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Introduction: MicroCT of the three-dimensional fascicular organization of the
human vagus nerve provides essential data to inform basic anatomy as well as
the development and optimization of neuromodulation therapies. To process the
images into usable formats for subsequent analysis and computational modeling,
the fascicles must be segmented. Prior segmentations were completed manually
due to the complex nature of the images, including variable contrast between
tissue types and staining artifacts.

Methods: Here, we developed a U-Net convolutional neural network (CNN) to
automate segmentation of fascicles in microCT of human vagus nerve.

Results: The U-Net segmentation of ~500 images spanning one cervical vagus
nerve was completed in 24s, versus ~40h for manual segmentation, i.e., nearly
four orders of magnitude faster. The automated segmentations had a Dice
coefficient of 0.87, a measure of pixel-wise accuracy, thus suggesting a rapid and
accurate segmentation. While Dice coefficients are a commonly used metric to
assess segmentation performance, we also adapted a metric to assess fascicle-
wise detection accuracy, which showed that our network accurately detects the
majority of fascicles, but may under-detect smaller fascicles.

Discussion: This network and the associated performance metrics set a
benchmark, using a standard U-Net CNN, for the application of deep-learning
algorithms to segment fascicles from microCT images. The process may be further
optimized by refining tissue staining methods, modifying network architecture,
and expanding the ground-truth training data. The resulting three-dimensional
segmentations of the human vagus nerve will provide unprecedented accuracy
to define nerve morphology in computational models for the analysis and design
of neuromodulation therapies.

KEYWORDS

vagus nerve, microCT, image processing, segmentation, neural network, autonomic
nervous system, deep-learning segmentation of vagus nerve
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1. Introduction

The vagus nerve is a major autonomic pathway that carries signals
to and from the brainstem and the visceral organs (Neuhuber and
Berthoud, 2021). As a result of the role of the vagus nerve in regulating
parasympathetic functions, vagus nerve stimulation (VNS) holds
tremendous potential for treating numerous medical conditions. VNS
is FDA-approved to treat epilepsy, depression, obesity, and after-effects
of stroke (FDA, 1997, 2005, 2015, 2021; LivaNova, 2017). However,
despite the heterogeneity of physiological functions of the vagus
nerve, VNS generally involves placing a cuff electrode that wraps
around the mid-cervical nerve trunk, which then results in activation
of fibers causing both therapeutic benefit and potentially therapy-
limiting side effects (Settell et al., 2020b; Blanz et al., 2023; Jayaprakash
et al.,, 2023). To inform improved neuromodulation approaches that
reduce side effects, the functional organization of the vagus nerve
must be better understood (Settell et al., 2020a; Osanlouy et al., 2021;
NIH, 2022). There is additional inherent value in understanding the
vagus nerve’s functional pathways for the purpose of basic physiology
and elucidation of its micro-anatomical features (Upadhye et al., 2022).

Anatomically-realistic computational models enable predictive
simulations of nerve fiber activation in response to VNS, studies of
mechanisms of action, and rational development of novel electrode
designs and stimulation parameters for selective and effective
stimulation (Musselman et al., 2021). The modeled nerve morphology
is defined using the segmentation of a 2D histological cross section
that is extruded to define the 3D finite element model (Musselman
etal,, 2021). However, a recent study used microCT to quantify the 3D
fascicular morphology of the human vagus nerve and found that
fascicles merged or split every 0.56 mm on average, with high intra-
and inter-sample variability (Upadhye et al., 2022); thus, over the
8 mm center-to-center span of the clinical VNS cuff, these microCT
data indicate that the 2D extrusion model does not reflect the
true anatomy.

The fascicles and epineurium must be segmented from the raw
microCT images to quantify anatomical metrics and to serve as inputs
to computational models. Manual segmentation is highly time-
consuming and is subject to user-to-user variability, which can
be somewhat alleviated by semi-automated methods, such as Otsu’s
thresholding or region growing, followed by manual correction
(Gonzalez and Woods, 2018). Thus far, in our hands, common semi-
automatic segmentation methods have under-performed in this
application due to the non-uniformity of contrast in the fascicles and
imaging artifacts.

Conversely, convolutional neural networks (CNNs) have been
widely used in image classification and image detection applications
due to their ability to recognize features without manual feature
extraction or additional image processing steps (Gu et al., 2018).
CNN-based image segmentation can distinguish features from both
background and artifacts that would cause other automatic
segmentations to fail (Sarma and Gupta, 2021; Kumar, 2023). Network
architectures such as U-Net (Ronneberger et al., 2015), FPN-Feature
Pyramid Network (Lin et al., 2017) and Mask R-CNN (He et al., 2017)
have been designed to perform image segmentation. Further,
execution of the CNNs on graphics processing units (GPUs) has
greatly reduced training time (Alzubaidi et al., 2021). In recent years,
countless applications of CNN-based image segmentation for medical
images have been reported in the literature, from segmentation of CT
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(Lietal, 2022), MRI (Zhao and Zhao, 2021), ultrasound (Liu et al.,
2019), optical coherence tomography (Viedma et al, 2022) or
histology images (Basu et al., 2023), and from structures as varied as
blood vessels (Chen et al., 2020, 2021), cells (Kumar et al., 2017;
Stringer et al., 2021), and nerves(Balsiger et al., 2018; Wang et al.,
2019; Horng et al., 2020; Tovbis et al., 2020; Kim et al., 2022;
Jayaprakash et al., 2023).

In this work, we trained a U-Net CNN to achieve efficient and
reproducible segmentation of fascicles from microCT images of the
human cervical vagus nerve. We quantified its performance compared
to ground-truth manual segmentation using multiple metrics,
including Dice coefficient—which is a measure of pixel-wise detection
accuracy—and adapted methods to create a new measure of fascicle-
detection accuracy (Caicedo et al, 2019). A trained researcher
requires several hours to segment microCT images of a single human
cervical vagus nerve, whereas our trained CNN required seconds. The
U-Net architecture is one of the most established and widely used
CNN-based segmentation algorithms, and therefore may serve as a
benchmark for future refinements.

2. Materials and methods
2.1. Sample acquisition and preparation

Human cervical vagus nerves were collected and prepared using
methods from a previous study (Upadhye et al., 2022). Briefly, nerves
were dissected and harvested from five de-identified cadavers (three
left and five right sides) donated to the Case School of Medicine
Anatomy Department (Cleveland, OH). Additional demographic
information was not collected. A non-human subject determination
was obtained from the Case Western Reserve University Institutional
Review Board (IRB). The dissection was performed by a trained
neuro-anatomy teaching assistant and vagus nerve sections from the
jugular foramen to the clavicle were extracted. A total of five nerves
from three subjects were chosen for this study based on the staining
quality, and demographic information such as age and gender were
not recorded.

Specimens were stored in 10% neutral buffered formalin (Fisher
Scientific) for several days prior to subsequent processing. The authors
would like to note that in subsequent studies, nerves have been
collected from fixed cadavers and stored directly in 1X phosphate
buffered saline (1X-PBS) with 0.01% sodium azide to avoid
over-fixation.

A specimen labeling scheme is presented in the figures throughout
this manuscript. Specimens were labeled based on subject number (1,
2,3...) followed by the letter R (right) or L (left) to indicate the side of
the body. Samples were stained with 1% (v/v) osmium tetroxide
solution (Polysciences, IL, United States) as previously described
(Upadhye et al., 2022). The nerves were embedded in paraffin and
placed inside a plastic mold with grooves marked with radio-opaque
paint every 5mm to facilitate navigation during imaging.

