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Masked autoencoder pretraining
for peripheral nerve segmentation
in ultrasound images
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Despite recent advances in medical image segmentation, deep learning applications in musculoskeletal
ultrasound remain limited by small labeled datasets and a narrow clinical focus. Most existing work
centers on the median nerve, leaving other clinically relevant peripheral nerves understudied. This
study explores masked autoencoder (MAE) pretraining as a scalable approach to overcome data
scarcity in peripheral nerve segmentation. A dataset of 10,603 ultrasound images across eight nerves
was constructed, spanning over 1,500 patients with normal nerve conduction studies. A SegFormer-
based encoder was pretrained on unlabeled ultrasound images using MAE and subsequently fine-tuned
on nerve-specific segmentation tasks. Pretraining was applied per cross-validation fold to prevent data
leakage. Compared to randomly initialized baselines, MAE-pretrained models achieved consistent
performance gains across all nerves. Improvements were most pronounced for low-resource targets
such as the sural (0.144 — 0.399 Dice) and lateral femoral cutaneous (0.280 — 0.550 Dice) nerves.
Nerves with more abundant training data, like the median (0.890 — 0.897 Dice) and ulnar (0.862

— 0.869 Dice), showed only marginal improvements. These findings indicate that MAE pretraining
particularly strengthens feature extraction for small, difficult-to-label structures in ultrasound
segmentation. This underscores the potential of self-supervised learning to ease annotation demands
and support the development of more comprehensive clinical Al tools.
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Ultrasonography has emerged as a highly valuable diagnostic tool for evaluating peripheral nerves. Through
ultrasound examination, clinicians can observe the course, morphology, and echogenicity of peripheral nerves
and determine their spatial relationships with surrounding anatomical structures. Furthermore, ultrasound
enhances procedural safety by providing real-time guidance during interventional procedures"2. Ultrasound
is often preferred as a first-line imaging modality for peripheral nerve assessment because it is inexpensive,
widely accessible, and provides real-time, high-resolution visualization of superficial nerves at the point of care.
Unlike static modalities, ultrasound enables dynamic evaluation (e.g., nerve gliding and positional changes)
and readily supports image-guided procedures. While MRI offers complementary information—particularly
for deep lesions or proximal pathology—it is generally more resource-intensive and less suited for rapid bedside
assessment. Therefore, accurate ultrasound-based nerve delineation is clinically valuable for standardizing
measurements and facilitating scalable computer-aided assessment. In particular, standardized delineation
is essential for reproducible quantification (e.g., cross-sectional area) and for reducing observer-dependent
variability in routine ultrasound practice. However, several limitations have been identified in the ultrasound
evaluation of peripheral nerves. First, the examination process is labor-intensive, as the segmentation of
peripheral nerves and the measurement of parameters require manual operations, resulting in considerable time
and effort expenditure. Second, accurate recognition of peripheral nerves on ultrasound requires a relatively
steep learning curve. The appearance of peripheral nerves can vary significantly depending on the angle,
position, and pressure of ultrasound probe application, and nerves often resemble tendons or blood vessels.
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Given these challenges, there has been an unmet need for automated systems that can segment peripheral nerves
and measure parameters on ultrasound images. Because nerve recognition relies heavily on clinical experience,
expertise, and intuition, peripheral nerve ultrasound has been identified as a promising application area for
artificial intelligence®~>.

Deep learning has led to substantial progress in medical image segmentation, particularly through the
use of convolutional encoder-decoder architectures such as U-Net® and its variants’~®. These models have
demonstrated strong performance across a variety of imaging modalities, including ultrasound, by learning
hierarchical features that enable accurate delineation of anatomical structures even in the presence of noise, low
contrast, and imaging artifacts!?. Segmentation in ultrasound has mostly focused on large structures or major
clinical targets, with relatively little attention given to peripheral nerves. Generally, acquiring labeled ultrasound
data targeting peripheral nerves is both time-consuming and resource-intensive, requiring extensive training
and expertise. Previous studies primarily targeted the median (and occasionally femoral) nerve using small
datasets!'!~13, whereas segmentation beyond the median nerve—including the common peroneal, lateral femoral
cutaneous, sciatic, tibial, radial, ulnar, and sural nerves—has been less systematically investigated. Small-caliber
sensory nerves, such as the sural and lateral femoral cutaneous nerves, are clinically relevant targets (e.g.,
metabolic peripheral neuropathies and meralgia paresthetica), yet they are technically challenging to visualize
on ultrasound due to their small caliber, variable course, and low contrast. Establishing robust segmentation for
these underrepresented nerves is essential for extending ultrasound-based assessment beyond a single, relatively
straightforward target nerve.

