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Abstract

Objective: Serial sectioning optical coherence tomography (OCT) enables accurate volumetric
reconstruction of several cubic centimeters of human brain samples. We aimed to identify
anatomical features of the ex vivo human brain, such as intraparenchymal blood vessels and
axonal fiber bundles, from the OCT data in 3D, using intrinsic optical contrast.

Methods: We developed an automatic processing pipeline to enable characterization of the
intraparenchymal microvascular network in human brain samples.

Results: We demonstrated the automatic extraction of the vessels down to a 20 ¢ m in diameter
using a filtering strategy followed by a graphing representation and characterization of the
geometrical properties of microvascular network in 3D. We also showed the ability to extend
this processing strategy to extract axonal fiber bundles from the volumetric OCT image.

Conclusion: This method provides a viable tool for quantitative characterization of volumetric
microvascular network as well as the axonal bundle properties in normal and pathological tissues
of the ex vivo human brain.

Keywords

Ex vivo human brain; Optical Coherence Tomography; Serial sectioning; Vasculature
characterization

l. INTRODUCTION

A comprehensive atlas of blood vessels of the human cerebral cortex is important in
understanding the human brain anatomy and functionality [1, 2]. Alterations in the brain
vasculature are associated with normal aging [3] as well as neurodegenerative diseases, such
as the Alzheimer’s disease (AD) [4-7]. Changes in vascular morphology have been found in
the postmortem brain tissue using standard histology and optical microscopy. For example,
increased tortuosity has been observed in the white matter vessels that are downstream of
the penetrating arterioles as early as in middle age (around 55 years old) [8, 9]. It is also
reported that there is an increase in spiraling and looped vessels in several areas of the brain
in AD [10]. Several studies also suggest decreased capillary density in older human brains
[11, 12]. Those pathological studies were exclusively conducted by traditional histology,
which stained and imaged thin tissue slices in 2D planes. Three-dimensional (3D) vascular
morphology of the human brain in centimeter scale has not been reported.

Optical coherence tomography (OCT) has emerged as an imaging technique that produces
depth-resolved microstructural images of biological tissue, using endogenous sources of
optical contrast [13]. Serial sectioning OCT, which integrates an OCT scanner and a tissue
slicer, has been substantially utilized to study the postmortem human brain, given its
capability of reconstructing large-scale volumetric microstructure and connectivity [14-18].
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Previous studies demonstrated the visualizations of cortical layers and neurons in human
brain with OCT [19-21], and pathological changes in disease, such as brain tumors [22-24].
Moreover, with polarization sensitive OCT, it is possible to measure the orientation of fiber
tracts in both mouse [14, 15, 25] and human [26]. However, studies of the intraparenchymal
microvasculature in postmortem human brain tissue using OCT have not been reported.

In this study, we developed a processing pipeline to map the volumetric microvasculature

in postmortem human brain tissues with serial sectioning OCT. To extract the microvascular
network in 3D, we first imaged three brain sample blocks and reconstructed the volumetric
OCT images with a 12 g m isotropic resolution. We then applied an automated segmentation
method to extract the blood vessels of the human brain samples from the OCT intrinsic
contrast, which showed up as black tubes in the OCT volume. We demonstrated how

we could validate the vessel segments identified by OCT by comparing with histological
techniques. We further characterized the geometrical properties of the microvascular
network. Lastly, we showed how we could generalize our vessel segmentation pipeline to
extract other structures with similar geometry, such as axonal fiber tracts, in the volumetric
OCT data.

METHODS

A. Tissue Preparation

Three human brain sample blocks were obtained in this work. Two of the samples (I and

I1) were obtained from the Alzheimer’s Disease Research Center and VA-BU-CLF brain
banks, one from a brain donor with neuropathologically confirmed AD and one from a
brain donor with neuropathologically confirmed chronic traumatic encephalopathy (CTE),
and a third sample (111) was obtained from the Massachusetts General Hospital Autopsy
Suite, from a neurologically normal subject without no neuropathological abnormalities.
This study and its use of postmortem tissue was approved by the Institutional Review

Board of the Massachusetts General Hospital and the VA-BU-CLF brain banks. Sample
blocks I and 11 from the parietal-frontal cortex and sample 111 was from primary motor
cortex. The postmortem intervals did not exceed 24 h. The brain samples were fixed in
Periodate-lysine-paraformaldehyde (PLP) and stored at 4 °C for at least two months. All the
sample blocks were washed for one month in 0.01M Phosphate Buffer Saline solution (PBS)
at room temperature while gently shaking to remove excessive fixation agent in the tissue
blocks. After washing, the tissue blocks were embedded in 4.5% agarose and preserved in
0.01M PBS with 1% sodium azide at 4 °C.