2.2. Imaging

Nerves were scanned using a Quantum GX2 micro-computed
tomography (micro-CT) scanner (Perkin Elmer, Waltham, MA,
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United States), with an excitation voltage of 90kV, a current of 80 pA,
a scan time of 14min, and a scanning field of view of 36 mm in
diameter and 20mm in length. Three to four overlapping scans
(minimum 20% overlap in the dimension along the nerve) were
performed to capture at least 5cm of vagus nerve length, centered
approximately at the mid-cervical region where neuromodulation cuff
electrodes are typically placed.

Image reconstruction was performed at 10 pm voxel resolution
using the Rigaku software (Perkin Elmer, Waltham, MA,
United States). The software limits reconstructions toa 512x512x 512
voxel cube at a time, thus the reconstruction field of view was a
sub-volume of size 5.12x5.12x5.12mm. The resulting data were
exported as 16-bit TIFF images. The sub-volumes were then down-
sampled 10x in the dimension along the nerve length (ie., to
51251251 pixels) by copying every 10th image into a new directory
in an effort to reduce memory and processing requirements for
subsequent steps. Subsequently, these volumes were stitched using
Image]J (FIJI, Version 2.1.0/1.53c¢). Slices in the final stitched dataset
had voxel dimensions of 10 x 10 x 100 pm.

2.3. Ground truth creation

Images were imported into Simpleware™ ScanIP S-2021.06
(Synopsys, Mountain View, CA, United States). The nerve fascicles
and the epineurium were segmented by a trained user using built-in
region painting tools. Fascicles were segmented manually on each
image (501 images per 5cm nerve sample) due to the high amount of
variability in brightness, contrast, and position from one slice to the
other along the length of the nerve. In comparison, the shape of the
epineurium was more uniform and thus it was manually segmented
every 10th slice and a built-in interpolation algorithm was used to
segment the epineurium in the remaining slices. Layers containing the
segmentation masks were exported as binary images. At this stage,
images where the whole epineurium was not contained within the
image field-of-view were removed from the dataset (7 images from
nerve 21, 57 images from nerve 61).

2.4. Image pre-processing and data
augmentation

A summary of the image pre-processing steps is shown in
Figure 1A. Images were separated into training and validation sets
based on a leave-one-out cross-validation approach (Sammut and
Webb, 2010) where images obtained from three nerves were used at a
time for network training, and images from one nerve were kept as
validation. This was repeated four times so that the average
performance from all four networks could be evaluated. Images from
a separate fifth nerve were used for final testing. All images belonging
to the same nerve were kept within the same training, validation or
testing set since sequential images obtained in any given nerve are
highly correlated with each other, and thus could lead to overfitting if
separated across multiple sets.

Based on the manual segmentation of the nerve epineurium, the
position of the epineurium centroid was calculated using a custom
MATLAB script (MathWorks, Natick, MA, United States). Images
were then automatically cropped to 400 x 400 pixels, centered around
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the nerve epineurium. Centering was applied to each microCT image
slice and label pair separately as the position of the nerve in the
imaging field-of-view changed from slice to slice.

In order to improve image uniformity, correct for staining
heterogeneity between samples and increase contrast, pixel values in
the microCT images were converted from 16-bit to 8-bit and image
contrast was enhanced as follows: saturated pixels corresponding to
staining artifacts (values >18,000, manually chosen threshold) were
set to zero, after which the lowest 0.1% of pixels were set to 1, the
highest 0.1% of pixels were set to 255, and the remaining pixels were
rescaled linearly between 1 and 255. Before inputting into the CNN,
images were converted to float 32 precision where the intensity of each
image was normalized by dividing each pixel value by the mean
intensity of the image.

Data augmentation was performed on-the-fly on each image
during network training to increase the size of the training dataset and
prevent network overfitting. Multiple compound transformations
were randomly used on each image every epoch as follows: (1) a
random rotation of angle 0°-270° (performed on 50% of images), (2)
a vertical or horizontal flip (each 33% of images), (3) random scaling
between 0.9 and 1.2x in size (66% of images), (4) random additive
Gaussian noise with a mean of zero and a standard deviation randomly
distributed between 0.001 and 0.003 (applied to all images), (5)
random intensity variations added in the shape of an arbitrary
function f(x,y)=A*sin(ax)+B*sin(by)+1, where A, B, a, and
b are random numbers in the range 0.001-0.3 (applied to 50% of
images). All images were also smoothed with a Gaussian filter
(standard deviation =1 pixel) as a preprocessing step.

2.5. Network architecture and deep
learning experiments

Network training was executed on the High Performance
Computing cluster at Case Western Reserve University using a 48 GB
A40 GPU (NVIDIA Corporation, Santa Clara, CA, United States). All
deep learning networks were implemented and trained in MATLAB
2021a (MathWorks, Natick, MA, United States).

Convolutional neural networks with U-Net architecture
(Figure 1B) were trained for fascicle segmentation. A Dice loss
function was used to decrease the impact of class imbalance and
improve segmentation results (in a typical 400 x 400 pixels image, only
~5% of pixels belong to the fascicle class). Networks were trained for
60 epochs. The initial learning rate was 5x 107*, and the learning rate
was multiplied by 0.75 every 8 epochs. The mini-batch size was set to
20 images, and the Adam optimizer algorithm was used. An example
training curve (for Network 1) can be see in Supplementary Figure S1.

2.6. Success metrics

The Dice similarity coefficient (DSC) was used to evaluate the
network segmentation on the validation and testing sets on a per
pixel basis:

B 2[True N Predicted|

psc = —I-thel redicred
[True| + [Predicted|
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FIGURE 1
Pre-processing steps and architecture of deep learning network. (A) Four nerves (21, 2R, 3R, and 6R) were repeatedly separated as training and
validation data using a leave-one-out cross-validation approach. A fifth nerve (6l) was used for testing. As part of pre-processing, each image was
centered on the epineurium and cropped, the contrast was enhanced, and the image was augmented via random rotations, flips, size changes, added
noise and changes in pixel intensity. (B) Structure of the deep learning network, following the widely used U-Net architecture. Numbers above
rectangles indicate the number of channels. Numbers on the left side indicate pixel dimensions. ReLU, Rectified linear unit.

where True is the set of pixels identified as fascicles in the ground
truth and Predicted is the set of pixels classified as fascicles by the deep
learning network. While the Dice coefficient reflects the number of
pixels correctly classified per image, it does not provide any
information on the number of correctly identified fascicle cross-
sections, nor on the occurrence of mistakes such as added, missed,
merged or split fascicles. The accuracy of the network prediction was
thus also evaluated on a per fascicle basis using an intersection-over-
union (IoU) matrix (adapted from Caicedo et al.,, 2019, similar to
Kirillov et al., 2019) where individual matrix elements are defined as:

True; () Predicted ;

oU; ; =
"/ True; U Predicted J

2

where IoU;; is the intersection-over-union of a fascicle i (identified
using connected components) in the ground truth image and a
corresponding fascicle j (identified also using connected components)
in the prediction image. True; is the set of pixels identified in the
ground truth for fascicle i, while Predicted, is the set of pixels classified
as fascicle j by the deep learning network. For analysis, a matrix IoU;,;
can be calculated for all fascicle pairs (i, j). Elements of IoU; ; will
be above a threshold ¢ if a fascicle i in the ground truth has been
correctly predicted as fascicle j by the network (true positive, TP).
However, rows of IoU; ,; with all elements equal to zero (or below
threshold #) indicates missed fascicles in the prediction (false negatives,
FN), and conversely columns of IoU, ; with all elements equal to zero
(or below threshold ) indicates fascicles added in the prediction (false
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positives, FP). From these results, the fascicle F1-score reflects the
number of correctly identified fascicles per image and is calculated
as follow:

THascicle
1
TPascicle + E(F Prascicle + FV; fascicle)

(©)

Flfascicle =

Similarly, rows of IoU; ; with more than one non-zero element
(>0.1) indicates a fascicle was mistakenly split by the network, and
columns of IoU;,; with more than one non-zero element (>0.1)
indicate that more than one fascicle were mistakenly merged by the
network prediction. For this step, an effective IoU threshold was
empirically derived to be 0.1 to include all cases of merges/split, not
only when predicted and true fascicles have a significant overlap
(IoU>0.4). To further understand fascicles affected by the different
types of mistakes, fascicles were also classified by sizes as follows: large
(>300,000 pm?), medium (90,000-300,000 pm?), small (20,000~
90,000 pm?), and tiny (<20,000 pm?).