One of the most effective strategies for addressing limited labeled data is through model pretraining'*.
Traditional transfer learning approaches, such as initializing from networks trained on natural image datasets
like ImageNet, can improve convergence and performance. However, the domain shift between natural and
medical images often limits the effectiveness of such methods'. Self-supervised learning (SSL) has emerged
as a promising alternative, allowing models to learn useful representations directly from unlabeled medical
images. Among SSL methods, masked autoencoder (MAE) pretraining has shown particular promise. MAEs
train models to reconstruct missing patches in an image, encouraging the network to learn semantic and spatial
structure without supervision!®. In ultrasound, recent studies have demonstrated that MAE-pretrained models
can outperform supervised pretraining baselines in both classification and segmentation tasks, particularly
when downstream labeled data is scarce!”.

Despite these advances, two key gaps remain for peripheral nerve ultrasound segmentation. First, most
existing studies are constrained to a single nerve—typically the median nerve—leaving it uncertain whether
learned representations generalize to anatomically diverse and clinically important nerves in both the upper and
lower extremities. Second, the annotation burden is especially prohibitive for small-caliber nerves with variable
courses and low contrast, where even expert delineation can be inconsistent. Accordingly, a systematic evaluation
of MAE pretraining for segmentation across multiple peripheral nerve types is still lacking. Addressing these
gaps may facilitate more consistent measurement and annotation workflows in routine practice, which is a
prerequisite for broader clinical translation.

Therefore, this study aims to evaluate whether MAE pretraining improves SegFormer-based ultrasound
segmentation across a broad set of clinically important peripheral nerves in both upper and lower extremities.
Using a large-scale dataset spanning eight nerves, we compare MAE-pretrained models with randomly
initialized baselines under patient-level five-fold cross-validation, with fold-specific pretraining to prevent data
leakage. To the best of our knowledge, this is among the first studies to systematically assess MAE pretraining for
ultrasound peripheral nerve segmentation across multiple nerve types beyond the median nerve. While MAE
as a self-supervised pretraining paradigm is not new, its leakage-aware evaluation for ultrasound segmentation
across multiple peripheral nerve types—particularly low-resource, small-caliber nerves—has remained limited.
Experiments were conducted exclusively on nerves with normal nerve conduction study findings.

Methods

Background

Deep learning has driven advances in semantic segmentation by enabling models to learn rich hierarchical
features from images. SegFormer is a recent adaptation of this paradigm that combines a lightweight decoder
with a hierarchical Transformer encoder to produce U-Net-style outputs®. Its encoder applies overlapping patch
merging to generate multi-scale feature maps, and an efficient self-attention mechanism captures long-range
spatial dependencies without requiring explicit positional embeddings. The resulting architecture maintains
high segmentation accuracy while reducing model complexity, and initial evaluations in medical imaging have
shown that SegFormer can match or exceed the performance of standard U-Net variants on tasks such as cardiac
and endoscopic image segmentation'®.

Self-supervised learning offers a strategy to leverage large volumes of unlabeled data when annotated
datasets are scarce. Masked autoencoders exemplify this approach by randomly removing a large fraction of
image patches and training the model to reconstruct the missing regions. Because the encoder only processes
the visible patches and the decoder is lightweight, MAE training scales efficiently to high-resolution inputs.
Studies have demonstrated that high masking rates (e.g., 75%) encourage the model to learn global and semantic
image structure, which in turn leads to strong transfer learning performance!®. Furthermore, MAEs exhibit
robustness to variations in patch size, although excessively large patches can degrade reconstruction quality and
downstream accuracy by obscuring finer details.

After self-supervised pretraining, fine-tuning adapts the entire model to a specific downstream task by
continuing gradient-based training on labeled data. While fine-tuning has more commonly focused on
classification, recent work has extended it to segmentation in medical imaging!®. For example, MAE-pretrained
vision transformers have been fine-tuned for both 2D and 3D medical image segmentation, yielding substantial
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improvements in delineating anatomical structures from modalities such as chest X-ray, CT, MRI and
ultrasound?®?!. This two-stage process, consisting of self-supervised pretraining followed by task-specific fine-
tuning, provides a practical route to harness large unlabeled datasets and improve performance on clinically
important segmentation tasks where labeled data are limited.