B. OCT System Setup

We built an OCT system following the design in [27]. The light source was a swept-source
laser (AxsunTech Inc.), with a center wavelength of 1310 nm and a bandwidth of 135 nm.
The axial resolution was estimated to be 5.6 um in tissue (with a refractive index of 1.4).
We used a 4x air objective (Olympus, UPLFLN4x, NA 0.13) in the sample arm to obtain

a lateral resolution of 5 um. The sensitivity of the system was 90 dB and the roll-off was
0.46 dB over 1 mm in depth. The detector was connected to a high-speed digitizer (ATS350,
AlazarTech Inc.) for data acquisition at an A-line rate of 100 kHz. With a scanning area
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of 3 x 3 mm2, one volumetric acquisition composed of 1000 A-lines by 1000 B-lines took
16 s. The raw data was resampled in k-space, compensated for dispersion [28], Fourier
transformed into the spatial domain following standard procedures [29], and corrected for
sensitivity roll-off [30] before uploaded to a cloud server.

The workflow for serial sectioning OCT acquisition has been previously reported [18] and

is summarized in Fig 1. The human brain tissue block was mounted in a water bath filled
with PBS during imaging. We used a submerged z spacer attached to the air objective to
image the brain block. We custom-made the z spacer: we 3D printed the spacer wall and
sealed the wall with a cover glass to protect the objective from water immersion. The z
spacer eliminated the effect of high reflection from the water surface. Motorized xyz stages
(x and y stages: LTS150, Thorlabs Inc.; z stage: MLJ150, Thorlabs Inc.) were incorporated
to translate the samples under the OCT objective to automate image tiling over the entire
surface of the tissue. The field of view (FOV) for each image tile was 3 mm x 3 mm and the
overlap between adjacent tiles was 15%. A customized vibratome slicer [31] with a 63.5 mm
sapphire blade (DDK Inc.) was mounted adjacent to the OCT imaging head to cut off a slice
from the top of the tissue block upon completion of the scanning of the sample surface. The
sectioning thickness was 150 um. The blade frequency of the vibratome was 3000 RPM. The
slices were preserved for histological validation. Customized stage and vibratome control
software were embedded within the image acquisition software for fully automated serial
sectioning acquisition. Data transfer and saving were implemented in two relay steps: (1)
from local acquisition computer to a local storage server after one image tile and (2) from
the storage server to a centralized computational server at the Boston University Shared
Computing Cluster (SCC) after the entire serial scan [32]. A parallelized post-processing
script written in Matlab was then executed to reconstruct the volumetric sample.

C. Histological Imaging

1) Passive Tissue Clearing & Labeling—After serial sectioning OCT, the sectioned
brain slices were cleared and labeled with tomato lectin conjugated to fluorescent dye
DyLight 649 (Vector Laboratories) for vasculature validation following the protocol below.
The slices were first incubated in a 7:1 mixture of SHIELD-ON buffer and SHIELD-Epoxy
solution (LifeCanvas, Cambridge, MA) for 6 hours at 4° C followed by 24 hours at room
temperature and washed for 30 min with PBST (PBS with 0.4% TritonX-100) [33]. To
delipidate the slices, the slices were then incubated overnight at 37° C in passive clearing
buffer (300 mM sodium dodecyl sulfate, 10 mM boric acid, 100 mM sodium sulfite, pH

9, in deionized water) and washed twice with PBST. Slices were photobleached for five
days in PBST as previously described [34]. To stain, slices were incubated with 40 g
tomato lectin®9 in 1 mL of PBST for 24 hours. Samples were washed three times with
PBST and incubated overnight in 4% paraformaldehyde in PBS (Affymetrix, Santa Clara,
CA) to prevent dissociation of tomato lectin®49. Samples were refraction index-matched in
Easylndex (LifeCanvas, Cambridge, MA) overnight before mounting and imaging.

2) Confocal Imaging of Cleared Tissue—Labeled slices were mounted onto a glass
slide (Fisher, Pittsburgh, PA) with EasyIndex (LifeCanvas, Cambridge, MA) mounting
media for vasculature validation. Image tiles were acquired with a Nikon Eclipse Ti2-E
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spinning disk confocal microscope, then digitized and stitched in Nikon Elements software
(Nikon, Melville, NY). Tomato lectin 649 was excited using the 640 nm laser line of a
Celesta Light Engine (Lumercor, Beaverton, WA), at 75% power with an exposure time of
200 ms. A Plan Apo A 4x air objective (Nikon, Melville, NY) was used to take the images,
resulting in a 0.96 um lateral resolution. For each image tile, a stack in depth was taken with
a 12.5 um step size. After the image stacks were stitched in x and y, a maximum intensity
projection (MIP) was computed for manual vessel labeling in section II.F.