2.7. Image processing software

Network training and network prediction was executed in
MATLAB 2021a. Result visualizations were produced using ImageJ and
MATLAB in 2D, and Amira (Thermo Fisher Scientific, Waltham, MA,
United States) in 3D. Statistical plots were produced in MATLAB and
Microsoft Excel (Microsoft Corporation, Redmond, WA, United States).
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3. Results

3.1. U-Net successfully segments vagus
nerve fascicles from microCT images

Four deep learning networks (Net #1-4) were trained using leave-
one-out cross-validation with the nerves 2R (501 images), 2L (494
images), 3R (501 images), and 6R (501 images) kept out as validation
in turn. As seen in Figure 2, the networks successfully segmented the
nerve fascicles in all nerves, with high agreement between the
predicted and ground truth fascicles. The network predictions were
robust and unaffected by the wide variability across images: from
small to large fascicles, from few to many fascicles, from high to low
contrast images. The high variability in staining and imaging

@ Ground Truth

Overlap Prediction

FIGURE 2

Comparison of deep learning segmentation to the ground truth
segmentation. Networks 1-4 trained on three nerves with a fourth
nerve kept out as validation. (Row I) Three slices from the validation
specimen 2L predicted using Net2. (Row Il) Three slices from the
validation nerve 2R using Netl. (Row lll) Three slices from the
validation nerve 3R using Net3. (Row IV) Three slices from the
validation nerve 6R using Net4. (Row V) Three slices from the test
nerve 6L which was not included in any training of validation set.
Prediction made by Net3. There was a high amount of overlap
between the ground truth (magenta) and predicted (cyan) areas,
colored in yellow. Images shown have an average Dice score of 0.88,
0.92, 0.92, 0.88, and 0.88, respectively, for each row.
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conditions across the nerves included in this study is shown in
Supplementary Figure S2.

To quantify the performance of our networks, Dice coeflicients
were calculated between the predicted and ground truth fascicle
masks (see Equation 1). The Dice coefficients of all images for all
validation nerves can be seen in Figure 3A. The mean Dice coefficient
was 0.87 across all four validation nerves (5th percentile: 0.77, 95th
percentile: 0.93), which indicates high agreement between the network
prediction and ground truth. Example of high, average and low Dice
coefficient images are shown in Supplementary Figure S3, to
demonstrate the range of segmentation performance exhibited at
different numerical values.

However, Supplementary Figure S3 highlights that while the Dice
coeflicient is a measure of the overall fascicle area that was correctly
segmented, it does not describe how individual fascicles were
segmented from each other and it does not quantify the occurrences
of errors such as missed or added fascicles, or accidental fascicle
merges and splits. Examples of each type of fascicle segmentation
error are shown in Supplementary Figure S5. Therefore, we also
performed a per-fascicle analysis for all four validation nerves (similar
to per-cell analysis of Caicedo et al., 2019). Using Equation (2), the
IoU of each fascicle in the predicted and ground truth images was
calculated, and fascicles in the predicted images were classified as true
positives, false negatives, or false positives based on their level of
overlap with the corresponding ground truth fascicle (i.e., if the IoU
is above a threshold f). The Flgq. Score was then calculated using
Equation (3). The F1 scores obtained from each of the four validation
nerves at increasingly high IoU threshold ¢ can be seen in Figure 3B,
and a visualization of different IoU per fascicle values and per-image
F1 scores can be seen in Supplementary Figure S3. As an example,
with a threshold of t=0.4, fascicles overlapping with an IoU of t>0.4
were classified as correctly detected by the network (true positive),
while fascicles with an IoU #<0.4 were classified as false positives or
false negatives, and an average F1 score of 0.78 was obtained. However,
with increasingly stringent IoU thresholds, fewer predicted fascicles
were classified as true positives until true positive fascicles were only
found in one nerve (2R) with t=0.9. This result indicates that while
the vast majorities of fascicles are correctly identified, the precise
location of fascicle boundaries vary between the network prediction
and the manual segmentation. Supplementary Figure S3 also
highlights that smaller fascicles with fewer pixels are more sensitive to
changes in individual IoU metrics, while larger fascicles with more
pixels are less sensitive to IoU but have a larger impact on the per
image Dice coeflicient. Both metrics are thus essential to understand
segmentation accuracy.

To quantify the type of mistakes made by the network when
identifying individual fascicles, we broke down the type of errors
(fascicles falsely added, missed, merged, or split) as a function of
fascicle size (see Figure 3C for nerve 2R, see Supplementary Figure S4
for all other nerves). In nerve 2R, a small minority (0.4-1.6%) of large
(>300,000 pm?) and medium fascicles (90,000-300,000 pm?) were
accidentally split or merged, and <0.1% were mistakenly added or
missed by the algorithm. On the other hand, fascicles incorrectly
added or missed by the algorithm were more common in the small
(20,000-90,000 pm?) and tiny fascicles (<20,000 pm?), where a total of
14% of fascicles were missed, and 8.1% were incorrectly added. A few
of the small fascicles (0.4%) were also incorrectly merged. As seen in
Supplementary Figure S4, this distribution of added/missed/split/
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(2L, 3R, 6R) are reported in Supplementary Figure S4.

A B
1.0 0.9
0.8
0.9 + Mean Dice:
0.87 0.7
0.8 3
) ° 0.6
8 . g
S 0.7 o H 0 05
» g ° @
§ 0.6 ° E’ 0.4
(=]
05 03 =8 Net1 - Validation: 2R
’ ° 0.2 Net2 - Validation: 2L
0.4 Net3 - Validation: 3R
’ 0.1 —m- Net4 - Validation: 6R
037 0
0.4 0.5 0.6 0.7 0.8 0.9
M Validation 2R [ Validation 2L [ Validation 3R H Validation 6R loU Threshold
C
O Large: >300,000 pm? ‘ Medium: 90,000-300,000 pm? ‘ Small: 20,000-90,000 pm? (@] Tiny: <20,000 pm?
0 20 40 60 80 100%
True
fascicles
% Missed Total: 14.0%
% Split Total: 1.2%
% Merged Total: 3.5%
% Added Total: 8.1%
Predicted
fascicles
0
FIGURE 3

Evaluating segmentation accuracy on a per pixel and per fascicle basis. (A) Distribution of Dice coefficients for all four validation nerves, with 493-500
images per nerve. Mean Dice coefficient of 0.87 across all four nerves. (B) Per fascicle F1-score, indicating the prevalence of correctly (true positives)
and incorrectly (false positives, false negatives) identified fascicles per image. A fascicle is identified as “true positive” if the predicted fascicle and the
true fascicle overlap with an intersection-over-union (loU) value above a certain threshold. (C) Size distribution of correctly and incorrectly identified
fascicles for one example nerve (2R). Fascicles may have been missed (false negatives), incorrectly split, incorrectly merged, or incorrectly added (false
positives) by the network prediction. Total percentage of fascicles affected by each error type is reported, with a breakdown into fascicle sizes affected
by each error type (Large: yellow, Medium: orange, Small: fuchsia, Tiny: blue). Errors affecting <0.1% of fascicles are not reported. Data for other nerves

merged fascicles varied between nerves. For example, validation nerve
3R had virtually no mistakenly split fascicles (<0.1%) across all sizes,
while a significant percentage of large fascicles (6-8%) were incorrectly
merged by the algorithm in validation nerve 21, 3R, and 6R.

