersed in phosphate buffered saline to remove the OCT compound
before use. Images were also acquired from an engineered 3D breast tissue model described
previously [40]. Briefly, human T47D cells were seeded in 3D culture using a 1 mg/ml
collagen type 1 matrix and treated with mammogenic hormones (17f estradiol in combination
with promegestone, an analogue of progesterone) for two weeks. The gels were whole-
mounted and stained with Carmine Alum to visualize the epithelial structures [40]. Images of
both samples were acquired using two-photon excitation fluorescence (TPEF) (ex: 800 nm
em: 525+ 25 nm ), together with SHG which resolved the collagen fiber structure (ex:
800 nm , em: 400+ 10 nm ). SHG images were analyzed using the 3D weighted orientation
vector summation approach. Voxel-wise distribution histograms were calculated to reveal the
@ and ¢ orientations of the collagen fibers.

3. Results and discussion

Fiber thickness and density are important factors that can affect the accuracy of the average
fiber orientation measurement. For most window sizes, error in the fiber orientation
measurements increases exponentially as the fiber diameter approaches, and eclipses the
width of the window size (Fig. 3(a), 3(b) and 3(c)). However, if we focus on a specific fiber
thickness, it is interesting that error values do not decrease monotonically as the window size
increases. For fibers with a diameter of 7 pixels, a window size ranging from 17x17x17
voxels to 23x23x23 voxels offers the most accurate fiber orientation assessments. When the
window increases further, the error increases. This happens because the proximity of fibers to
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each other is also a factor that affects the orientation measurement, and more than one of
fibers were present in these larger windows. The error of J§ as a function of fiber density and
window size is shown in Fig. 3(d). These fibers have the same diameter of 7 pixels. With the
increase of the total fiber number, there is an increase in the overall error. Nevertheless, they
follow similar trends in terms of their accuracy dependence and the most accurate
assessments are achieved at either 15x15x15 or 17x17x17 voxel window sizes. These
results demonstrate that the fiber thickness is the major determinant of accuracy related to the
choice of window size, which should be between 2 and 3 fold greater than the fiber diameter
to achieve optimal results.
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Fig. 3. Errors of (a) 8, (b) ¢ and (c) J in fiber orientation measurements with respect to

different fiber thickness and window size. (d) Error of d with respect to different fiber density
and window size. (¢) 3D reconstruction of stacks with different fiber thickness. (f) 3D
reconstruction of stacks with different fiber density.

Analysis of an image stack of 99 cylinders with a 5-pixel diameter of varied lengths and
randomly defined orientations results in significant improvements in the average voxel
orientation accuracy between 7x7x7 to 13x13x13 voxel window sizes (Fig. 4(a)). Using a
13x13%x13 voxel window size, the average absolute values in Af , Ap and J are

4.5°48.2° , 3.0°+7.3° and 4.5°48.5° , respectively. For window sizes greater than
13x13x13 voxels, not only the error increases, but also the standard deviation increases from
a minimum of 8.5° to a maximum of 13.1° for a 25x25%x25 voxel window (for J ).
Although the average absolute values of A@, A@ and O are different, they follow the same
trend as a function of window size. The 3D reconstructions of intensity (Fig. 4(b)), € (Fig.
4(c)) and ¢ (Fig. 4(d)) stacks reveal the voxel-wise accuracy of this 3D orientation
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measurement technique. To show the distribution of the error within the whole stack, false
color maps of § with a window of 7x7x7 voxel (Fig. 4(e)), 11x11x11 voxel (Fig. 4(f))
and 15x15x15 voxel (Fig. 4(g)) are shown, with insets zooming in a region with closely
located fibers (Fig. 4(f) and 4(g)). With the increase of window size, the calculation error for
the majority of the voxels approaches zero (as depicted in blue for these three graphs),
suggesting an improvement in accuracy. However, it can be seen from the arrow-pointed
regions in the inset (Fig. 4(g)) that an increase in error is produced in certain locations if the
window size is large enough to include multiple fibers in close proximity to each other. This
increased spatial variability in accuracy is the reason for the increase in the standard
deviation.
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Fig. 4. Error in orientation detection using the 3D vector summation technique for a simulated
image stack containing regions with varying orientations. (a) Errors of 8 and ¢ , and the
overall angle error ¢ in fiber orientation measurements with respect to different window size.
3D reconstructions of (b) intensity, (¢) €, and (d) ¢ map stacks. 3D reconstructions of &

with a window size of (e) 7x7x7 voxels, (f) 11x11x11 voxels and (g) 15x15x15 voxels.
The insets in (f) and (g) zoom in the same region in the image stack.