D. Volumetric Reconstruction of Serial Sectioning OCT

1) Tile Based Distortion Correction—To reconstruct the volume, we first correct the
distortions of individual tiles, including the field curvature and the shading effect. The field
of view of each image tile is curved due to the different path lengths that light travels to

each xy position in the image. We calibrated this field curvature by imaging a mirror and
corrected the depth location [35]. A non-linear distortion is also observed in xy plane, which
was calibrated by imaging a grid target. We used the bUnwarpJ plugin in ImageJ [36, 37] to
perform a non-linear registration between the image of the grid target and a synthesized grid
pattern. The registration matrix was then applied to each image tile of human brain samples
to correct for the xy-plane distortion. Another issue brought by the field curvature is the
nonuniform intensity across the FOV. To correct for that, we adopted a shading correction
process. We used BaSiC illumination correction method in ImageJ to correct for this shading
effect [38]. This method is based on low-rand and decomposition to correct for uneven
illumination, and further improves stitching and mosaic image quality. The above procedures
significantly reduced the stitching artifacts in the volumetric reconstruction process.

We showed in Fig 2 (a) the improved visualization for a stitched slice after the distortion
correction. Moreover, we also observed that the distortion correction procedure improved
the vessel segmentation by removing segmentation artifacts and deblurring vessels in the
overlapping area of image tiles.

2) Volumetric Stitching—To reconstruct the OCT volume in three dimensions, we first
stitched in x and y using a displacement model [39]. We generated the average intensity
projection (AIP) of each image tile starting from the tissue surface and over a 250 pm

depth range. The tissue surface was determined using an edge detector [40]. Since the laser
scanning axes was not parallel to the motorized stage axes, the x and y position of adjacent
tiles was shifted with each other. We assumed this distortion could be represented by a tilted
angle and an offset distance at both x and y direction, which were obtained by comparing
the input positions of the motorized x and y stages and the coordinates calculated from
registration based tile stitching [32, 33]. After the initial tile registration, the position of each
tile was further adjusted with the Fiji stitching plug-in [41]. To avoid possible local minima
in this registration step, we confined the maximum displacement of tiles to be 50 pixels,
which was 5% of FOV. After the final x and y coordinates were obtained, we then perform a
linear blending to stitch all the tiles together to a mosaic image.

Lastly, we stitched all the tissue slices in z-axis by cropping each tissue slice into 150 pm
thickness and stacking them in depth. We applied a uniform volumetric averaging kernel
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with different sizes (3, 5 and 7 pixels isotropic) to suppress the speckle noise and enhance
the image features, as shown in Fig 2 (b). We reconstructed the 3D volumes using both
OCT intensity image as well as depth-resolved attenuation coefficient map, which was
derived from OCT depth-profile based on the method described in [42]. An example of the
reconstructed volume with depth-resolved attenuation coefficient map was shown in Fig.
S1. The attenuation coefficient images were used for vessel segmentation later on, since
this transformation effectively reduced intensity fluctuation in depth and resulted in a better
volumetric representation of the sample blocks, as shown in Fig 2 (c) — (d).

E. Frangi Filtering for Vessel Enhancement & Segmentation

We adopted a Frangi filtering strategy to enhance the visualization of vessels in OCT
volume. Frangi filter performed an eigenvector decomposition on the local second order
derivatives of the image intensity to enhance tubular structures in the image [43-47]. Since
vessels appeared in different sizes, an adjustable scale parameter was incorporated into

the filter. With this filtering process, we constructed a “vesselness” measure (w) based on
the eigenvalues obtained from the Frangi filter to represent the likelihood of pixels being

a vessel between 0 and 1. In this work, we adopted a previously constructed vesselness
measure proposed by Sato et al. [46]:

i )723(1 Py )712

|A3|(E +w A3 <ip<A1 L0
= i 723 1 A 712 |42
|/13|E —(Zw ,/13</12<0<11<7

0, otherwise

Where 11, A, and A3 are the eigenvalues of the local image patch, y»3=0and y15 2

0 controls the diameter range selectivity of the filter, and 0<a<1 introduces asymmetrical
behavior of the filter in the negative and positive regions of 1;. We set initial value of

the parameters of Frangi filter based on a previous work in CT vasculature imaging [46]
and fine-tuned them by exhaustively searching the neighborhood of the parameter space to
obtain the final parameters. In practice, we found 3,3 = 12 = 0.5 and a = 0.25 worked

well with the volumetric OCT data. We applied a threshold on the filtered images to obtain
the initial vessel segmentation. The threshold of the vesselness filtering was determined by
visual inspection, where we overlaid the thresholded image with the original OCT image
and determined no visible artifacts was included in the thresholded image. We then removed
the unconnected components that were less than 100 voxels in the segmentation using the
connectivity analysis function (bwconncomp.m) in Matlab® 2019b since most of them were
artifacts from the filtering process.