3.2. U-Net segmentation generalizes well
to other nerves not included in the training
or validation datasets

We used our network to predict fascicle segmentation on a
separate test nerve that was not included in the training or validation
set. The prediction was made on a 4.4 cm vagus nerve segment (6 L)
comprised of 444 2D slices using Network 3 (Figure 4). The predicted
fascicle segmentation strongly resembled the ground truth
segmentation of the same nerve, apart from one small diameter
fascicle (Figure 4A) which appeared to track alongside the nerve and
was only detected by the network at a few discrete intervals. As seen
in the close-up rendering of one end of the nerve (Figure 4B), the
individual nerve fascicles were correctly detected. Importantly, the
frequent fascicle merging and splitting previously characterized in the
vagus nerve (Upadhye et al., 2022) were visible along the nerve length.
Two example slices (Figure 4C) demonstrate the high level of overlap
between the predicted and ground truth images, with individual Dice
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coeflicients of 0.90 and 0.85. No additional post-processing was
performed on the network segmentation, but additional refinements
could be made manually for inputs to computational modeling
(Marshall et al., 2022).

To quantify the ability of our network to segment the microCT
images of a nerve that were not used in the training or validation of
the CNN, all four trained networks were individually tested on nerve
6L, and the per-pixel recall, precision, and Dice coefficient were
calculated on the resulting images (Figure 5). All four networks
performed similarly when tested on nerve 61, with an average Dice
coefficient of 0.85. This demonstrates that even with the high
variability in staining intensity, nerve morphology, and nerve
appearance in our limited dataset, the composition of the training
dataset has little influence on the end performance for segmenting a
new nerve. This was further supported by the shape of the precision-
recall curve, showing an AUC (area under curve) value close to 1
(Figure 5A) for each instance and the average.

3.3. Network segmentation vastly improves
throughput

Automated fascicle segmentation is essential for volumetric
microCT images, as manual segmentation is highly labor- and
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FIGURE 4

Predicted

Deep learning segmentation of the full three-dimensional fascicles of a human vagus nerve. (A) Volume surfaces recreated from sequential 2D
automated segmentation of a 4.4cm nerve segment by Network 3. Magenta: manually generated ground truth of the testing nerve 6L. Cyan: network
prediction. (B) Region of interest (white boxes in A) showing individual nerve fascicles. (C) Two example slices (identified as 1 and 2 in B) with true and
predicted segmentation shown in magenta and cyan. Yellow indicates overlap. Dice coefficients=0.90 and 0.85 for slice 1 and 2, respectively

time-intensive. From our experience using a typical segmentation
software, it took approximately 40h for a trained user to manually
segment all the fascicles in 501 image slices. This is a significant time
commitment which slows down the data pipeline from image
acquisition to fascicle analysis and modeling. Considering that
multiple specimens with 501 slices (5cm, covering the surgical
window) are required for computational modeling, the manual
segmentation process is months-long. In addition, in order to further
characterize of the vagus nerve morphology throughout the body, the
desired segmentation nerve length could be much longer.

While computing speeds can vary from computer to computer,
our deep learning network trained in approximately 173 min (using
1,500 images from three nerves for 60 epochs and a mini-batch of size
20), and it can segment the fascicles in one image in 0.05s. Overall, a
5cm nerve segment can be segmented in an average of 24.3s. This is
four orders of magnitude faster than manual segmentation. Even
considering that a user might want to apply manual correction after
automated segmentation, the time saved is considerable and enables
fast transition times between nerve imaging and nerve modeling.

4. Discussion

Here, we developed a U-Net convolutional neural network to
automate segmentation of fascicles in microCT of human vagus nerve.
Once trained, the network was capable of segmenting fascicles nearly
4 orders of magnitude faster than manual segmentation. The resulting
segmentations were assessed for accuracy in multiple ways, including
the standard performance metric, the Dice similarity coeflicient, as
well as a newly developed metric to assess fascicle detection, the
combination of per fascicle Intersection over Union (IoU) and per
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image F1 score. While the standard metrics suggest generally good
accuracy (Dice coefficient 0.87), the fascicle metrics suggest that the
segmentations tend to under-detect “small” or “tiny” fascicles, in some
cases, >10%. Even so, performance is generally good and provides a
rapid first approximation that is similar in appearance to the ground
truth segmentations (e.g., Figure 4A). While we did not specifically
measure it here, the time savings from automatic segmentation is so
great that a user could likely apply manual revisions/corrections and
still provide net benefits over purely manual segmentation.

4.1. First demonstration of U-Net-based
segmentation of peripheral nerve fascicles
from microCT images

This is the first demonstration of automated vagus nerve fascicle
segmentation from microCT images using U-Net. While there has
been ongoing interest in segmenting peripheral nerves imaged with
ultrasound (Wang et al., 2019; Horng et al., 2020; Kim et al., 2022) and
magnetic resonance imaging (Balsiger et al., 2018), the focus of these
studies has been on identifying and locating the peripheral nerves
within the surrounding tissues to aid clinicians with the diagnosis of
neurological problems. As a result, the segmentation algorithms used
in these studies focused on segmenting the nerve from the background
structures. In comparison, recent efforts to image pig and human vagus
nerves used excised nerves and higher resolution approaches (e.g.,
microCT) (Thompson et al., 2020; Upadhye et al., 2022; Jayaprakash
etal., 2023). Here, we aimed to automatically segment individual nerve
fascicles and to characterize segmentation accuracy on a per-pixel and
per-fascicle basis, with an ultimate goal of accelerating the study of
human vagus nerve morphology to improve VNS therapies.
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Net1 - Tested on 6L 0.82 0.85 0.84 0.72
Net2 - Tested on 6L 0.83 0.87 0.85 0.80
Net3 - Tested on 6L 0.83 0.87 0.85 0.60
Net4 - Tested on 6L 0.82 0.86 0.84 0.56
Average 0.83 0.87 0.85 0.67
Precision Recall Dice Fixed Threshold
Net1 - Tested on 6L 0.77 0.90 0.83 0.50
Net2 - Tested on 6L 0.77 0.92 0.84 0.50
Net3 - Tested on 6L 0.81 0.90 0.85 0.50
Net4 - Tested on 6L 0.81 0.88 0.84 0.50
Average 0.79 0.90 0.84 0.50
FIGURE 5
Precision-Recall curve and a table with the precision and recall values at the highest Dice coefficient. (A) Precision-Recall curve with a large AUC (Area
Under Curve) indicating low numbers of false positives and false negatives. Although training specimens are different from one another and from the
test specimen in terms of anatomy and contrast, performance of the networks on the test dataset is similar with high accuracy. The precision-recall
curve was generated by applying a variable threshold from O to 1 with a step size of 0.02 to the output of each of the four networks and calculating the
precision and recall at every step. (B) The first four rows of this table shows the precision and recall values using the optimal threshold value at which
the highest Dice coefficient is calculated for each network. The next four rows show the precision, recall and Dice coefficient at a fixed threshold of
0.5. There is not a big difference in network performance at the optimal thresholds compared to the fixed threshold.

