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A B S T R A C T

Short-range association fibers located in the superficial white matter play an important role in mediating higher- 
order cognitive function in humans. Detailed morphological characterization of short-range association fibers at 
the microscopic level promises to yield important insights into the axonal features driving cortico-cortical 
connectivity in the human brain yet has been difficult to achieve to date due to the challenges of imaging at 
nanometer-scale resolution over large tissue volumes. This work presents results from multi-beam scanning 
electron microscopy (EM) data acquired at 4 × 4 × 33 nm3 resolution in a volume of human superficial white 
matter measuring 200 × 200 × 112 μm3, leveraging automated analysis methods. Myelin and myelinated axons 
were automatically segmented using deep convolutional neural networks (CNNs), assisted by transfer learning 
and dropout regularization techniques. A total of 128,285 myelinated axons were segmented, of which 70,321 
and 2102 were longer than 10 and 100 μm, respectively. Marked local variations in diameter (i.e., beading) and 
direction (i.e., undulation) were observed along the length of individual axons. Myelinated axons longer than 10 
μm had inner diameters around 0.5 µm, outer diameters around 1 µm, and g-ratios around 0.5. This work fills a 
gap in knowledge of axonal morphometry in the superficial white matter and provides a large 3D human EM 
dataset and accurate segmentation results for a variety of future studies in different fields.

1. Introduction

Short-range association fibers (SAFs) ranging in length from 3 to 30 
mm connect neighboring cortical areas within a single lobe or across 
lobes and play an important role in mediating cortico-cortical connec-
tivity in humans. SAFs reside in the thin layer (~1.5 mm) of superficial 
white matter immediately beneath the infragranular layer of the cortex. 
These fibers, also known as U-fibers, follow the highly convoluted 
cortical manifold and are estimated to occupy 240 out of 420 cm3 of the 
entire human cortical white matter volume (Schüz and Braitenberg, 

2002; Markov et al., 2013; Braitenberg and Schüz, 2013). SAFs 
contribute to approximately 90 % of all white matter connections (Schüz 
and Braitenberg, 2002) and have a central role in mediating 
higher-order cognitive function in humans. They are among the slowest 
to myelinate and remain incompletely myelinated until the fourth 
decade of life (Barkovich, 2000; Parazzini et al., 2002; Wu et al., 2016). 
SAFs are also less myelinated compared to long-range fiber tracts in the 
deep white matter, which renders SAFs more vulnerable to damage (Butt 
and Berry, 2000) in neurological and psychiatric diseases such as mul-
tiple sclerosis (Van der Knaap and Valk, 2005), progressive multifocal 
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leukoencephalopathy (Van der Knaap and Valk, 2005), Alzheimer’s 
disease (Phillips et al., 2016), schizophrenia (Phillips et al., 2011; Nazeri 
et al., 2013), and autism spectrum disorder (Sundaram et al., 2008; 
Shukla et al., 2011). Elucidating the properties of SAFs such as axon 
diameter and g-ratio (defined as the ratio of the inner to outer diameter 
of the myelin sheath), which determine the axonal conduction velocity, 
promises to advance a greater understanding of the role of SAFs in 
cognitive function and their alteration in development, aging and 
various brain disorders.

Electron microscopy (EM) acquires images of brain tissue samples at 
nanometer resolution and offers a useful tool for investigating the 
properties of SAFs. Previous EM studies (Aboitiz et al., 1992a; Liewald 
et al., 2014a) of human corpus callosum, superior longitudinal fascicle, 
uncinate and inferior occipitofrontal fascicle have revealed distinctive 
axon diameters in different parts of the corpus callosum and shown that 
most myelinated axons have inner diameters below 1 µm. EM mea-
surements of axon diameter have also been acquired in post-mortem 
porcine optic and sciatic nerves and spinal cord (Assaf et al., 2008) as 
well as murine corpus callosum (Barazany et al., 2009; Veraart et al., 
2020; Sepehrband et al., 2016) samples as the gold standard for vali-
dating indirect measurements of relative axonal size and density from 
diffusion magnetic resonance imaging (MRI). Nonetheless, the EM in 
these works was only performed in 2D. Perge et al. acquired 3D EM data 
in guinea pigs to investigate how optic nerves use space and energy, 
finding that optic axons are mostly thin with a skewed distribution 
peaking at 0.7 µm (Perge et al., 2009). More recently, axons have been 
reconstructed from 3D EM data of murine brain samples to provide 
realistic white matter substrates for Monte Carlo simulations of water 
diffusion for developing and validating new diffusion MRI biophysical 
modeling methods (Lee et al., 2019; Lee et al., 2020a,b; Nguyen et al., 
2018; Andersson et al., 2022). The development of high-throughput 
multibeam serial EM (Eberle and Zeidler, 2018) has rendered the 
acquisition of high-resolution images at nanometer resolution over 
much larger tissue volumes, i.e., hundreds of microns, more feasible.