F. Graph Construction & Geometrical characterization

We computed the graph representation of the vessel segmentation for further geometrical
characterization. A graph is defined as a set of nodes and a set of edges that connect the
nodes. To obtain the graph of a vessel segmentation, we first skeletonized the segmentation
using a Matlab function (bwskel.m), then traced each segment of the skeleton to record the
nodes and edges of the vessel segmentation in 3D. The nodes were defined to have at least
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a 10-pixel Euclidean distance with each other. After that we pruned the graph by removing
the spur segments and breaking up self-loops in the graph that were artifacts other than the
vessels. All the graphing and pruning process was done using a customized Matlab script
(https://github.com/BUNPC/vesGraphValidate).

We further extracted geometrical parameters of vessels from the graph using a customized
Matlab script, including the segment length and the vessel tortuosity. The segment length
was the length of the segments in the graph. The tortuosity of the segment is defined as the
ratio of the segment length and the Euclidean distance between the two end nodes.

G. \Validation of OCT Vasculature

To validate the accuracy of the automatic vessel segmentation described in section Il.E, we
performed manual segmentation of blood vessels in three OCT datasets, constructed the
graph representation and extracted the geometrical parameters as described in section I1.F.
The lumen of the vessels was identified and labeled in the process of manual segmentation.

To validate the vessel identification by OCT, we compared the results with tomato lectin
labeled confocal images in 6 slices. We registered the confocal image to the OCT image
using a landmark based affine registration [48]. Due to the severe distortion of confocal
images introduced during tissue slicing, clearing and staining, the accuracy of registration
did not allow us to perform pixel-wise comparison. We used an alternative strategy to
compare the results of vessel identification between OCT and confocal images: for each
slice, an observer who was naive to both images randomly selected 3 groups of vessels with
different diameter ranges (40 vessels in 20-40 um, 40 vessels in 40-60 um, and all vessels
in 60100 pm) on one modality, and then searched the corresponding vessels in the other
modality. In 3 out of 6 slices the observer was asked to examine the OCT images first, and
for the rest the confocal images first. Based on the searching results, we calculated the true
positive (TP) rate (the ratio of vessels found in OCT that were also found in the confocal
image), the false negative (FN) rate (the ratio of vessels not found in the OCT but found in
the confocal image) and the false positive (FP) rate (the ratio of vessels found in the OCT
but not found in the confocal image) for each slice and each vessel diameter group.

H. Fiber Tract Extraction on Serial Sectioning OCT

We extended the usage of the Frangi filter and segmentation to neuronal axonal tracts, which
appeared as similar tubular structures but with bright intensity and smaller diameter in the
OCT images. The extraction of axonal tracts is more challenging compared to the extraction
of blood vessels since the contrast between the axonal tracts and the surrounding tissue is
much less than the contrast between the blood vessel wall and the interior of the vessel,
which is usually a dark cavity in the post-mortem human brain sample.

The axonal tracts could be enhanced by the Frangi filter with a smaller scaling factor
compared to vessels. We fine-tuned the scaling parameter of the Frangi filter as well as the
threshold for the binary mask in order to extract the fiber tracts. To obtain these parameters,
we first determined the optimal scaling parameter by using a grid search of the parameter
space. We went from 0.1 to 3 with a step size of 0.1 and found that €=0.1, 0.2, and 0.3
were able to capture most fiber tract structure. Once we found the scaling parameter, we
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tuned the threshold by visual inspection, where we overlaid the thresholded image with the
original OCT image and determined no visible artifacts was included in the thresholded
image. The yand a in the vesselness measure related to extracting local tubular structure
were unchanged for the fiber tracts extraction. One problem in the segmentation is the
discontinuity between voxels along a fiber tract because of the speckle noise and the low
contrast-to-noise ratio. To improve the continuity between fragmented tracts, we further
applied a marching ellipsoid method [49] on the initial segmentation results of the axonal
tracts. More specifically, we constructed the graph representation and utilized randomly
selected nodes in the graph as seed points to initialize the marching ellipsoid procedure.
The marching ellipsoid procedure fit an ellipsoid centered at the seed point to connect the
adjacent tract fragment, as the axonal tracts were ellipsoidal-like structures. Then the central
point was moved along the primary direction of the fitted ellipsoid and the fitting of the
ellipsoid was repeated. This fitting and moving procedure were stopped if the central point
met one of the ending criteria, including a low intensity value, no ellipsoid fitting achieved
or close to the boundary of the image. While the marching ellipsoid was running, all the
seed points within the fitted ellipsoid were marked as “marched” on the graph. The process
was repeated until all seed points were marked as “marched”.

RESULTS

A. Volumetric Reconstruction

All three brain samples were volumetrically reconstructed with our postprocessing pipeline.
Sample | was consisted of 4 slices and each slice was consisted of 100 tiles (10 tiles in x
and 10 tiles in y). Sample 11 was consisted of 7 slices and each slice was consisted of 100
tiles (10 tiles in x and 10 tiles in y). Sample I11 was consisted of 8 slices and each slice was
consisted of 100 tiles (10 tiles in x and 10 tiles in y).