Datasets

Ethical standards

This study was approved by the Institutional Review Boards of Korea University Guro Hospital (IRB No.
2020GR0389) and Chung-Ang University Gwangmyeong Hospital (IRB No. 2511-284-179). Patient consent
was waived because the study used de-identified ultrasound images, and both IRBs determined that obtaining
individual consent was not required.

Study subjects

Electronic medical records and picture archiving and communication system databases were systematically
reviewed to identify individuals who received both electrodiagnostic studies and ultrasound evaluation of upper
and lower extremity peripheral nerves between March 2019 and February 2024. From an initial cohort of 1,782
patients, a subset of 1,362 participants (763 males, 599 females; mean age 52+7 years [SD]; age range 23-78
years) was selected based on normal nerve conduction test results for subsequent analysis. The total patient and
image counts for each nerve are reported in Table 1.

Data collection procedures
All ultrasound examinations were performed using a standardized protocol during the initial assessment
period. A single physiatrist with over fifteen years of experience in neuromuscular ultrasonography conducted
all scanning procedures and image annotations to ensure consistency. Image annotation was performed using
the built-in nerve tracing functionality within the ultrasound operating application of the miniSONO system.
During the examination, participants were positioned either supine or prone, depending on the peripheral
nerve being evaluated. To ensure accurate nerve identification, the examiner employed dynamic scanning
techniques, systematically moving the transducer along the nerve pathway in both proximal and distal directions.
Peripheral nerve visualization was achieved using a miniSONO device (ALPINION Medical Systems, Korea).
Because peripheral nerve ultrasonography is highly operator-dependent and accurate delineation often
relies on real-time dynamic scanning context (e.g., probe angulation/pressure adjustments and continuous
visualization along the nerve course), annotations were created contemporaneously with image acquisition
by the same expert operator. Specifically, after selecting and saving the representative still frame during the
examination, the operator immediately delineated the nerve boundary using the in-app drawing tool, and the
corresponding contour/ROI was stored together with the image to construct paired image-annotation sets. This
workflow was adopted to minimize pairing errors and reduce ambiguity when interpreting isolated static images
after the examination. As all acquisitions and annotations were performed by a single experienced specialist,
no additional second-reader adjudication, consensus review, or separate quality-control rounds were applied.

Data processing

All ultrasound images underwent a standardized preprocessing pipeline to ensure consistency across both the
pretraining and fine-tuning stages. During training, each image was cropped or zero-padded to a fixed resolution
of 512 x 384 pixels after data augmentation. At test time, the original full-resolution image was used to preserve
as much information as possible, with additional padding applied when necessary to maintain compatibility
with SegFormer’s encoder-decoder structure and its associated downsampling and upsampling operations.

To enhance model generalizability and robustness, a consistent set of data augmentations was applied during
both pretraining and fine-tuning. These included random horizontal flipping with a 50% probability, random
resizing within +25% of the original scale, random cropping to the target input size, random rotation within + 10
degrees, and random shearing within + 10 degrees. These augmentations were selected to reflect the real-world

Nerve No. Images | No. Patients | Avg. No. Training Images per Fold | Avg. No. Testing Images per Fold
Median 3,811 413 3048.8 762.2

Ulnar 4,729 545 3783.2 945.8

Common Peroneal 412 143 329.6 824

Sciatic 99 35 79.2 19.8

Tibial 219 80 175.2 43.8

Radial 208 55 166.4 41.6

Lateral Femoral Cutaneous | 150 64 120.0 30.0

Sural 76 27 60.8 15.2

Unlabeled* 1,311 368 No fold, pretraining only. No fold, pretraining only.

Table 1. Number of patients and images available for each peripheral nerve in the dataset studied. *Unlabeled
images are only used for the pretraining stage and not during finetuning. Data folds are maintained across both
pretraining and finetuning.
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variability encountered in ultrasound acquisition, including changes in transducer angle, patient positioning,
and tissue deformation.