Nevertheless, the segmentation of axons in large 3D EM datasets 
poses a major challenge. Due to the large data size, manual segmenta-
tion is challenging, if not impossible, as it is extremely labor intensive 
and time consuming. Many automated or semi-automated EM segmen-
tation tools based on conventional algorithms have been released for 
segmenting gray matter (Dorkenwald et al., 2017; Kaynig et al., 2015; 
Sommer et al., 2011; Januszewski et al., 2018; Berger et al., 2018) and 
white matter (Lee et al., 2019; Sommer et al., 2011; Kleinnijenhuis, 
2017; Abdollahzadeh et al., 2019; Jurrus et al., 2009) images. Recent 
advances in high-performance computing hardware and deep learning 
offer a more powerful computational tool for image segmentation and 
have been widely adopted for segmenting biomedical imaging data 
(Ronneberger et al., 2015; Falk et al., 2019) including EM images of 
murine brain tissue samples (Berning et al., 2015; Abdollahzadeh et al., 
2021; Zaimi et al., 2018; Motta et al., 2019).

Recently, a millimeter cubic volume of human cerebral cortex 
extending through all cortical layers and including the adjacent super-
ficial white matter was imaged using high-throughput multibeam serial 
EM technology (Shapson-Coe et al., 2024), providing a unique oppor-
tunity for investigating the properties of SAFs at nanometer spatial 
resolution. We sought to segment all myelinated axons in a large 
sub-volume measuring up to 200 × 200 × 112 μm3 of superficial white 
matter for characterizing the morphology of the human SAFs at a 
high-resolution of 32 × 32 × 33 nm3. To achieve this goal, we used 
state-of-the-art deep learning techniques, deploying convolutional 
neural networks (CNNs) for the segmentation and incorporating transfer 
learning and Monte Carlo dropout to deal with the lack of extensive 
reference segmentation for training. The EM data and the segmentation 
results are publicly available, for various potential applications such as 
providing a large dataset for training sophisticated CNNs in other human 
EM studies, serving as a test bed for developing new segmentation and 
axonal morphometry quantification algorithms, and enabling realistic 

human brain 3D water diffusion simulation for deepening our under-
standing of effects of axonal features on diffusion MRI modeling 
methods (Lee et al., 2024) and accelerating their clinical application and 
translation.

2. Methods

2.1. Data description

This study used a published, de-identified, and publicly available EM 
dataset for image analysis (Shapson-Coe et al., 2024) (https://h01-re-
lease.storage.googleapis.com/data.html). The brain tissue sample 
preparation and data acquisition were described in detail previously 
(Shapson-Coe et al., 2024) and are briefly summarized as below. A 
sample of human brain tissue was obtained intraoperatively from the left 
anterior portion of the middle temporal lobe of a 45-year-old female 
with drug-resistant epilepsy who underwent surgery for removal of an 
epileptogenic focus in the left hippocampus. The excised tissue sample 
was remote from the epileptogenic focus and showed no diagnostic 
abnormality recognized by traditional neuropathology. Immediately 
following excision, the tissue sample was placed in gluta-
raldehyde/paraformaldehyde fixative, stained with reduced osmium 
tetroxide and embedded in Epon resin (Tapia et al., 2012). The cured 
block containing full-thickness cerebral cortex and a portion of super-
ficial white matter was trimmed to a 2 × 3 mm2 rectangle and a depth of 
~200 μm, sectioned with a custom-built automated tape-collecting ul-
tramicrotome (ATUM) attached to a Leica UC6 ultramicrotome, and 
imaged using a high-speed multibeam scanning electron microscope 
(ZEISS MultiSEM) (Baena et al., 2019). A total of 5292 thin sections with 
an average section thickness of 33 nm (range 30‒40 nm) were imaged at 
4 × 4 nm2 resolution with an approximated data size of 350 gigabytes 
(GB) per section and 2.1 petabytes for all sections. The acquisition time 
was 326 days.