Volumetric rendering of two brain samples after running our reconstruction pipeline is
shown in Fig 3. Sample | (a) was 2x2x0.5 cm? in size and sample 11 (b) was 2x2x1 cm3

in size. The vessels in OCT appeared as dark cavities confined by highly scattered medium
around. The vessel wall appeared bright below the vessel cavity in the OCT images since

the light intensity was not attenuated inside the vessel. To demonstrate the trace of vessels

in OCT images, we selected a 3x3 mm? region of interest (ROI) from each sample and
manually annotated a vessel in consecutive depths, as shown in the right panel of Fig. 3 (a) -

(b).

B. Automatic Vessel Segmentation & Graph Construction

In Fig 4 (a) — (d), we show a graph representation of the vessel network generated

from the volumetric OCT data in individual steps. Since the data size is too large for
downstream processing (~1 GB for each cubic centimeter), the original OCT volume was
first downsampled 4x to 12 um isotropic voxel size. In this case, the minimal diameter of

a resolvable vessel was 24 pm (2 pixels). To identify blood vessels with a wide diameter
range, we applied the Frangi filter with different scales for the Hessian matrices. Our study
focused on vessels with a diameter from 20 to 500 um in diameter. Therefore, we tuned

the size of the Hessian matrix by setting the scale variable 6=1,2,3 that are mostly sensitive
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to vessels within this diameter range. After the Frangi filtering process, the intensity of the
vesselness enhanced volume was normalized between 0 to 1 and a threshold of 4=0.18 was
applied to binarize the volume and extract the vessel segments, as shown in Fig. 4 (b). The
vessel segmentation was further skeletonized (c) and converted into a graph (d) following
the procedure mentioned in section II.F.

C. Validation by Comparing with Manual Annotation

To validate that the automatic segmentation enabled accurate quantification of the
geometrical properties of the vasculature network, we performed manual vessel annotations
on the 3 OCT volumes and compared the derived geometrical parameters with those
obtained from the automatic segmentation. The maximum intensity projection (MIP) of

the Frangi vessel segmentations of each OCT volume is shown in Fig. 5 (a). The distribution
of the segment length and the segment tortuosity of both the Frangi segmentations and the
manual segmentations were plotted in Fig. 5 (b) and (c). The distributions were normalized
by the total number of segments, which were indicated in each panel. To better visualize the
tortuosity distribution, we excluded segments that are shorter than 100 um in Fig 5. (c), as
they appeared straight with a tortuosity very close to 1. This resulted in the difference of the
total number of segments between Fig. 5 (b) and (c). We observed that the distributions of
the Frangi segmentations and the manual segmentations were in agreement with each other.
To further examine the difference between the two set of segmentations, we performed an

F test in the distributions of the segment length between the Frangi segmentations and the
manual segmentations and found there was no statistically significant difference (p-values of
0.604, 0.5467 and 0.4501, respectively). In addition, we calculated the structural similarity
index (s) between the manual segmentations and the Frangi segmentations, defined as:

(Zyx/ly + Cl)(2°'xy + 62)

s(x,y) = (M% + M% +c1 )(O';zc + O'% + CZ)

Where 1 and £, are the average of xand y, oZ and a§ are the variance of xand y; oy is

the covariance of xand y, and ¢; and ¢ are the variables to stabilize the division with weak
denominator. We found a high structural similarity index between the two segmentations for
all the dataset (s=0.9237 For sample I, s=0.9634 For sample Il and s=0.9741 For sample 11I),
which suggested that the Frangi segmentation allowed for accurate extraction of the vessel
network properties from volumetric OCT data.

D. Validation by Vessel Labeling & Confocal Imaging

We imaged 6 tomato-lectin labeled slices that were taken from serial sectioning OCT by

a confocal microscopy. A comparison between OCT vessel segmentation and the labeled
fluorescent image on the same slice is shown in Fig. 6 (a). The total number of vessels
selected for the six slices was 87, 85, 84, 85, 90, and 91, respectively. For vessels that were
20-40 um in diameter, the average true positive rate in OCT images was 86.7% across the
slices. The average false positive and false negative rate were 13.3% and 30.8%. For vessels
that were 40-60 um in diameter, the average true positive rate was 90.8% across the slices.
The average false positive and false negative rate were 9.2% and 12.5%. For vessels that
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were 60-100 pm, the average true positive rate was 91.7%. The average false positive and
false negative rate were 8.3% and 7.0%. While combining all the vessel diameter ranges,
the average true positive rate in OCT images was 88.7%. The average false positive and
false negative rate were 11.3% and 21.13%. Moreover, we also calculated the average true
positive, false positive and false negative rate of the slices based on which modality the
human grader was first exposed. For slices that the grader looked the OCT images first, the
average true positive rate is 87.5%. The average false positive and false negative rate was
12.5% and 24.7%. For slices that the grader looked the confocal images first, the average
true positive rate is 90.0%. The average false positive and false negative rate was 10.0% and
17.6%. The quantitative assessment for each slice is shown in Fig. 6 (b) and (c). In general,
we showed high accuracy in identifying the vessels with a diameter range of 20-100 um
from volumetric OCT. The accuracy was slightly higher in vessels with diameter greater
than 40 pm.