We chose the U-Net architecture as a benchmark for automated
fascicle segmentation since the encoder-decoder architecture of U-Net
and other U-Net variations (such as nnU-Net) are easy to implement
and have been highly successful in a wide array of medical image
segmentation (Isensee et al., 2021). U-Net also has a straightforward
expansion to three-dimensional volumes, 3D U-Net (Cigek et al.,
2016), which could provide an easy transition toward volumetric
segmentation of fascicles in the future. It is expected that any attempts
toward improved CNN architecture for fascicle segmentation will
have to outperform U-Net accuracy, thus the current demonstration
of U-net acting as a benchmark.

4.2. U-Net-based deep learning approach
will improve computational modeling of VNS

Computational modeling of neuromodulation therapies provides
an important suite of tools to analyze neural responses to stimulation
and to design improved approaches (Musselman et al, 2021).
However, the accuracy of outputs from all models relies on the
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accuracy of the inputs. Computational models of peripheral nerve
stimulation—across different nerves and species—typically define the
nerve morphology using a cross section of the nerve and fascicle
boundaries that is extruded longitudinally (e.g., Helmers et al., 2012;
Pelot et al., 2017; Bucksot et al., 2019). The cross section may
be defined from segmented histology (Pelot et al., 2020) or by using a
simplified representation. Thus, the models assume that changes in
fascicle morphology along the length affected by neural stimulation
are negligible.

The assumption of constant cross-sectional morphology along the
nerve length may be appropriate for certain nerves, such as the sciatic
or femoral nerve (Gustafson et al., 2009, 2012). However, microCT of
human vagus nerves recently showed that the fascicles split and merge
every ~560 pm, and that there is substantial variability in fascicle size,
number, and location within and across samples (Upadhye et al.,
2022). Due to the heterogeneous electrical properties of different
neural tissues, these morphological parameters affect the electric field,
and thus affect the resulting neural responses (Pelot et al., 2019; Davis
et al.,, 2023). Further, the tortuous fiber paths and smaller electrode-
fiber distances at certain locations along the nerve would result in
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lower activation thresholds (Marshall et al, 2022). Therefore,
assuming a constant cross section for human vagus nerves may
be inaccurate for modeling the response to VNS.

More realistic models of the vagus nerve that take into account
variations in fascicle morphology are thus likely required to achieve
precise prediction of VNS performance. These models will serve to
simulate population responses (e.g., Musselman et al., 2023), study
mechanisms of action (e.g., Davis et al., 2023), and design improved
electrode geometries, electrode placements, and stimulation
parameters (e.g., Schiefer et al., 2008; Wongsarnpigoon and Grill,
2010; Aristovich et al., 2021). There is thus substantial interest in
characterizing the fascicular morphology of the vagus nerve along its
length and in a larger number of human cadaver subjects (NIH, 2022).
However, to accomplish these goals, fast and accurate fascicle
segmentation are necessary to expand our understanding of the
functional organization of the vagus nerve (Ravagli et al., 2021;
Thompson et al., 2022; Upadhye et al., 2022; Jayaprakash et al., 2023).

High resolution imaging methods like microCT provides detailed
information about fascicular morphology along the length of the
vagus nerve (Thompson et al., 2020; Upadhye et al., 2022; Jayaprakash
etal.,, 2023). Thompson et al., imaged peripheral nerves (rat sciatic and
pig vagus) using microCT and were able to manually segment and
trace fascicles in their samples (Thompson et al., 2020). Jayaprakash
et al. (2023) imaged the pig vagus nerve for the purpose of tracing
“organotypic” fascicular connectivity. By taking into account the
fascicle morphology over the length of the nerve, microCT imaging
has the potential to improve computational models of VNS.

In addition to the impact on computational modeling there is
substantial merit and potential impact to further elucidating the
micro-anatomy of the vagus nerve. The parasympathetic autonomic
system is very complex and involved in many functions within the
body, and may therefore underpin multiple diseases (Andersson and
Tracey, 2012; De Couck et al., 2012; Breit et al., 2018).

4.3. Limitations and future directions

Our approach may be improved by training a network to segment
the epineurium in addition to fascicles. Epineurium segmentation
provides morphological quantification and inputs to computational
modeling on the size of the nerve, which is important for designing cuff
electrodes that are appropriately sized and for predicting activation
thresholds with correct electrode-fiber distances. However, additional
staining procedures are needed to enhance the contrast of the epineurium.

It is important to note that the segmentations are performed on
dissected and processed tissue which inevitably causes volume
shrinkage. Therefore, our segmentations underestimate fascicle
dimensions and it would be necessary to compensate for shrinkage if
utilizing this data for subsesquent electrode design efforts. Past
publications have estimated that tissue shrinkage is on the order of
15-30% (Pelot et al., 2020).

Fascicle sizes and locations in adjacent cross sections of the nerve
are also highly spatially correlated. Although our network performed
well on both the validation and test nerves, its performance could
improve if a 3D network approach were taken (Cicek et al., 2016).
We sampled nerves from de-identified cadavers, but in future studies,
demographic information may be leveraged to study potential effects
on nerve morphology.
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Staining with osmium tetroxide enhances the brightness of the
fascicles in images, primarily through its reaction with lipid-
containing myelin (Kiernan, 2007), but the osmium was not uniformly
absorbed in all specimens and along the length of the nerve in single
specimens, resulting in areas with non-uniform brightness. This
limitation may be able to be overcome with additional optimization
of the staining procedures and control of the time from death to
embalming, dissection, and staining. Nonetheless, despite variability
in tissue contrast, our deep-learning approach seemed to be robust
and made similarly accurate predictions regardless of which nerves
were included or excluded of the training dataset.

Even though our ground truth segmentations were performed by
trained ‘experts, there is an inherent risk that some of the smaller
fascicles could have been missed. We believe this is particularly
possible as some of the smaller fascicles would be on the order of 3x3
pixels (or 30 x 30 pm). Therefore, it is possible that improvements in
the ground truth segmentation, aided by higher resolution imaging,
may yield better performance of the network detection of smaller
fascicles. In general higher quality images improve automatic
detection method performance (Sabottke and Spieler, 2020).

Lastly, lipid deposits and/or precipitates of osmium tetroxide
generate high pixel intensity artifacts. While these were occasionally
misinterpreted by the network as fascicles, these are easy to identify
and remove during manual clean-up processing.

5. Conclusion

Understanding the fascicular organization of the vagus nerve is an
in the
neuromodulation devices that selectively activate the nerve’s diverse

important  step development and optimization of
functional pathways.

We demonstrated that a U-Net CNN successfully segments
fascicles from microCT images of the human vagus nerve. Further,
we demonstrated that U-Net segmentation generalizes well to other
nerves not included in the training or validation datasets. This
automated segmentation approach vastly improved throughput
compared to manual segmentation.

While the network’s Dice coefficient (0.87) suggests moderate-to-
high performance, the segmentations are not perfect. To supplement
typical segmentation metrics, we developed a fascicle-wise detection
metric that categorized various types of errors (falsely missed, added,
split or merged fascicles). This network and the calculated
performance metrics herein set a first benchmark, using a standard
U-Net CNN, for the application of deep-learning algorithms to
segment fascicles from microCT images. The process may be further
optimized by refining tissue staining methods, modifying network
architecture, and expanding the ground-truth training data sets. The
improvement in processing time has significant implications for the
consortium of researchers currently engaged in mapping the entire
length of the vagus nerve, as manually segmenting long nerves would
be otherwise untenable.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession

frontiersin.org


https://doi.org/10.3389/fnins.2023.1169187
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Buyukcelik et al.

number(s) can be found at: http://www.sparc.science.10.26275/
cise-ea9p.