A subset of images centered in the superficial white matter (a volume 
of 200 × 200 × 175 μm3 was extracted from the entire dataset. To 
reduce the data size and computational load and to transform the data to 
approximately isotropic resolution, images were down-sampled to 32 ×
32 nm2 in-plane resolution with a total data size approximating 177 GB. 
Several sections were missing and/or had limited image quality and 
were excluded from further processing and segmentation (sections 1700 
to 1895). A total of 3397 consecutive sections (sections 1896 to 5292) 
were used. The dataset that was processed and segmented corresponded 
to a volume of 200 × 200 × 112 μm3 and was 113 GB in data size, with a 
matrix size of 6250 × 6250 × 3397 and a resolution of 32 × 32 × 33 nm3 

(Fig. 1b and c). The image intensities were stored as 8-bit unsigned in-
tegers (ranging 0 through 255) in the Joint Photographic Experts Group 
(JPEG) format. Representative images are shown in Fig. 1 (Fig. 1d–h) 
with different types of common image artifacts contained in the data, 
including saturated pixels (Fig. 1d), missing pixels (Fig. 1e), covered 
textures (Fig. 1f), image breaks (Fig. 1g), and image misalignment 
(Fig. 1h), which posed challenges for delineating the underlying axonal 
geometry.

2.2. Myelin and axon segmentation

Automated analysis methods leveraging deep learning and CNNs 
were employed for segmenting the tissue into three labels, including 
myelin, intra-axonal space (IAS), and extra-axonal space (EAS). The EAS 
segmentation includes all space outside myelinated axons, including not 
only the extra-axonal space, but also unmyelinated axons, other cell 
types as well as vessels. Several U-Nets (Falk et al., 2019) with slightly 
varying architectures (Supplementary Information Fig. 1) were 
employed for different tasks in this study. The procedure is detailed in 
the Supplementary Information and briefly described here.

First, a training dataset with reference manual segmentation of 
myelin and IAS was created using an iterative semi-automated 
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segmentation strategy (Supplementary Information Fig. 2). At each 
iteration, an experienced neuroradiologist (C.N.) manually cleaned up 
initial segmentation results from an automated and well-performing 
method (i.e., a U-Net trained leveraging transfer learning), which sub-
stantially reduced the amount of manual work required by manual 
segmentation without any initialization. The created training dataset 
consisted of 1311 consecutive images (43.3 μm thick) of 8.2 × 8.2 μm2 

size (256 × 256 matrix size) from a selected region with fewer image 
artifacts. The creation of the training dataset took a total of ~21 days for 
manual clean-up plus extra time for training and applying the U-Nets 
and data organization. The manual annotations were cross-checked by 
another neuroimaging researcher (Q.T.). The bottom 160 images out of 
1311 images were preserved for evaluating the segmentation perfor-
mance while the remaining 1151 images were used for training and 
validation.

Second, regions with image artifacts in the entire EM data were 
automatically identified using a 2D U-Net. For training this U-Net, 
reference masks of artifactual regions were generated using an auto-
mated image processing approach based on the image similarity be-
tween an image and its neighbors in a subset of the data, which were 
slightly cleaned up manually (Q.T.). The training dataset consisted of 
2650 images (256 × 256 matrix size). Image artifacts were identified in 
810 images, with 18.67 % artifactual pixels.

Finally, a 3D U-Net with dropout layers was trained, validated, and 
applied for generating probability values for the myelin, IAS, and EAS 
labels at each image pixel. For the training, input image volumes (160 ×
160 × 160 matrix size) in the training dataset were flipped, rotated, and 
multiplied with the inverse of the image artifact masks randomly 
selected from the detected masks of all 3397 images to set a portion of 
the voxels to zero, for data augmentation, mimicking the dropout pro-
cess, as well as providing the U-Net with information on the image ar-
tifacts contained in the data during the training. Each pixel was 
classified as the label with the highest probability predicted by the U- 
Net. The entire inference process took 40 days on two Tesla V100 
graphics processing units (GPUs) (NVIDIA, Santa Clara, California).

2.3. Segmentation clean-up

The binarized masks corresponding to each tissue label generated by 
the U-Net results were further cleaned up based on the morphological 
properties of tissue type and the CNN-estimated probability. First, any 
area labeled as IAS with <100 pixels was re-classified as myelin if the 
number of myelin pixels within a bounding box (the smallest box con-
taining the region dilated by one pixel along each direction) was larger 
than the number of EAS pixels, and vice versa. The regions with any 
myelin-labeled tissue with <100 pixels was re-classified in a similar 

Fig. 1. Electron microscopy data. A large electron microscopy image volume of 200 × 200 × 112 μm3 size and 32 × 32 × 33 nm3 resolution of superficial white 
matter in the human temporal lobe (a) and enlarged views of the top right corner (yellow box corresponding to b, light blue box corresponding to c). Representative 
images of 200 × 200 μm2 size (6250 × 6250 matrix) with different types of image artifacts are displayed with enlarged views of image patches of 8.2 × 8.2 μm2 size 
(256 × 256 matrix) (d‒h).
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way. Second, any IAS-labeled tissue region shorter than 3.3 μm (33 nm ×
100) was re-classified as myelin if the mean probability to be classified 
as myelin within this segment from the CNN was higher than the mean 
probability to be classified as EAS, and vice versa. The length of an IAS 
segment was estimated as the length of the major axis of the ellipsoid 
that had the same normalized second central moments as the IAS 
segment using the “regionprops3” function from the MATLAB software 
(MathWorks, Natick, Massachusetts) with the “PrincipalAxisLength” 
option.