E. Fiber Tract Extraction

We further expanded our Frangi filtering based approach to extract the axonal fiber bundles
from volumetric OCT data. In this case we examined the axonal fiber bundles coming from
the white matter projecting into the cortex (as shown in Fig 7 (a), ROI size: 500 um x 500
um x 500 um), which usually have diameters up to 16 pm. We tuned the scale of the Frangi
filter to have the most sensitivity to structures within this diameter range. We applied a
marching ellipsoid method on the segmented image to obtain a more continuous axonal tract
segmentation, as shown in Fig. 7 (b). A visual inspection on the overlaid segmentation and
the original volume at two imaging depths revealed that the automatic segmentation reliably
identified the majority of the fiber tracts, as shown in Fig.7 (c). We then calculated the

total number of segments from the Frangi filtered segmentation and the marching ellipsoid
segmentation. We found that of the Frangi filtered segmentation produced 808 tracts while
the marching ellipsoid processing reduced this number to 637 by connecting the fragmented
tracts in the original Frangi segmentation, as shown in Fig. 7 (d). It was also noticed

that the marching ellipsoid method could introduce some artificially connected fibers and
pruning strategies need to be investigated for a more robust fiber tracing. To quantify the
results we obtained with the marching ellipsoid method, we adopted the percentage missing
segments and the percentage false segments as measures from a previous study [50]. The
percentage missing segments was defined as the ratio of the number of fiber tract segments
not extracted to the total number of segments seen in the original OCT images, whereas the
percentage false segments was defined as the ratio of the number of false connections to

the total number of segments seen in the original OCT images. We asked a human grader
who is naive to the dataset to manually inspected side by side the segmentation and the
original image to count the total number of false connections in this ROI. The human grader
reported 66 missing segments and 21 false connections out of the total of 837 segments of
the ROI, which corresponded to a percentage missing segments of 7.9% and a percentage
false segments of 2.5%. This is much better compared with a previous study by Kulkarni et
al. where they reported the percentage missing segments and the percentage false segments
using marching ellipsoid method to be 20.8% and 9.0%, respectively, in tracing astrocyte in
confocal images.
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IV. DISCUSSION

Integrating serial sectioning with OCT enabled volumetric imaging of large tissue blocks

up to several centimeters [16, 18]. In this study, we implemented a data processing pipeline
to advance the serial sectioning OCT techniques. We removed the stitching artifacts with

a distortion correction algorithm and created the depth-resolved attenuation coefficient
maps to stitch the slices in 3D. This resulted in a better visualization of the volume,

as the discontinuity between slices was significantly suppressed compared to the OCT
intensity images, and the quality of feature visualization was improved (Fig. 2). The residual
discontinuity was caused by a bias of elevated attenuation coefficient estimation at deeper
regions. The attenuation coefficient was approximated based the assumption of infinite
pixels in depth [42]. However, due to the heavy burden of data streaming during acquisition,
each image tile was trimmed to 200 pixels in depth, which was insufficient for OCT signals
to decay to the noise floor.

The slice thickness of 150 um was chosen based on the optimal performance of OCT. The
OCT objective has a confocal parameter of ~150 pm and the effective imaging depth in
ex vivo human brain tissue covers 150 um. Therefore, we cut a 150 um slice from tissue
blockface to remove the portion that has been imaged and allow OCT to image deeper
regions of the tissue block.

With the volumetric OCT data, we identified the vessel network in the human brain samples.
The signal we are detecting is the “black tubes” in OCT which corresponds to the lumen

of the vessel. Since the lumen is empty and hollow, its scattering coefficient is very

distinct from surrounding tissue and would not be affected by the diameter or orientation

of the vessel. We utilized a Frangi filter to automatically segment the vessels in 3D. This
algorithm was widely used to extract vessels in different imaging techniques such as cortical
vasculature from magnetic resonance imaging (MRI) and magnetic resonance angiography
(MRA), bronchi from a chest CT, and portal veins in the liver from an abdominal CT [45,
46].