Masked autoencoder pretraining with SegFormer

A MAE pretraining strategy using the SegFormer architecture as the backbone model is adopted for this study.
SegFormer is well-suited for this purpose due to its strong performance on segmentation tasks, including
those in medical imaging. Although most prior studies on masked autoencoders use Vision Transformer (ViT)
models as the encoder?>?*, ViT-based autoencoders were found to perform poorly on the ultrasound data. In
preliminary experiments, these models produced suboptimal reconstructions during pretraining and showed
weak performance when fine-tuned for downstream segmentation. Transformer-based architectures often
require lots of data, and due to the limited size of our dataset, ViT models were found to be ineffectual in
generalization. In contrast, SegFormer yielded both improved reconstruction quality and stronger segmentation
accuracy across all nerve datasets.

A limitation of using SegFormer for masked autoencoding is that the encoder cannot easily exclude masked
tokens from its computation. In typical MAE training with ViT, masked tokens are removed before encoding,
which substantially reduces memory consumption and accelerates training. SegFormer does not offer a
straightforward mechanism to omit masked spatial regions, leading to higher memory requirements and slower
training. Despite this drawback, the improved quality of the learned features justified the added computational
cost. Further, as previously mentioned, the Segformer architecture has specfic design choices that make generally
more computationally effecient than standard ViT models. Importantly, even in standard MAE workflows,
inference time remains unaffected by masked token removal, as the full image is processed during downstream
tasks regardless of masking.

MAE pretraining is applied separately for each cross-validation fold. Specifically, five cross-validation folds
are defined for each of the eight nerves in the dataset. These folds are grouped such that each of the five groups
contains one fold from each nerve. This grouping allows for pretraining five distinct models, one per group,
ensuring that the pretraining data remains strictly disjoint from the data used for evaluation in the corresponding
downstream tasks. This approach is necessary to prevent data leakage during fine-tuning. Additionally, the
pretraining set is augmented with 1,311 unlabeled ultrasound images (368 individuals) not associated with any
downstream nerve labels or patients. The unlabeled data does include pathological cases but no such abnormal
cases are included during the finetuning phase.

During fine-tuning, each pretrained model is adapted to segment a single nerve. This means that for each
nerve, five models are trained using the five corresponding pretrained backbones. Further, there is a data
imbalance of the nerve types during pretraining, but not during finetuning. Training separate segmentation
models per nerve enables evaluation of how well pretraining on a broad, unlabeled dataset generalizes to specific
downstream targets. It also highlights which nerves benefit most from shared pretraining across different
anatomical structures. The entire pipeline from MAE pretraining to fine-tuning on the segmentation task is
illustrated in Fig. 1.

Experiments

Implementation and data splits

PyTorch2.7.1 was used onan Nvidia A6000 GPU, and all models were built with the segmentation-models-pytorch
library?!. All segmentation experiments employed five-fold patient-level cross-validation. Each fold was fixed
across both baseline and MAE-pretrained runs to avoid leakage.

Outcome variables
In this study, the performance was verified using two common segmentation metrics withing the literature: Dice
score and intersection over union (IoU).

(Dice) = 2 XN Y1 _ 2. TP o
X[ +|Y] 2. TP+ FP1FEN
XNnY TP
(fov) = X0 YT _ @

T |XuY| TP +FP+FN

where X and Y represent the predicted and ground truth segmentation masks, respectively. Further, TP is the
true positive rate, FP is the false positive rate, and FN is the false negative rate.

Baseline segmentation

As a reference, SegFormer MiT-B3 models use random initialization for each nerve. MiT-B3 was chosen after
initial tests showed it offered the best trade-off between accuracy and cost. Each model was trained for 150
epochs with Adam (learning rate starts at 1 x 10™ with a decay of x0.1 every 50 epochs and weight decay is
set at 1x1077). Additionally a batch size of 32 is used during training, and optimized with an averaged Dice
and cross-entropy loss. Dice score was the primary metric. Further we also compare out results to the U-Net,
U-NEt++, and DeepLabV3 architectures using the same training setup. The computational costs and parameter
counts can be seen in Table 2.

MAE pretraining
A SegFormer MiT-B3 model was pretrained as a masked autoencoder with a patch size of 32x32 and a 65%
masking ratio (these hyperparameters were found via simple preliminary testing runs and not thorough

Scientific Reports |

(2026) 16:23639 | https://doi.org/10.1038/s41598-026-57368-7 nature portfolio



www.nature.com/scientificreports/

Reconstruction

Masked Input

(SegFormer)

—> E0 —»
I:I

Input Segmentation Pred.
Reinit.
Decoder.