2.4. Segmentation performance evaluation

The bottom 160 images (256 × 256 matrix size) out of 1311 images 
with manual segmentation from the training dataset were used for 
evaluating the performance of the U-Net segmentation. Segmentation 
results were generated by serial application of the trained U-Net and 
clean-up, as described in the previous sections. Dice coefficients be-
tween the U-Net and manual segmentation were computed for the 
segmented myelin, IAS and EAS.

2.5. Axonal feature quantification

Analysis tools in the Random Walker (RaW) segmentation software 
(Lee et al., 2019) (https://github.com/NYU-DiffusionMRI/RaW-seg) 
were used to quantify features of myelinated axons, including inner and 
outer axon diameters and g-ratios. Only the statistics from myelinated 
axons longer than 10 μm were used.

To quantify inner axon diameters, each IAS segment was rotated such 
that its major axis (i.e., computed using MATLAB’s “regionprops3” 
function with the “EigenVectors” option) was along the z-axis and the 
cross-sectional areas (Ω) of each slice perpendicular to the axonal 
skeleton (defined as the line connecting the center of mass of each slice) 
were calculated. The axon diameter was calculated as the diameter of a 

circle with the same area Ω (i.e., 2
̅̅̅̅̅̅̅̅̅
Ω/π

√
). For each IAS segment, the 

mean and coefficient of variation (CV) (i.e., the ratio of the standard 
deviation to the mean) of axon diameters along the axonal skeleton were 
calculated to quantify the mean diameter and the along-axon diameter 
variation. For the quantification, the myelin, IAS and EAS segmentation 
results were down-sampled from 32 × 32 × 33 nm3 resolution to 40 × 40 
× 40 nm3 resolution using nearest neighbor interpolation to reduce the 
data size to fit within the available CPU memory.

To quantify g-ratios (i.e., the ratio of the inner to outer axon diam-
eter), adjacent myelinated axons with contact of their myelin sheaths 
were first automatically segmented using a non-weighted distance 
transform (i.e., MATLAB’s “bwdist” function) and watershed algorithm 
(i.e., MATLAB’s “watershed” function) on the CNN-segmented IAS 
masks. For each IAS segment and its surrounding myelin sheath, the 
inner and outer axon diameters were computed in a similar way at each 
point of the axonal skeleton derived from the IAS segment. The mean 
and CV of outer axon diameters and g-ratios along the axonal skeleton 
were calculated. For the quantification, segmentation results were 
down-sampled from 32 × 32 × 33 nm3 resolution to 52 × 52 × 52 nm3 

resolution using nearest neighbor interpolation to accommodate the 
limited CPU memory.

The relationship between the g-ratio (g) and the inner diameter 
(dinner) was derived leveraging the previously proposed log-linear rela-
tionship (Berthold et al., 1983; Little and Heath, 1994; West et al., 2015) 
between the number of myelin lamellae (nl) and dinner, i.e., nl = C0 + C1 ⋅ 
dinner + C2 ⋅ ln(dinner). In this study, the range of axon diameter of su-
perficial white matter is narrow as suggested by the results (Fig. 7), 
centering around 0.5 µm. Therefore, only a linear relationship was 
assumed, i.e., nl = C0 + C1 ⋅ dinner. C0, C1, C2 are parameters that 
characterize the log-linear function. Assuming the width of each myelin 
lamellae is equal to k, the outer axon diameter douter = dinner + nl ⋅ k =
dinner + C0 ⋅ k + C1 ⋅ k ⋅ dinner. Therefore, the g-ratio g = dinner / douter =

dinner / [dinner + C0 ⋅ k + C1 ⋅ k ⋅ dinner]. The parameters (i.e., C0 ⋅ k and C1 

Fig. 2. Manual segmentation. The image volume of the training dataset (a) with manual segmentation of myelin and intra-axonal space from orthogonal views (b–g). 
This image volume was used to supervise the training of the 3D U-Net.
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⋅ k) were fitted twice, using 10,000 pairs of dinner and douter values 
randomly sampled from myelinated axons longer than 10 μm and 100 
μm, respectively, using MATLAB’s “fitlm” function.