With a histological validation, we showed that the Frangi filter-based segmentation had a
high accuracy in extracting vessels that are larger than 20 microns in diameter in the human
brain samples imaged with serial sectioning OCT. Converting the vessel segmentation into
a graph enabled us to characterize the geometrical properties of the vessel network, such as
the vessel segment length and tortuosity. By comparing the geometrical parameters extracted
by automatic vessel segmentation with manual segmentation, we confirmed that the Frangi
filtering strategy could accurately reveal the network properties of the vasculature. This
segmentation and graph-building framework can be applied to study the pathology of
diseased brains. For example, neurodegenerative disease such as Alzheimer’s disease and
chronic traumatic encephalopathy are known to be accompanied by vascular abnormities,
such as increasing number of spiraling vessels and sparser vessel network [4, 10]. This
could be reflected by the vessel density change and the increased tortuosity of vessels in the
network, which can be readily quantified within our processing framework. Additionally,
since OCT is a label-free imaging technique, it does not suffer from the variations
introduced during molecular labeling and tissue sectioning thickness as in traditional
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histological methods [1]. Therefore, OCT-based techniques enable a quantitative comparison
across subjects and large-scale sample size.

One big advantage of OCT-based technique is that it removes the challenge of tissue
distortions and tears that are inevitable in histological sections of human tissue. As
traditional histological imaging is performed on thin slices, a significant distortion is
introduced during tissue slicing and mounting thin slice on glass slide [51, 52], which
results in inevitable warping and tears in each slice. Those slice-specific and nonlinear
distortions are difficult to correct in volumetric registration across slices. In serial sectioning
OCT, imaging is performed on the block face of the tissue and prior to tissue sectioning.
Therefore, it preserves the spatial information of the tissue block and eliminates the
distortion across slices in volumetric registration. The distortion we described in the OCT
was introduced by the optics system. This type of distortion can be well characterized and
corrected by the method described in section 11.D. Tissue deformation introduced during
fixation steps is another type of distortion that is common for all ex vivo studies [53, 54].

We used tomato-lectin labeled confocal imaging to validate the OCT vasculature. Lectins
are small-molecule carbohydrate-binding proteins, distinct from antibodies, enzymes, and
transport proteins, which makes them easily tagged fluorescently or with biotin [55]. They
have been used to label vascular elements in fixed tissue sections, through their binding to
carbohydrate components of the endothelial plasmalemma [56-58]. Results reported thus
far indicate wide variation in the efficacy of vascular labeling of different lectins, and that
tomato lectin may provide the best labeling of central nervous system vasculature [57, 59—
61]. Previous studies have widely used confocal microscopy in imaging histological slices
stained with tomato lectin [62, 63], which is one of the most available imaging methods that
identifies vasculature down to the single capillary level [64].

There are a few limitations in the vessel segmentation approach. First, previous studies
suggested that it is possible for the vessels to collapse during tissue preparation/fixation
steps [65, 66]. As a matter of fact, it is a common limitation for ex vivo studies and

it could affect our detection technique. Specifically, if the lumen was partially collapsed,
the diameter of the vessel could be inaccurately estimated. If the lumen was completely
collapsed, the vessel would not be detectable by our technique. Second, since the Frangi
filter involving eigendecomposition was computational expensive, we downsampled the
large 3D volume before applying it for vessel segmentation. This limited the smallest vessels
we were able to detect. In this work, vessel segmentations were performed on volumetric
OCT data with 12 micron resolution, and thus all microvessels smaller than 2 pixels were
neglected in our framework. From the confocal images we observed that the gray matter
was more vascularized than the white matter due to a dense capillary network. However, in
our OCT based vasculature map, the capillary bed was excluded, leading to an incomplete
microvascular network, as shown in Fig. S2. An alternative strategy is to retain the original
resolution while extracting vessels from a smaller region. Moreover, the sensitivity of the
Frangi filter was not remarkably high, which resulted in missing vessel identification after
the filtering process. This could be reflected by the smaller total number of segments from
the Frangi filter than the manual segmentation, as shown in Fig 5 (b) and (c).
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We imaged 3 human brain samples to prove the reliability of our approach; however, the
geometrical properties of the vasculature were not comparable to evaluate the variability
across the samples. Since the sample volume as well as the anatomical region were different,
the difference in the total number of segments across the samples was probably attributed to
those factors rather than pathological conditions.

Extracting axonal bundles is more challenging compared to the vessel identification, given
that the contrast between the fibers and the surrounding medium is much weaker compared
to the that between the lumen and the vessel walls. We demonstrated the ability of axonal
bundle segmentation in volumetric OCT using the Frangi filtering at a different scale.

The axonal bundle information is useful in studying brain connectivity. Future work could
improve the quality of segmentation by incorporating deep learning based methods, such as
convolutional neural networks [67, 68].