The effect of differences in the lateral and axial sampling frequencies typically found in
biomedical microscopy images on the accuracy of this method was simulated and assessed.
We assumed that the sampling for x and y directions (lateral resolutions) was equal, while

the z direction (axial) was sampled at a different (lower) frequency. We considered six
independent situations with the axial-to-lateral sampling ratio ranging from 1 to 6. The error
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values of €, ¢ and J as a function of window size corresponding to different relative

sampling ratios followed similar trends (Fig. 5). The accuracy decreased with an increase in
the relative sampling ratio, because of the loss of details in the image stack. It is interesting to
note that the error values change very slightly when the axial-to-lateral sampling ratio
increases from 1 to 2, suggesting that image stacks in which the z direction is sampled at a
frequency that is twice as coarse as that of the xy dimension doesn’t lead to any significant

effects in the accuracy with which we can extract the orientation of the collagen fibers. This
of course, assumes that xy resolution of the images is sufficient to resolve individual fibers.

Knowing that the axial direction can be sampled at a lower frequency is useful, because this
decreases data acquisition time.
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Fig. 5. Errors of @, ¢ and J in fiber orientation measurements with respect to different
axial-to-lateral sampling ratio and window size. Insets show voxel size during calculation.

To have a better sense of error distribution as a function of fiber orientation, errors of &
and @, and the overall error 6 were determined with respect to both @ and 6 covering the

full range of (0°, 180°) in a 10° interval (Fig. 6). We found that the error of & was dependent
on the angle ¢ (Fig. 6(a)), and the average absolute value for A@ could be more than 10°

when ¢ approached 0° or 180°. This is because the orientation of the xy projection can be
determined more accurately if the fiber is more parallel to the xy plane rather than
perpendicular to it. In fact, 8 is undefined when ¢ is equal to 0° or 180°. However, the
average absolute value of J is not dependent on the ¢ orientation (Fig. 6(a)). According to
Eq. (2), if ¢ is accurately determined, cosd will approach 1 (which means 6 will approach
0) even though there are large fluctuations in @ near ¢ values of 0° and 180°. The average
values of O are close to or less than 5° for almost the full range of ¢ . As shown in Fig. 6(b),
we do not observe a strong dependence of the error on € orientation. The error values of €
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and ¢, as well as the value of J are equal to or less than 5° for the full range of 6. Based on

this error test, it is revealed that the actual error, 0, is independent of the fiber orientation.
Therefore, there are no restrictions on the orientation of fibers to which the 3D vector
summation technique can be applied.
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The computational time of this 3D vector summation technique is shown as a function of
stack size and window size in Fig. 7. The time required to detect alignment at each voxel
scales exponentially with stack size, and as expected, a larger window size requires more
computational time. The inset zooms in the region with great stack sizes for a better reading
of the exact computational cost. When compared to a Fourier-based algorithm [27], which
provides an average orientation of each ROI and not each voxel, the 3D vector summation
technique has improved computational time. Specifically, the computational time required by
the Fourier-based algorithm to analyze a 256x256x96 voxel stack is approximately 1.5
min on a desktop computer with a 3.4 GHz processor and 8 GB of RAM [27], while the time
required by the vector summation technique with exactly the same configuration of a
computer is 59 sec, using a window of 13x13x13 voxels. For a typical stack size of
512x512x100 voxels, the analysis could be done within 5 min. As stated in the Methods
section, instead of a direct generalization from the 2D to a 3D technique with the cube based
algorithm, we first reduced the cube window to a square window by averaging neighboring
frames in three orthogonal planes, so as to reduce the computational cost. To analyze
the 300x300%x300 voxel stack shown in Fig. 4, the computational time was 2655 sec (44.3
min) when using the direct cube based technique with a 13x13%x13 voxel window, while
only 268 sec (4.5 min ) was needed using the 3D weighted orientation vector summation
technique with the same window size. Using this window size, the overall error 6 from the

direct cube based technique is 4.9°+9.0°, compared to 4.5°+8.5° for the 3D weighted
orientation vector summation technique. Considering the similar accuracy afforded by both
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approaches, the latter is better suited for biomedical image analysis due to its significantly
improved speed.
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Fig. 7. Computational time of this 3D technique with respect to different image and window
sizes. Inset zooms in the region with large image sizes.