3. Results

The efficient iterative semi-manual segmentation approach gener-
ated a high-quality training dataset consisting of reference segmenta-
tions of myelin and IAS with human-level accuracy (Fig. 2). This dataset 
was sufficient to optimize parameters of a segmentation CNN using the 
dropout technique. The bottom 100 consecutive images of the entire 
training dataset consisting of 1311 images and the manual segmentation 
are displayed in Supplementary Video 1.

Different types of image artifacts were accurately and robustly 
identified by visual inspection (Fig. 3a–f). For example, the wrinkles in 
the images resulted in nonlinear distortions (i.e., shrinkage) around the 
wrinkles (Fig. 3e). Therefore, in addition to the wrinkle itself, a narrow 
band along the direction of wrinkle was also identified as an artifactual 
region. The red arrowhead (Fig. 3f) highlights a horizontal region of 
misalignment (i.e., distorted axonal shape) that leads to nonlinear dis-
tortions within the entire field-of-view of the image patch, rendering the 
entire region misaligned with the adjacent slices and making this entire 
image patch an artifactual region.

The percentage of artifactual pixels within each of the 3397 images 

(Fig. 3g) and the histogram of the percentage of artifactual pixels per 
image are shown (Fig. 3h). On average, 1.78 % of pixels were identified 
as artifactual pixels. Half of all images contained <0.5 % artifactual 
pixels and 90 % of all images contained <2.5 % artifactual pixels. The 
number of images with >15 %, 50 %, or 100 % of artifactual pixels was 
46, 22 and 19, respectively.

The automated segmentation using CNN was highly similar to the 
manual segmentation, even in regions with images artifacts (Fig. 4). 
Quantitatively, the Dice coefficients between the CNN and manual 
segmentation results for the myelin, IAS and EAS were 0.9536, 0.9540, 
0.9564 for the evaluation image volume. Fig. 5 displays an exemplary 
image volume of 20 × 20 × 20 μm3 size (Fig. 5a) and the IAS (Fig. 5b) 
and myelin (Fig. 5c) segmentation, the volume rendering of the IAS 
(Fig. 5d) and the IAS plus myelin segmentation (Fig. 5e), as well as the 
center of mass of each IAS segment (Fig. 5f). For the entire dataset, 42.29 
%, 20.67 % and 37.04 % volumes were classified as myelin, IAS and EAS 
(all space outside myelinated axons, including extra-axonal space, un-
myelinated axons, other cell types, and vessels) respectively.

A total of 128,285 IAS segments of myelinated axons were delin-
eated, with 70,321 and 2102 axons longer than 10 and 100 μm, 
respectively. Forty randomly selected exemplary IAS segments longer 
than 100 μm with orientations approximately tangential to the cortical 
surface were volume rendered and shown in Fig. 6. These segments 
demonstrate local variations in diameter (i.e., beading) and direction (i. 
e., undulation) along the axon.

The histogram of the inner and outer axon diameters and the g-ratio, 
as well as the along-axon diameter variation of myelinated axons are 
shown in Fig. 7. For myelinated axons longer than 10 μm, the means (±
standard deviation) were 0.53 ± 0.17 µm and 0.53 ± 0.12 for the inner 
axon diameter and its CV, 0.99 ± 0.20 µm and 0.31 ± 0.070 for the outer 
axon diameter and its CV, and 0.49 ± 0.058 for the g-ratio, respectively. 
The medians were 0.50 µm and 0.52 for the inner axon diameter and its 
CV, 0.95 µm and 0.31 for the outer axon diameter and its CV, and 0.49 
for the g-ratio, respectively. The histograms of along-axon CV for inner 
(Fig. 7a, ii) and outer axon diameter (Fig. 7b, ii) show that myelinated 
axons are not perfect cylinders (i.e., along-axon diameter CV equal to 0).

For myelinated axons longer than 100 μm, the means (± standard 
deviation) were 0.76 ± 0.28 µm and 0.45 ± 0.10 for the inner axon 
diameter and its CV, 1.27 ± 0.32 µm and 0.29 ± 0.050 for the outer axon 
diameter and its CV, and 0.54 ± 0.052 for the g-ratio, respectively. The 
medians were 0.68 µm and 0.46 for the inner axon diameter and its CV, 
1.19 µm and 0.29 for the outer axon diameter and its CV, and 0.54 for 
the g-ratio, respectively.