Linear
Decoder

Step 1: Pretraining

All data is used.
Copy params .

Step 2: Finetuning
=
Linear
Decoder

ce——1]

Ey (Encoder Architecture) g”eaf

Data for only one nerve.

ecoder
7 = - =)
(o] o o (o] o o o
23 12| (g[8 2] |2]||g] |8 o
T3 g 5 S 3 g = ) JD} Merge =3
»
ol o 0 8 = 3 B 3 7] | Upsampled 14
%.U 5 3 : 3 3 3 3 [ c= Feat =
a% @ =2 @ 2 w| B ®m o S eatures =
» g o 5 g © 3 5 5 @ o [P o
< = < Q 55
— — 32 ¥
| X
-

Fig. 1. Visualization of the masked autoencoder pretraining and fine-tuning pipeline for peripheral nerve
segmentation. Weights 6, are copied from the encoder E after masked autoencoder pretraining as a starting
place for fine-tuning on the nerve segmentation task.

U-Net | U-Net++ | DeepLabV3 | Segformer
Parameters |24M |26 M 26 M 45M
MACs 31G 73G 109G 36G

Table 2. Parameter counts (in millions) and computational cost in MACs (in giga) for each model architecture
tested.

ablation). Figure 2 shows a mask sample and prediction sample made by one of the trained MAE models. The
model learned to reconstruct masked regions via an L1 loss against the original ultrasound image. Training ran
for 400 epochs using the Adam optimizer (learning rate starts at 2 x 10™* with a decay of x0.1 every 100 epochs
and weight decay is set to 1 x 107°). As before, a batch size of 32 is used.

Fine-tuning segmentation
For each nerve, the MAE-pretrained encoder finetuned with a reinitialized SegFormer decoder to prevent
convergence failures. Fine-tuning used the same hyperparameters and loss combination as the baseline
(150 epochs, Adam with lr=1x107%, decay x 0.1 every 50 epochs, weight decay=1x107, batch size 32,
Dice + cross-entropy). Keeping all settings constant ensures a fair comparison of baseline models and
MAE-pretrained models.

Results
Table 3 shows that MAE pretraining consistently improves segmentation accuracy across all eight peripheral
nerves compared to the non-pretrained baseline. Additionally we have included results from the U-Net, Unet++,
and DeepLabV3 architectures. As an additional point of reference we have also included the IoU results in
Table 4. The most dramatic gains are observed for the lateral femoral cutaneous nerve, nearly doubling in Dice
score from 0.28 + 0.08 to 0.55 + 0.091, and the sural nerve increasing from 0.144 + 0.043 to 0.399 + 0.197. Other
substantial improvements occur for the radial nerve (0.429 + 0.071 > 0.648 + 0.041), sciatic nerve (0.513 + 0.053
> 0.725 +0.051), and tibial nerve (0.563 +0.038 > 0.668 + 0.049). The common peroneal nerve has a less
substantial increase from 0.737 + 0.026 to 0.771 + 0.032 and did not achieve a p-value of less than 0 over the
cross-fold validation (Table 5). Prediction samples for each nerve are shown in Fig. 3.

For the median and ulnar nerves, MAE pretraining yields slight gains over the strong baseline performance.
The Dice score for the median nerve improves from 0.89+0.006 to approximately 0.90+0.004, and the ulnar
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Mask 7 ' Prediction
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Fig. 2. (a) shows the original image before masking. (b) shows the mask applied to the imase (white represents
the area removed), and (c) shows the predictions zi ) with the unmasked model input,r(io) overlaid. Note
that the padding used during training and inference is not represented here and causes the patches to appear
uneven at the edges.

Baseline U-Net Dice | Baseline U-net + + Dice | Baseline DeepLabV3 Dice | Baseline Segformer Dice g;;;(_)trl::lleef
Nerve Score 1 Score 1 Score 1 Score 1 Dice Score 1
Median 0.894+0.004 0.896+0.007 0.890+0.007 0.890+0.006 0.897 £0.004
Ulnar 0.866+0.004 0.865+0.004 0.868+£0.005 0.862+0.007 0.869+0.005
Common Peroneal 0.731+0.013 0.728 £0.025 0.708+£0.033 0.737+0.026 0.771* +£0.032
Sciatic 0.636+0.102 0.625+0.068 0.587+0.064 0.513+0.053 0.725* +£0.051
Tibial 0.629+0.052 0.630+0.076 0.613+0.060 0.563+0.038 0.668* £0.049
Radial 0.286+0.203 0.497+0.088 0.526+0.047 0.429+0.071 0.648* +0.041
Lateral Femoral Cutaneous | 0.195+0.182 0.372+0.063 0.388+0.073 0.280+0.080 0.550* +0.091
Sural 0.32+0.193 0.290+0.248 0.290+0.115 0.144+0.043 0.399* +£0.197