Author contributions

OB and ML-L were principally responsible for implementing and
performing deep learning experiments, result analysis, figure
conceptualization, and writing of the manuscript. CK and AU
collected the primary datasets. DM and NP contributed to the project
conception, data review, funding acquisition, careful review and
manual editing of the ground-truth image dataset, and writing of
sections of the paper. KL and KG contributed to the review and
interpretation of the data, writing and editing of the final manuscript.
DW, MJ, and AS were involved in all aspects of the data collection,
funding acquisition, writing, reviewing, and editing of the manuscript.
All authors contributed to the article and approved the
submitted version.

Funding

This work was supported by NIH’s Stimulating Peripheral Activity
to Relieve Conditions programs 75N98022C00018 and OT2
0D025340, US Dept. of Veterans Affairs 11IS1BX004384, the Cleveland
VA APT Center, and Case Western Reserve University. The opinions
expressed in this article are the author’s own and do not reflect the
view of the National Institutes of Health, the Department of Health
and Human Services, or the United States government. Maryse
Lapierre-Landry is supported by the American Heart Association
Postdoctoral Fellowship Grant #916963, 2022-2023.

References

Alzubaidi, L., Zhang, J., Humaidi, A. J., Al-Dujaili, A., Duan, Y., Al-Shamma, O., et al.
(2021). Review of deep learning: concepts, CNN architectures, challenges, applications,
future directions. J. Big Data 8:53. doi: 10.1186/540537-021-00444-8

Andersson, U., and Tracey, K. J. (2012). Neural reflexes in inflammation and
immunity. J. Exp. Med. 209, 1057-1068. doi: 10.1084/jem.20120571

Aristovich, K., Donega, M., Fjordbakk, C., Tarotin, I, Chapman, C. A. R,, Viscasillas, J.,
etal. (2021). Model-based geometrical optimisation and in vivo validation of a spatially
selective multielectrode cuff array for vagus nerve neuromodulation. J. Neurosci.
Methods 352:109079. doi: 10.1016/j.jneumeth.2021.109079

Balsiger, E, Steindel, C., Arn, M., Wagner, B., Grunder, L., El-Koussy, M., et al. (2018).
Segmentation of peripheral nerves from magnetic resonance Neurography: a fully-automatic,
deep learning-based approach. Front. Neurol. 9:777. doi: 10.3389/fneur.2018.00777

Basu, A., Senapati, P,, Deb, M., Rai, R., and Dhal, K. G. (2023). A survey on recent
trends in deep learning for nucleus segmentation from histopathology images. Evol. Syst.
1-46. doi: 10.1007/s12530-023-09491-3

Blanz, S. L., Musselman, E. D., Settell, M. L., Knudsen, B. E., Nicolai, E. N.,
Trevathan, J. K,, et al. (2023). Spatially selective stimulation of the pig vagus nerve to
modulate target effect versus side effect. J. Neural Eng. 20:016051. doi:
10.1088/1741-2552/acb3fd

Breit, S., Kupferberg, A., Rogler, G., and Hasler, G. (2018). Vagus nerve as modulator
of the brain-gut Axis in psychiatric and inflammatory disorders. Front. Psych. 9:44. doi:
10.3389/fpsyt.2018.00044

Bucksot, J. E., Wells, A. J., Rahebi, K. C,, Sivaji, V., Romero-Ortega, M., Kilgard, M. P,
etal. (2019). Flat electrode contacts for vagus nerve stimulation. PLoS ONE 14:e0215191.
doi: 10.1371/journal.pone.0215191

Caicedo, J. C., Roth, J., Goodman, A., Becker, T., Karhohs, K. W., Broisin, M., et al.
(2019). Evaluation of deep learning strategies for nucleus segmentation in fluorescence
images. Cytometry 95, 952-965. doi: 10.1002/cyto.a.23863

Chen, C,, Chuah, J. H,, Ali, R., and Wang, Y. (2021). Retinal vessel segmentation using deep
learning: a review. IEEE Access 9, 111985-112004. doi: 10.1109/ACCESS.2021.3102176

Frontiers in Neuroscience

10.3389/fnins.2023.1169187

Acknowledgments

The authors thank Rebecca Enterline and Andrew Crofton for
their contributions in sample acquisition and handling. The authors
thank Matt Schiefer for his role in the acquisition of equipment
necessary for the execution of our studies. The authors thank the High
Performance Computing Resource in the Core Facility for Advanced
Research Computing at Case Western Reserve University.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fnins.2023.1169187/
full#supplementary-material

Chen, C,, Qin, C., Qiu, H., Tarroni, G., Duan, J., Bai, W, et al. (2020). Deep learning
for cardiac image segmentation: a review. Front. Cardiovasc. Med. 7:25. doi: 10.3389/
fcvm.2020.00025

Cigek, O., Abdulkadir, A., Lienkamp, S. S., Brox, T., and Ronneberger, O. (2016). 3D
U-Net: learning dense volumetric segmentation from sparse annotation. In Medical
Image Computing and Computer-Assisted Intervention-MICCAI 2016: 19th International
Conference, Athens, Greece, October 17-21, 2016, Proceedings, Part II 19. Springer
International Publishing. 424-432. doi: 10.1007/978-3-319-46723-8_49

Davis, C. J., Musselman, E. D., Grill, W. M., and Pelot, N. A. (2023). Fibers in smaller
fascicles have lower activation thresholds due to thinner Perineurium and smaller cross-
sectional area. J. Neural Eng. 20:026032. doi: 10.1088/1741-2552/acc42b

De Couck, M., Mravec, B., and Gidron, Y. (2012). You may need the vagus nerve to
understand pathophysiology and to treat diseases. Clin. Sci. (Lond.) 122, 323-328. doi:
10.1042/CS20110299

FDA (1997). FDA 1997 PMA approval P970003 for VNS therapy system. 2021.
Available at: http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.
cfm?id=P970003.

FDA (2005). FDA 2005 PMA approval P970003 for VNS therapy system. 2021.
Available at: http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.
cfm?id=P970003S050.

FDA (2015). FDA 2015 PMA approval P130019 for maestro rechargeable system.
2021. Available at: http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.
cfm?id=P130019.

FDA (2021). FDA 2021 PMA approval P2100007 for Vivistim system. 2021. Available
at: http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P210007.

Gonzalez, R. C., and Woods, R. E. (2018). Digital image processing. 4th. New York, N.Y:
Pearson.

Gu, J., Wang, Z., Kuen, J., Ma, L., Shahroudy, A., Shuai, B., et al. (2018). Recent
advances in convolutional neural networks. Pattern Recogn. 77, 354-377. doi: 10.1016/j.
patcog.2017.10.013

frontiersin.org


https://doi.org/10.3389/fnins.2023.1169187
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
http://www.sparc.science.10.26275/cise-ea9p
http://www.sparc.science.10.26275/cise-ea9p
https://www.frontiersin.org/articles/10.3389/fnins.2023.1169187/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnins.2023.1169187/full#supplementary-material
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1084/jem.20120571
https://doi.org/10.1016/j.jneumeth.2021.109079
https://doi.org/10.3389/fneur.2018.00777
https://doi.org/10.1007/s12530-023-09491-3
https://doi.org/10.1088/1741-2552/acb3fd
https://doi.org/10.3389/fpsyt.2018.00044
https://doi.org/10.1371/journal.pone.0215191
https://doi.org/10.1002/cyto.a.23863
https://doi.org/10.1109/ACCESS.2021.3102176
https://doi.org/10.3389/fcvm.2020.00025
https://doi.org/10.3389/fcvm.2020.00025
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.1088/1741-2552/acc42b
https://doi.org/10.1042/CS20110299
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P970003
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P970003
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P970003S050
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P970003S050
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P130019
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P130019
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfpma/pma.cfm?id=P210007
https://doi.org/10.1016/j.patcog.2017.10.013
https://doi.org/10.1016/j.patcog.2017.10.013

Buyukcelik et al.