The relationship between the g-ratio and inner diameter (Fig. 7c, ii 
and c, iv) and between the inner diameter and myelin sheath thickness 
(Supplementary Information Fig. 4) for myelinated axons is displayed. 
The fitted parameters were C0 ⋅ k = 0.21 µm and C1 ⋅ k = 0.061 for axons 
longer than 10 µm (r = 0.31, p < 0.001) and C0 ⋅ k = 0.21 µm and C1 ⋅ k =
0.095 for axons longer than 100 µm (r = 0.47, p < 0.001), where k is the 
myelin lamellar width.

4. Discussion

This work reports on the high-fidelity automated segmentation of 
myelin and IAS of myelinated axons from a multibeam serial EM image 
volume of human superficial white matter (i.e., 200 × 200 × 112 μm3) at 
ultra-high resolution (i.e., 32 × 32 × 33 nm3) using CNNs and deep 
learning. We have presented summary statistics on the inner and outer 
axon diameters and g-ratio of myelinated axons in this large volume of 
human superficial white matter tissue obtained from the temporal lobe. 
The automated segmentation is highly accurate thanks to the creation of 
a high-quality training dataset with manual annotation and meticulous 
handling of image artifacts in the data, achieving Dice coefficients be-
tween the segmentation results and manual segmentation of greater 
than 0.95. The segmented myelinated axons longer than 10 μm have 
inner diameters around 0.5 µm on average, outer diameters of 

Fig. 3. Artifacts detection. Representative examples of different types of image 
artifacts detected by the U-Net are displayed (a-f, yellow region). For example, 
the red arrowhead (f) highlights a horizontal region of misalignment (i.e., 
distorted axonal shape) that leads to nonlinear distortions within the entire 
field-of-view of the image. The percentage of artifactual pixels in each of the 
3397 images (g) and the histogram of the percentage of artifactual pixels per 
image are displayed (h).
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approximately 1 µm, and g-ratios around 0.5, with marked along-axon 
variations in diameter and direction.

We employed several strategies to address the lack of annotated 
training data, the major challenge for supervised deep learning-based 
segmentation. For the creation of the training dataset with manual 

segmentation, we pre-trained U-Nets on a relatively large mouse EM 
dataset with reference myelin and IAS segmentation of myelinated 
axons (Lee et al., 2019) and then fine-tuned their parameters using a 
small amount of annotated human EM data, which was prone to over-
fitting. The incorporation of transfer learning substantially improved the 

Fig. 4. Segmentation results. Two representative neighboring images are shown (a, i, and b, i) with automatically detected image artifacts (ii, yellow region) and 
manual (iii) and CNN (iv) segmentation results. The Dice coefficients between the manual and CNN segmentation results for myelin, intra-axonal space (IAS) and 
extra-axonal space (EAS) of the two image slices are listed.

Fig. 5. Volumetric visualization. CNN segmentation of intra-axonal space (IAS) (b, d), myelin (c) and IAS plus myelin (e), and the center of mass of each IAS segment 
(f) of an exemplary image volume (a) of 20 × 20 × 20 μm3 size are shown in 3D.
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Fig. 6. Exemplary intra-axonal space segments. Volumetric rendering of forty randomly selected exemplary intra-axonal space segments of myelinated axons with 
lengths larger than 100 μm.

Fig. 7. Axonal characteristics. Histograms of inner axonal diameter (a, i and a, iii) and its along-axon coefficient of variation (CV) (a, ii and a, iv), outer axonal 
diameter (b, i and b, iii) and its along-axon CV (b, ii and b, iv), and g-ratio (c, i and c, iii) of myelinated axons longer than 10 μm and 100 μm are shown. The 
relationship between g-ratio and inner diameter is shown as scatter plots (c, ii and c, iv).
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performance of these U-Nets and accelerated the manual clean-up pro-
cess. Moreover, since the EM images in the created training dataset did 
not include different kinds of image artifacts in the data, the segmen-
tation U-Net was not equipped to tackle them. We detected and zeroed 
out image artifacts in the data, which were not considered material to 
the segmentation, and augmented the training data by multiplying the 
EM images with inverse artifact masks. In this way, the trained U-Net 
learned to synthesize the segmentation results in the zeroed out regions. 
Finally, we adopted dropout layers in the U-Net to avoid overfitting. 
Dropout regularization works by randomly switching off neurons in a 
neural network during training, which are effectively inactive during 
inference. In our work, we also activated dropout layers during the 
inference, predicted segmentation results for an input image volume and 
its flipped and rotated variants, and averaged several predictions for 
reduced uncertainty and higher accuracy, a technique known as Monte 
Carlo dropout (Gal and Ghahramani, 2016). These methods work for 
similar studies using data acquired by EM, x-ray tomography, and other 
modalities.