Table 3. Test result dice scores for each nerve using MAE-pretrained models, compared to a non-pretrained
baseline. Test results are averaged over five cross-validation folds. * indicates a p-value < 0.05 compared to
Segformer baseline using a relative t-test.

Fine-tuned

Baseline U-net++ IoU | Baseline DeepLabV3 IoU | Baseline Segformer IoU | Segformer

Nerve Baseline U-Net IoU Score 1 | Score 1 Score 1 Score 1 IoU Score 1
Median 0.824+0.002 0.827£0.005 0.818+0.006 0.818£0.006 0.827+0.005
Ulnar 0.792+0.004 0.791+0.006 0.791+£0.005 0.785+0.007 0.793* £0.006
Common Peroneal 0.619+0.014 0.622+0.025 0.594+0.029 0.618+0.027 0.659+0.033
Sciatic 0.510£0.103 0.501+0.067 0.471+0.056 0.380+0.049 0.608* +0.054
Tibial 0.522+0.053 0.520£0.079 0.495+0.057 0.446 £0.032 0.563* +0.049
Radial 0.205+0.147 0.395+0.091 0.416+0.043 0.323+0.069 0.544* +0.044
Lateral Femoral Cutaneous | 0.235+0.147 0.267£0.048 0.279+0.056 0.191£0.065 0.435* +0.083
Sural 0.137+0.132 0.210+0.188 0.191+0.086 0.085+0.027 0.306* +0.171

Table 4. Test result IoU scores for each nerve using MAE-pretrained models, compared to a non-pretrained
baseline. Test results are averaged over five cross-validation folds. * indicates a p-value < 0.05 compared to
Segformer baseline using a relative t-test.
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Median | Ulnar | Common Peroneal | Sciatic | Tibial | Radial | Lateral Femoral Cutaneous | Sural
Improvement in Dice (%) | 1.1% 12% | 4.1% 412% |19.6% |51.2% |96.4% 185.7%

Table 5. Improvement in Dice of the proposed MAE approach over the Segformer baseline model.

(a) (b) (c) (d)

(e) (f) (9 (h)

Fig. 3. Randomly sampled segmentation predictions close to the median Dice score for each nerve (less than
0.01 difference to the median). The predictions are made by the MAE-pretrained SegFormer model for each
of the eight nerves types. From left to right, top to bottom, the nerves shown are the (a) median (0.93 Dice),
(b) ulnar (0.93 Dice), (c) common peroneal (0.87 Dice), (d) sciatic (0.88 Dice), (e) tibial (0.86 Dice), (f) radial
(0.84 Dice), (g) lateral femoral cutaneous (0.72 Dice), and (h) sural (0.74 Dice). Predicted segmentations are
shown in red and ground truth labels are shown in green.

nerve increases from 0.86+0.007 to approximately 0.87+0.005, however the ulnar nerve did not achieve a
p-value less than 0.05. These results indicate that self-supervised pretraining is most beneficial for nerves where
the baseline model struggles, while it still provides modest gains for already well performing nerves (Table 5).

Discussion

This study investigated the use of MAE pretraining to improve segmentation of peripheral nerves in ultrasound
images. This method was applied to a dataset spanning eight clinically important nerves of the upper and lower
extremities, with segmentation performance evaluated under a five-fold cross-validation framework. MAE-
pretrained SegFormer models consistently outperformed non-pretrained baselines, especially in cases where
baseline performance was weak due to limited labeled data.