To assess the performance of the algorithm for the analysis of more challenging image
stacks, we simulated a much denser stack of 334 fibers with different fiber thickness and
length that have either uniform signal intensity (Fig. 8(a)) or intensity that varies from 1 to 3
a.u. (Fig. 8(b)). The overall error § maps for these stacks are shown in Fig. 8(c) and 8(d),
respectively, for a window size of 11x11x11 voxels. The error § as a function of window

size is shown in Fig. 8(e), demonstrating that a minimum error of 5.1°+£9.3° is achieved for
the window of 11x11x11 voxels with errors remaining less than 8.3° for window sizes as
large as 19x19x19 voxels. The optimal window size is a little smaller than the one for the
less dense stacks, which is reasonable, since as the window size increases, we can have
contributions from multiple fibers in dense matrices. Nevertheless, the error remains fairly
small even for these more tissue-like simulations. The intensity variations do not appear to
have a significant impact on the overall error.
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Fig. 8. Error in orientation detection for simulated dense stacks. (a) A dense stack with 334
fibers with different fiber diameter and length, but uniform signal intensity. (b) The same stack
as in (a), but variant signal intensity. (c) and (d) The & error maps corresponding to (a) and
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(b), respectively, achieved by a window of 11x11x11 voxels. (e) Errors of &, corresponding
to the uniform and variant intensity stacks, with respect to different window size.
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In addition, we sought to assess the performance of the algorithm in the characterization
of curvy structures by utilizing a 3D stack consisting of two sets of spirals. Figure 9(a) and
9(b) show 3D reconstructions of the 8 and ¢ maps as determined by the 3D algorithm, with
top-view images shown in insets. As can be seen from Fig. 9(c), the overall error O is
approaching 5° with the window of 19x19x19 voxels and is only slightly higher than 7° for
an 11x11x11 voxel window, revealing that the 3D vector summation technique works well
for the characterization of curvy features for window sizes that are similar to those that are
optimal for the analysis of the straight features.
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Fig. 9. Error in orientation detection for simulated spiral stacks. (a) and (b) 3D reconstructions
of @ and ¢ maps of the spiral fiber stack, respectively. Insets show top-view images. (c)

Errors of @ and ¢, and the overall angle error ¢ in spiral fiber orientation measurements
with respect to different window size.

In Fig. 10, we show the comparison between the 2D and 3D analysis of a set of simulated
images. Specifically, we created 8 stacks to compare the accuracy of @ determination using
2D and 3D techniques. Figure 10(a) shows the 3D reconstruction of these stacks. We
implemented the 2D analysis in a frame-by-frame manner, as shown in Fig. 10(b), where the
top 10 frames were zoomed in for illustration. After the orientation analysis, we calculated the
mean € angle using the defined, 2D acquired and 3D acquired 8 information, and were able
to extract the absolute difference between the defined mean @ and the calculated mean @,
either by the 2D or 3D technique. As shown in Fig. 10(c), the error by the 2D approach was
less than 5°, and the accuracy was improved significantly by the 3D approach (p = 0.015). For
fibers with great inclination to the transverse plane, they appear as individual spots on the
cross section image, and therefore 2D analysis is difficult to compute the orientation
accurately for these regions. In contrast, since 3D analysis considers the entire volume
window, spots on the cross section images will stack up and form cylinders in 3D space.
Therefore, the 3D technique is able to resolve such uncertainty that occurs in 2D analysis, and
improve the accuracy.

Error of the mean © angle (°)
o - N w » v ()] ~N

=
<

2D 3D

Fig. 10. A comparison between 2D and 3D techniques. (a) 3D reconstruction of the 8 test
stacks. (b) Schematic of the frame-by-frame manner of 2D analysis. Only the top 10 frames are
zoomed in here for illustration. (c) Histograms showing the error of the mean 6
determination.

*, significant difference.
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The applicability of this analysis approach is illustrated by utilizing it to analyze a 3D
SHG image stack acquired from a mammary gland. As can be seen from the combined
fluorescence (red) and SHG (green) image (Fig. 11(a)), the mammary gland is rich in curvy
collagen fibers. The 3D reconstruction of the marked region in Fig. 11(a) is shown in Fig.
11(b), and the 3D vector summation technique was applied to the SHG signals of the entire
3D stack. Figure 11(c) shows the @ orientation map of collagen fibers for a certain frame in
this stack, with two local regions zoomed in and shown in Fig. 11(d)-11(g), where Fig. 11(d)
and 11(f) are the SHG intensity images of corresponding regions for reference. The curvy
structures of collagen fibers are characterized well by the 6 orientation map (Fig. 11(e) and
11(g)). The 3D algorithm also can provide orientation information of branched structures
(indicated by arrows in Fig. 11(d) and 11(e)). Figure 11(h) shows the distribution histogram
of @ for this frame which helps to characterize the varying orientation of these curvy
structures.