Our work is the first study of human myelinated axons in superficial 
white matter using 3D EM and complements existing studies focusing on 
characterizing murine axons (Lee et al., 2019; Zaimi et al., 2018), 
non-human primate axons (Andersson et al., 2020), and human axons in 
deep white matter (Aboitiz et al., 1992b; Liewald et al., 2014b). The 
distribution of inner diameters of myelinated axons was consistent with 
measurements from prior EM studies in smaller samples of human 
corpus callosum (Aboitiz et al., 1992b) and samples in postmortem 
human brain (Liewald et al., 2014b). The myelinated axons in the 
human superficial white matter are relatively smaller than those of deep 
white matter, with a mean inner axon diameter of 0.53 ± 0.17 µm for 
axons longer than 10 µm and 0.76 ± 0.28 µm for axons longer than 100 
µm compared to 0.63–1.34 µm in the superior longitudinal fasciculus 
and 0.64–0.74 µm in the corpus callosum (Liewald et al., 2014b). The 
myelinated axons in our sample were also smaller than those observed in 
mice, with an average diameter of 0.99 ± 0.42 µm in the corpus cal-
losum (Lee et al., 2019), as well as in monkeys, with an average diameter 
of 2.7 µm in the corpus callosum (Andersson et al., 2020). The myelin-
ated axons longer than 10 μm and 100 μm in the human superficial white 
matter have a mean g-ratio of 0.49 ± 0.058 and 0.54 ± 0.052 respec-
tively compared to 0.57 ± 0.09 in mouse corpus callosum (Lee et al., 
2019), around 0.7 in the monkey corpus callosum (Stikov et al., 2015), 
as well as around 0.7 in human white matter from in vivo MRI mea-
surement (Stikov et al., 2015; Berman et al., 2018). For reference, the 
theoretical optimal g-ratio for signal conduction ranges from 0.6 to 0.8 
(Rushton, 1951; Chomiak and Hu, 2009; Pajevic and Basser, 2013). It is 
worthwhile to note that direct comparison of different studies may be 
confounded by variability in the sampled location, tissue fixation pro-
cess and time elapsed (Tapia et al., 2012; Korogod et al., 2015; Mikula 
et al., 2012). Marked variation in myelinated axon diameter was 
observed in our results, in keeping with previous observations in mice 
(Lee et al., 2019; Abdollahzadeh et al., 2019), which may be resulting 
from different tissue preparation methods for the mouse and human 
samples (i.e., perfusion fixed vs. drop/immersion-fixed). The co-
efficients of variations of inner axon diameter of our human results were 
much higher than those observed in the mouse corpus callosum (Lee 
et al., 2019), i.e., 0.53 ± 0.12 vs. 0.28 ± 0.11. In addition, greater 
variability was observed in the structure of the myelin sheath in the 
human superficial white matter compared to the mouse corpus callosum 
(Lee et al., 2019), suggesting greater biological complexity in the or-
ganization of the human myelin sheath (Ishii et al., 2009; Saliani et al., 
2017).

In addition to investigating the characteristics of myelinated axons in 
the human superficial white matter, the data and results presented in our 
work promise to inform many other studies. First, our results may serve 
as a starting point for training and validating much more sophisticated 
CNNs such as generative adversarial networks (Goodfellow et al., 2014; 
Souly et al., 2017), which require a larger amount of training data, for 

segmenting myelin, myelinated axons and image artifacts from axon 
datasets acquired by EM and other imaging modalities at different 
spatial resolutions with improved segmentation accuracy (Tian et al., 
2021). The automated segmentation results from our work could be 
further cleaned-up manually, with our current work contributing to a 
substantial reduction in the labor and time required for such manual 
delineation as compared to performing such a daunting task without our 
initial segmentation.