Gustafson, K. J., Grinberg, Y., Joseph, S., and Triolo, R. J. (2012). Human distal sciatic
nerve fascicular anatomy: implications for ankle control using nerve-cuff electrodes. J.
Rehabil. Res. Dev. 49, 309-321. doi: 10.1682/JRRD.2010.10.0201

Gustafson, K. J., Pinault, G. C., Neville, J. J., Syed, I, Davis, J. A., Jean-Claude, J., et al. (2009).
Fascicular anatomy of human femoral nerve: implications for neural prostheses using nerve
cuff electrodes. J. Rehabil. Res. Dev. 46, 973-984. doi: 10.1682/JRRD.2008.08.0097

He, K., Gkioxari, G., Dolldr, P, and Girshick, R. B. (2017). Mask R-CNN. 2017 IEEE
International Conference on Computer Vision (ICCV), Venice, Italy 2980-2988.

Helmers, S. L., Begnaud, J., Cowley, A., Corwin, H. M., Edwards, J. C., Holder, D. L.,
et al. (2012). Application of a computational model of vagus nerve stimulation. Acta
Neurol. Scand. 126, 336-343. doi: 10.1111/§.1600-0404.2012.01656.x

Horng, M.-H., Yang, C.-W., Sun, Y.-N,, and Yang, T.-H. (2020). DeepNerve: a new
convolutional neural network for the localization and segmentation of the median nerve
in ultrasound image sequences. Ultrasound Med. Biol. 46, 2439-2452. doi: 10.1016/j.
ultrasmedbio.2020.03.017

Isensee, E, Jaeger, P. F, Kohl, S. A. A, Petersen, J., and Maier-Hein, K. H. (2021). nnU-
net: a self-configuring method for deep learning-based biomedical image segmentation.
Nat. Methods 18, 203-211. doi: 10.1038/s41592-020-01008-z

Jayaprakash, N., Song, W., Toth, V., Vardhan, A., Levy, T., Tomaio, J., et al. (2023).
Organ- and function-specific anatomical organization of vagal fibers supports fascicular
vagus nerve stimulation. Brain Stimul. 16, 484-506. doi: 10.1016/j.brs.2023.02.003

Kiernan, J. A. (2007). Histochemistry of staining methods for Normal and
degenerating myelin in the central and peripheral nervous systems. J. Histotechnol. 30,
87-106. doi: 10.1179/his.2007.30.2.87

Kim, B. S., Yu, M., Kim, S., Yoon, J. S., and Baek, S. (2022). Scale-attentional U-net for
the segmentation of the median nerve in ultrasound images. Ultrasonography 41,
706-717. doi: 10.14366/usg.21214

Kirillov, A., He, K., Girshick, R., Rother, C., and Dolldr, P. (2019). Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). Long
Beach, CA, USA. 9404-9413. doi: 10.48550/arXiv.1801.00868

Kumar, A. (2023). Study and analysis of different segmentation methods for brain tumor
MRI application. Multimed. Tools Appl. 82,7117-7139. doi: 10.1007/s11042-022-13636-y

Kumar, N, Verma, R., Sharma, S., Bhargava, S., Vahadane, A., and Sethi, A. (2017). A
dataset and a technique for generalized nuclear segmentation for computational
pathology. IEEE Trans. Med. Imaging 36, 1550-1560. doi: 10.1109/TMI.2017.2677499

Li, R,, Xiao, C., Huang, Y., Hassan, H., and Huang, B. (2022). Deep learning
applications in computed tomography images for pulmonary nodule detection and
diagnosis: a review. Diagnostics 12:298. doi: 10.3390/diagnostics12020298

Lin, T.-Y,, Dollar, P, Girshick, R. B, He, K., Hariharan, B., and Belongie, S. J. (2017).
Feature pyramid networks for object detection. 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), Honolulu, HI, USA 936-944.

Liu, S., Wang, Y., Yang, X,, Lei, B., Liu, L., Li, S. X,, et al. (2019). Deep learning in
medical ultrasound analysis: a review. Engineering 5, 261-275. doi: 10.1016/j.
eng.2018.11.020

LivaNova (2017). VNS thempy®5ystem Physician’s manual.

Marshall, D., Upadhye, A., Buyukeelik, O., Shoffstall, A., Grill, W,, and Pelot, N.
(2022). Computational modeling of Vagus nerve stimulation using true three-
dimensional morphology. Society for Neuroscience Annual Meeting, San Diego

Musselman, E. D., Cariello, J. E., Grill, W. M., and Pelot, N. A. (2021). ASCENT
(automated simulations to characterize electrical nerve thresholds): a pipeline for
sample-specific computational modeling of electrical stimulation of peripheral nerves.
PLoS Comput. Biol. 17:¢1009285. doi: 10.1371/journal.pcbi. 1009285

Musselman, E. D., Pelot, N. A,, and Grill, W. M. (2023). Validated computational
models predict Vagus nerve stimulation thresholds in preclinical animals
and humans.

Neuhuber, W. L., and Berthoud, H. R. (2021). Functional anatomy of the vagus
system - emphasis on the somato-visceral interface. Auton. Neurosci. 236:102887. doi:
10.1016/j.autneu.2021.102887

NIH (2022). Reconstructing vagal anatomy (REVA). Available at: https://sam.gov/op
p/4e88095958184e88ad6002e5¢194b1cf/view#general.

Osanlouy, M., Bandrowski, A., de Bono, B., Brooks, D., Cassara, A. M., Christie, R.,
et al. (2021). The SPARC DRC: building a resource for the autonomic nervous system
community. Front. Physiol. 12:693735. doi: 10.3389/fphys.2021.693735

Frontiers in Neuroscience

11

10.3389/fnins.2023.1169187

Pelot, N. A., Behrend, C. E., and Grill, W. M. (2017). Modeling the response of small
myelinated axons in a compound nerve to kilohertz frequency signals. J. Neural Eng.
14:046022. doi: 10.1088/1741-2552/aa6a5f

Pelot, N. A., Behrend, C. E., and Grill, W. M. (2019). On the parameters used in finite
element modeling of compound peripheral nerves. J. Neural Eng. 16:016007. doi:
10.1088/1741-2552/aaeb0c

Pelot, N. A., Goldhagen, G. B., Cariello, J. E., Musselman, E. D., Clissold, K. A.,
Ezzell, ]. A, et al. (2020). Quantified morphology of the cervical and subdiaphragmatic
vagus nerves of human, pig, and rat. Front. Neurosci. 14:601479. doi: 10.3389/
fnins.2020.601479

Ravagli, E., Mastitskaya, S., Thompson, N., Welle, E. J., Chestek, C. A., Aristovich, K.,
et al. (2021). Fascicle localisation within peripheral nerves through evoked activity
recordings: a comparison between electrical impedance tomography and multi-
electrode arrays. J. Neurosci. Methods 358:109140. doi: 10.1016/j.jneumeth.2021.109140

Ronneberger, O., Fischer, P, and Brox, T. (2015). “U-net: convolutional networks for
biomedical image segmentation” in Medical image computing and computer-assisted
intervention - MICCAI 2015. eds. N. Navab, J. Hornegger, W. M. Wells and A. F. Frangi
(Cham: Springer International Publishing), 234-241.