V. CONCLUSION

A novel framework of automatically constructing large-scale OCT volumes and extracting
microvasculature was demonstrated. The OCT signal was distortion-corrected and
transformed into an attenuation coefficient for better volumetric visualization. The extraction
of vasculature in 3D was performed with a Frangi filtering strategy. We validated that

this segmentation scheme was able to capture the geometrical characteristics of the
intraparenchymal microvascular network. The Frangi filtering strategy could be further
extended to extract other tubular structures such as axonal tracts with proper scale
parameters. This framework enables us to quantitatively characterize the 3D microvascular
networks in ex vivo human brain.
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Figure 1:

workflow of volumetric reconstruction. (a) The schematic of the serial sectioning OCT
system. (b) Flow chart of the acquisition and processing pipeline. The details of
preprocessing were explained in section I1.B and the details of the post processing were
explained in section I1.D.
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(a) Before distortion After distortion correction
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(c) Stitched slice using OCT intensity
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B

Figure 2:
Distortion correction, volumetric averaging kernel and volumetric stitching. (a) An example

XY slice (top row) and the correspondent maximum intensity projection (MIP) of the vessel
segmentation of the volume (bottom row) before (left column) and after (right column) the
distortion correction. Scale bars: 2 mm. Red arrows: stitching artifacts falsely segmented as
vessels. Green arrows: vessels that are not accurately segmented before distortion correction.
(b) Kernel averaging of OCT data with various kernel size. Top row: vessels of different
size. Bottom row: axonal fiber bundles. (c) The volumetric stitching using OCT intensity. An
XY plane is shown at the left side with two lines of interest labeled with yellow and red.

The XZ profile at the two lines of interest was plotted on the right side. (d) The volumetric
stitching using attenuation coefficient estimation. An XY plane is shown at the left side with
two lines of interest labeled with yellow and red. The XZ profile at the two lines of interest
was plotted on the right side.
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Figure 3:
Tracing vessels in volumetric OCT data. (a) 3D rendering of sample | (left). A region of

interest was labeled in red rectangle to show the branching of the manually labeled vessel in
different depths (right). (b) 3D rendering of sample 11 (left). A region of interest was labeled
in red rectangle to show the manually labeled vessel in different depth (right).

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2023 December 01.

700 um




1duosnuen Joyiny 1duosnuen Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Yang et al.

Page 21

Figure 4:
Frangi filtering and graph reconstruction of volumetric OCT. Scale bars: 1 mm. (a) 3D

rendering of the OCT volume. (b) 3D rendering of the Frangi segments. (c) Skeletonization

and tracing each segment from the Frangi segments. End-point voxels are displayed in blue,
slab voxels in orange and junction voxels in purple. (d) The final graph representation of the
vessel network of the OCT volume after pruning. (e) The zoom-in view of the red rectangles

in (a) - (d).
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(a) Comparison between the Frangi & manual segmentation (b) Maximum intensity projection of manual vessel segmentation
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(c) Segment length distribution
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Validation of the Frangi vessel segments by comparing with the manual segments. (a) An
example comparison of the maximum intensity projection of the Frangi segmentation and
the manual segmentation. (b) The MIP of the manually labeled vessel segments of each

dataset. (c) The normalized segment length distribution of each dataset. The Frangi segments

were plotted in blue whereas the manual segments were plotted in orange. The gray

regions in the histogram are the overlapping of the two distributions. The total number of
segments was labeled on the distribution. (d) The normalized segment tortuosity distribution
of each dataset. The Frangi segments were plotted in blue whereas the manual segments
were plotted in orange. The gray regions in the histogram are the overlapping of the two

distributions. The total number of segments was labeled on the distribution.
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Validation of OCT imaging vasculature by comparing with tomato lectin staining. (a) An
example of slice-by-slice comparison between the vessel segments from volumetric OCT
and the tomato lection stained image. The vessels selected by the independent observer were
labeled in red. (b) An example of a true positive (TP), a false positive (FP) and a false
negative (FN) case in the example slice in (a). (c) Bar plot of the true positive (TP), false
positive (FP) and false negative (FN) rate for the selected vessels of different diameters in
each slice, as well as averaged across all slices. The total number of vessels selected was

labeled in caption.
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e

The Frangi filter  The Frangi filter + marching ellipsoid

Figure7:
Extending the Frangi filtering strategy to extract axonal fiber tracts. (a) The AIP of a

selected slice. The region of interest is labeled with red rectangle. Scale bar: 500 gm. (b)
3D rendering of the axonal fiber tracts segmentation in two different perspectives. (c) The
overlay of the segmentation and the original image. Two planes of depth (60 xm and 120
4m) were shown. Red is the binary segmentation, and the gray is original image. Scale bars:
100 wm. (d) Comparison of the Frangi filtering (left) and the Frangi filtering plus marching
ellipsoid (right). White arrows point to the segments that were connected after the marching
ellipsoid. Scale bars: 100 tm.
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