Second, our segmentation results provide a realistic 3D substrate of 
human myelinated axons for Monte Carlo simulations of water diffusion, 
which has relevance for the validation of in vivo microstructural im-
aging using diffusion MRI, an invaluable noninvasive imaging tool for 
neuroscientific and clinical research (Assaf et al., 2008; Veraart et al., 
2020; Lee et al., 2024; Fan et al., 2019; Huang et al., 2019; Huang et al., 
2020; Alexander et al., 2010; Nilsson et al., 2017). Current approaches 
to inferring the relationship between the diffusion MRI signal and un-
derlying axonal structure include the use of simplistic substrates such as 
parallel cylinders for Monte Carlo diffusion simulations (Nilsson et al., 
2017; Fan et al., 2020; Harkins et al., 2021; Burcaw et al., 2015) or at 
best 3D substrates segmented from white matter samples of other species 
(i.e., mice and non-human primates (Lee et al., 2019; Lee et al., 2020a,b; 
Nguyen et al., 2018; Andersson et al., 2022; Andersson et al., 2020). 
Another advantage of our results is the high spatial resolution (32 × 32 
× 33 nm3) and large sample size (200 × 200 × 112 μm3), which ap-
proaches the voxel size attainable with high-resolution ex vivo diffusion 
MRI, in a tissue volume encompassing a total of ~130k myelinated 
axons, with >70,000 and >2100 of them longer than 10 and 100 μm, 
respectively. Diffusion simulations in realistic axonal geometries 
derived from such high resolution EM data sampled over long axonal 
lengths promise to aid in validating biophysical modeling of the diffu-
sion MRI signal (e.g., axon diameter mapping) and demonstrating the 
effect of mesoscopic features (e.g., caliber variation and undulation 
along each axon) on model-fitting results, using the axonal substrates 
segmented from EM as a guide for the degree of geometric variation 
along individual axons and its effect on the diffusion signal. In com-
parison, current studies performed diffusion simulation using ~320 
myelinated axons from an EM image volume of 36 × 48 × 20 μm3 size at 
24 × 24 × 100 nm3 resolution of the genu in corpus callosum of a mouse 
(Lee et al., 2019), a single astrocyte from a confocal microscopy image 
volume of 40 × 40 × 55 μm3 size at 74 × 74 × 299 nm3 resolution of a 
mouse (Nguyen et al., 2018), 54 axons from an X-ray 
nano-holotomography volume of 140 × 150 × 150 μm3 size at 75 × 75 ×
75 nm3 resolution of the splenium in corpus callosum of a vervet mon-
key (Andersson et al., 2022; Andersson et al., 2020).

There are several limitations of our work. First, the segmented axons 
from our work are located in the superficial white matter, which may 
exhibit different characteristics (e.g., thinner myelin sheaths and smaller 
diameters) compared to those from major fiber tracts located in the deep 
white matter (Schüz and Braitenberg, 2002; Markov et al., 2013; Brai-
tenberg and Schüz, 2013; Guevara et al., 2020). Second, the undulations 
and axonal beadings in the fixed tissue scanned with EM could be 
stronger than in vivo, probably due to the long fixation time for a large 
sample, shrinkage during tissue preparation, and imperfect mechanical 
sectioning. Third, our results did not segment unmyelinated axons 
separately, imposing another limitation for diffusion simulations. Future 
work will develop more sophisticated CNNs and detailed training labels 
for simultaneously segmenting both myelinated and unmyelinated 
axons, further improving diffusion simulation and axonal quantification 
accuracy. Fourth, the neural network was trained to identify the pockets 
within the myelin sheath, which have been observed in normal aging 
(Xie et al., 2014). Since only one tissue sample in a human subject was 
available, this study was unable to distinguish the pocket caused by 
normal aging, pathology, or even tissue preparation. Fifth, since EM data 
were not collected from the deep white matter of the same subject, 
quantitative features of superficial white matter derived in this study 
were only compared to those of deep white matter from previous 
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literature. It is challenging to conclude whether the observed differences 
were biological or due to varied tissue samples and/or imaging pro-
cesses. Finally, since there is no basal lamina around the axonal segment 
at node of Ranvier in the central nervous system (Poliak and Peles, 
2003), it is difficult to distinguish nodes of Ranvier from unmyelinated 
axonal segments. Because the neural network only aims to segment 
myelinated axons and fix the interruption in the axon segmentation due 
to image artifact and potentially node of Ranvier, it is also challenging to 
further distinguish the segmentation interruption due to image artifact 
and node of Ranvier.

Summary

This study provides comprehensive segmentation of a large multi-
beam serial EM image volume of 200 × 200 × 112 μm3 size for char-
acterizing the morphometry of myelinated axons in the human 
superficial white matter. The segmentation of the myelin and myelin-
ated axons was fully automated using CNNs that were trained and 
validated on an annotated training dataset with manual segmentation. 
The quantification of axonal morphometry was also automated using the 
RaW software. The segmentation is highly accurate, achieving Dice 
coefficients greater than 0.95 compared to manual segmentation and 
delineating 128,285 myelinated axons (70,321 longer than 10 μm, 2102 
longer than 100 μm). Segmented myelinated axons demonstrated 
marked along-axon local variations in diameter and local direction, and 
those longer than 10 μm had inner diameters around 0.5 µm, outer di-
ameters around 1 µm, and g-ratios around 0.5. This work advances our 
knowledge of axonal morphometry of human superficial white matter 
and provides a large 3D human EM dataset and segmentation results 
with human-level accuracy should prove useful for a variety of future 
studies.
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