Sabottke, C. E, and Spieler, B. M. (2020). The effect of image resolution on deep
learning in radiography. Radiology. Artif. Intell. 2:¢190015. doi: 10.1148/ryai.2019190015

Sammut, C., and Webb, G. 1. (Eds.) (2010). “Leave-one-out cross-validation” in
Encyclopedia of machine learning (Boston, MA: Springer US), 600-601.

Sarma, R., and Gupta, Y. K. (2021). A comparative study of new and existing
segmentation techniques. IOP Conf. Ser.: Mater. Sci. Eng. 1022:012027. doi:
10.1088/1757-899X/1022/1/012027

Schiefer, M. A., Triolo, R. ., and Tyler, D. J. (2008). A model of selective activation of
the femoral nerve with a flat interface nerve electrode for a lower extremity
neuroprosthesis. IEEE Trans. Neural Syst. Rehabil. Eng. 16, 195-204. doi: 10.1109/
TNSRE.2008.918425

Settell, M. L., McConico, A. L., Nicolai, E. N., Knudsen, B. E., Shoffstall, A., Ross, E. K.,
etal. (2020a). SPARC: a road map for Vagus nerve stimulation: evidence of Vagotopy in
a swine model. FASEB J. 34:1. doi: 10.1096/fasebj.2020.34.s1.07366

Settell, M. L., Pelot, N. A., Knudsen, B. E., Dingle, A. M., McConico, A. L.,
Nicolai, E. N., et al. (2020b). Functional vagotopy in the cervical vagus nerve of the
domestic pig: implications for the study of vagus nerve stimulation. J. Neural Eng.
17:026022. doi: 10.1088/1741-2552/ab7ad4

Stringer, C., Wang, T., Michaelos, M., and Pachitariu, M. (2021). Cellpose: a generalist
algorithm for cellular segmentation. Nat. Methods 18, 100-106. doi: 10.1038/
541592-020-01018-x

Thompson, N., Ravagli, E., Mastitskaya, S., Iacoviello, E, Aristovich, K., Perkins, J.,
etal. (2020). MicroCT optimisation for imaging fascicular anatomy in peripheral nerves.
J. Neurosci. Methods 338:108652. doi: 10.1016/j.jneumeth.2020.108652

Thompson, N., Ravagli, E., Mastitskaya, S., Iacoviello, E, Stathopoulou, T.-R.,
Perkins, J., et al. (2022). Organotopic organization of the cervical vagus nerve. doi:
10.1101/2022.02.24.481810

Tovbis, D., Agur, A., Mogk, J. P. M., and Zariffa, J. (2020). Automatic three-
dimensional reconstruction of fascicles in peripheral nerves from histological images.
PLoS One 15:¢0233028. doi: 10.1371/journal.pone.0233028

Upadhye, A. R., Kolluru, C., Druschel, L., Lababidi, L. A., Ahmad, S. S.,
Menendez, D. M., et al. (2022). Fascicles split or merge every ~560 microns within
the human cervical vagus nerve. J. Neural Eng. 19:054001. doi: 10.1088/1741-2552/
ac9643

Viedma, I. A., Alonso-Caneiro, D., Read, S. A., and Collins, M. J. (2022). Deep
learning in retinal optical coherence tomography (OCT): a comprehensive survey.
Neurocomputing 507, 247-264. doi: 10.1016/j.neucom.2022.08.021

Wang, R., Shen, H., and Zhou, M. (2019). “Ultrasound nerve segmentation of brachial
plexus based on optimized ResU-net” in 2019 IEEE international conference on imaging
systems and techniques (IST), Abu Dhabi, United Arab Emirates. 1-6. doi: 10.1109/
1ST48021.2019.9010317

‘Wongsarnpigoon, A., and Grill, W. M. (2010). Energy-efficient waveform shapes for
neural stimulation revealed with a genetic algorithm. J. Neural Eng. 7:046009. doi:
10.1088/1741-2560/7/4/046009

Zhao, X., and Zhao, X.-M. (2021). Deep learning of brain magnetic resonance images:
a brief review. Methods 192, 131-140. doi: 10.1016/j.ymeth.2020.09.007

frontiersin.org


https://doi.org/10.3389/fnins.2023.1169187
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1682/JRRD.2010.10.0201
https://doi.org/10.1682/JRRD.2008.08.0097
https://doi.org/10.1111/j.1600-0404.2012.01656.x
https://doi.org/10.1016/j.ultrasmedbio.2020.03.017
https://doi.org/10.1016/j.ultrasmedbio.2020.03.017
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1016/j.brs.2023.02.003
https://doi.org/10.1179/his.2007.30.2.87
https://doi.org/10.14366/usg.21214
https://doi.org/10.48550/arXiv.1801.00868
https://doi.org/10.1007/s11042-022-13636-y
https://doi.org/10.1109/TMI.2017.2677499
https://doi.org/10.3390/diagnostics12020298
https://doi.org/10.1016/j.eng.2018.11.020
https://doi.org/10.1016/j.eng.2018.11.020
https://doi.org/10.1371/journal.pcbi.1009285
https://doi.org/10.1016/j.autneu.2021.102887
https://sam.gov/opp/4e88095958184e88ad6002e5e194b1cf/view#general
https://sam.gov/opp/4e88095958184e88ad6002e5e194b1cf/view#general
https://doi.org/10.3389/fphys.2021.693735
https://doi.org/10.1088/1741-2552/aa6a5f
https://doi.org/10.1088/1741-2552/aaeb0c
https://doi.org/10.3389/fnins.2020.601479
https://doi.org/10.3389/fnins.2020.601479
https://doi.org/10.1016/j.jneumeth.2021.109140
https://doi.org/10.1148/ryai.2019190015
https://doi.org/10.1088/1757-899X/1022/1/012027
https://doi.org/10.1109/TNSRE.2008.918425
https://doi.org/10.1109/TNSRE.2008.918425
https://doi.org/10.1096/fasebj.2020.34.s1.07366
https://doi.org/10.1088/1741-2552/ab7ad4
https://doi.org/10.1038/s41592-020-01018-x
https://doi.org/10.1038/s41592-020-01018-x
https://doi.org/10.1016/j.jneumeth.2020.108652
https://doi.org/10.1101/2022.02.24.481810
https://doi.org/10.1371/journal.pone.0233028
https://doi.org/10.1088/1741-2552/ac9643
https://doi.org/10.1088/1741-2552/ac9643
https://doi.org/10.1016/j.neucom.2022.08.021
https://doi.org/10.1109/IST48021.2019.9010317
https://doi.org/10.1109/IST48021.2019.9010317
https://doi.org/10.1088/1741-2560/7/4/046009
https://doi.org/10.1016/j.ymeth.2020.09.007

	Deep-learning segmentation of fascicles from microCT of the human vagus nerve
	1. Introduction
	2. Materials and methods
	2.1. Sample acquisition and preparation
	2.2. Imaging
	2.3. Ground truth creation
	2.4. Image pre-processing and data augmentation
	2.5. Network architecture and deep learning experiments
	2.6. Success metrics
	2.7. Image processing software

	3. Results
	3.1. U-Net successfully segments vagus nerve fascicles from microCT images
	3.2. U-Net segmentation generalizes well to other nerves not included in the training or validation datasets
	3.3. Network segmentation vastly improves throughput

	4. Discussion
	4.1. First demonstration of U-Net-based segmentation of peripheral nerve fascicles from microCT images
	4.2. U-Net-based deep learning approach will improve computational modeling of VNS
	4.3. Limitations and future directions

	5. Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note

	References