45 90 135 180

0
0] (h) ° Ovientation®)

Fig. 11. Orientation analysis of fibers from the mammary gland sample. (a) Combined
fluorescence (red) and SHG (green) image. Scale bar: 100 um. (b) The 3D stack of the marked
region in (a). Scale bar: 50 pm. (c) One frame of the @ orientation map from the 3D stack,
calculated by the 3D algorithm. Scale bar: 50 pm. The two regions shown in (c) are zoomed in
to show the details of fiber orientation. (d) Original SHG intensity of region 1. (¢) &
orientation map of region 1. Scale bar: 30 pm. The arrows shown in (d) and (e) point out the
branched structure. (f) Original SHG intensity of region 2. (g) € orientation map of region 2.
Scale bar: 15 um. (h) The distribution histogram of € corresponding to this frame.
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The applicability of this approach to analyze biomedical images was illustrated also by
using it to determine the fiber alignment distributions within a 3D breast tissue culture model

(Fig. 12). The image stack was 238x238x42 um’ acquired with a lateral resolution of
0.46 um and an axial resolution of 1 um . TPEF and SHG images were acquired

simultaneously to gain a good understanding of the alignment of collagen fibers (SHG)
relative to cells (TPEF) (Fig. 12(a) and 12(d)). Figure 12(a) is the 3D reconstruction of the
combined images with false color coding (ImagelJ), and Fig. 12(d) shows a certain frame of
the stack. The 3D weighted orientation vector summation technique was employed to
calculate the fiber orientation of each voxel based on the SHG signal. The 3D reconstructed
stacks of @ distribution (Fig. 12(b)) and ¢ distribution (Fig. 12(c)), as well as corresponding

frames (Fig. 12(e) and 12(f)) are shown. As can be seen from the 6 and ¢ orientation maps,
orientation information of each voxel was acquired and false colored.
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Fig. 12. Applicability of the 3D vector summation technique to the analysis of an image stack
from a 3D breast tissue model. 3D reconstructions of (a) a combination of SHG and TPEF
signals, (b) @ and (c) ¢ orientation maps. (d), (e), and (f) show one frame of these stacks. (h)
The two regions surrounding the epithelial structures marked in yellow are investigated, and
the distribution histograms of both & and ¢ within these two regions are shown in (g) and
(i), respectively, as pointed by the arrows.
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We calculated the fiber orientation distribution histograms of two regions within 35 um

from the cell surface, shown in yellow in Fig. 12(h). The two cell clusters exhibited either a
rounded (Fig. 12(g)) or a more elongated (Fig. 12(i)) morphology. The fiber alignments
within these two regions were shown from 8 and ¢ distribution histograms (Fig. 12(g) and

12(i)), where the mean 6 and ¢ values corresponding to the entire region volume were
provided. In both cases, the histogram of ¢ shows a peak centered at approximately 90°,

indicating that parallel sheets of collagen fibers dominated the alignment. This example
illustrates that the 3D vector summation technique developed in this study is able to identify
the organization of ECM, which contributes enormously to the properties and function of
each organ and tissue [33,41].

4. Conclusions

Herein, we present a 3D weighted orientation vector summation technique for determination
of the 3D orientation of collagen fibers. It provides voxel-wise orientation information with
an accuracy of 4° to 5°, and is able to analyze a typical image stack with a size of
512x512x100 voxels within 5 min . We present a thorough analysis of the orientation
measurement error dependence on fiber thickness and density, analysis window size, axial-to-
lateral sampling ratio and fiber orientation. These results suggest that to achieve optimal
results, the applied window size should be between 2 and 3 fold greater than the fiber
diameter, while the sampling of the z direction can be twice as coarse as the xy sampling

without affecting significantly the accuracy of the algorithm. The actual error, & , is
independent of either the ¢ or the @ orientation, revealing that there are no restrictions on

the fiber orientation while using this technique. A comparison between 2D and 3D techniques
in analyzing fiber stacks reveals that the 3D technique is able to acquire the & orientation
with higher accuracy than the 2D technique. Compared with traditional analyses that produce
directional statistics based on the total orientation distribution of the image, the capability of
this technique to provide voxel-wise information enables the extraction of a wider variety of
potentially important diagnostic biomarkers. The local directional variance of orientation
values within specific regions of an image, such as the ECM surrounding an epithelial
structure, is an example of such a biomarker. We have previously found the collagen fiber
directional variance defined within 2D images to be a useful metric in understanding the
matrix’s role in breast epithelial morphogenesis [33] and in localizing burn wounds [34]. By
acquiring 3D orientation information, such assessments can be easily extended to the analysis
of 3D image stacks, which provide a more thorough and accurate representation of cell-matrix
interactions than 2D images. While we illustrate the potential of our approach in analyzing
3D collagen fiber images acquired using SHG, the technique is suitable for analysis of images
with fiber-like features from a variety of modalities, such as confocal microscopy, structure
illumination microscopy (SIM), and two-photon excitation fluorescence (TPEF) microscopy,
etc. This rapid 3D fiber orientation analysis technique capable of voxel-wise definition with
competitive accuracy is expected to enable the practical characterization of unique directional
biomarkers for a number of applications seeking to understand the role of collagen
organization during normal and/or diseased tissue development.
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