Several recent studies have attempted to apply artificial intelligence to peripheral nerve ultrasound imaging;
however, these studies have been limited by small sample sizes and a narrow scope of target nerves. Most studies
have focused solely on the median nerve, lacked standardized ultrasound examination protocols, and rarely
incorporated nerve conduction study data. Most importantly, there has been an insufficient number of studies
validating the accuracy of artificial intelligence-based segmentation for each of the clinically important peripheral
nerves of the upper and lower extremities®>~. In the upper extremity, the ulnar nerve, which causes cubital
tunnel syndrome (the second most common compressive neuropathy after carpal tunnel syndrome), and the
radial nerve, which causes Saturday night palsy (wrist drop after arm support), are clinically significant nerves.
In the lower extremity, the sciatic nerve, which is the largest nerve in the lower limb, and its two major branches,
the peroneal nerve and tibial nerve, are also of clinical interest. Additionally, the lateral femoral cutaneous
nerve, which causes meralgia paresthetica, and the sural nerve, a sensory nerve commonly affected in metabolic
peripheral neuropathies, should not be overlooked in terms of their clinical importance®-3. In contrast, this
study includes a broad set of nerves, encompassing both commonly and less commonly studied types. These
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include the median, ulnar, radial, tibial, sciatic, sural, common peroneal, and lateral femoral cutaneous nerves.
The dataset employed in this study contains over 10,000 images from more than 1,300 patients, representing one
of the largest and most diverse peripheral nerve ultrasound segmentation datasets to date.

The results in Table 3 demonstrate that MAE pretraining yields consistent and, in many cases, substantial
improvements in segmentation accuracy across multiple peripheral nerves. Nerves with low baseline
performance, most notably the lateral femoral cutaneous (LFC) and sural nerves, experienced the greatest
gains, improving by 0.27 and 0.26 points in Dice score, respectively. The radial and sciatic nerves also saw large
increases of 0.22 and 0.21 points, while the common peroneal and tibial nerves improved by 0.03 and 0.11.
Despite these improvements, the sural, radial, and LFC nerves still exhibited relatively low Dice scores after
MAE pretraining. This is likely due to their smaller diameters, more complex anatomical paths, and greater
inter-individual variability compared to other nerves. When the ultrasound beam is oriented perpendicularly to
the nerve’s trajectory, these structures appear clearly and are easier to segment. However, small, winding nerves
are technically challenging to capture in such ideal orientations, making even expert-generated annotations less
accurate and reliable. In contrast to the underrepresented nerves, the median and ulnar nerves showed only
modest gains of approximately 0.01 each and only the median nerve had a statistically significant improvement in
Dice score. This limited improvement likely reflects the fact that these nerves already had relatively large labeled
datasets, enabling high baseline performance that left little room for additional benefit from self-supervised
pretraining.

Technically, this study differs from most prior MAE applications by using the SegFormer backbone rather
than ViT. While this choice led to higher memory usage it also enabled more robust feature learning suited
to ultrasound image characteristics. This architectural decision contributed meaningfully to the improved
performance across nerve types. Clinically, the pretraining approach renders segmentation of smaller or more
challenging nerves more viable. For example, the sural nerve improved from 0.144 to 0.399 Dice score, and
the lateral femoral cutaneous nerve from 0.280 to 0.550; these levels may be sufficient to assist in annotation
workflows, whereas their baseline-method performance below 0.30 would typically be considered too low for
any practical use. These results demonstrate that MAE pretraining is a particularly compelling option when
attempting to segment peripheral nerves with limited available annotations.

From a clinical workflow perspective, reliable nerve delineation is a prerequisite for standardized quantitative
ultrasound assessment, enabling consistent region-based measurements (e.g., cross-sectional area) and
longitudinal comparisons across visits. Even when pixel-level segmentation is not used as a fully automated
endpoint, providing a reasonable initial contour can reduce the time required for manual tracing and improve
inter-operator consistency through expert review and correction (human-in-the-loop). This is particularly
relevant for small-caliber nerves with variable courses and low contrast, where boundary tracing is labor-intensive
and prone to variability. In this sense, the practical value of MAE pretraining in our study is best interpreted as
strengthening reproducible measurement and efficient annotation workflows, rather than implying immediate
standalone automation.

Nonetheless, the segmentation performance of all but the ulnar and median nerves still falls below generally
acceptable performance thresholds for deployment in computer aided diagnostic (CAD) workflows*”*, and
further work, such as acquiring more labeled images or refining network architectures, will be needed to raise
its performance. Further, the median and ulnar nerves, which already performed strongly without pretraining,
remain robust but did not cross any new operational thresholds. This outcome highlights the continued
importance of collecting additional labeled data, refining architectures, or incorporating complementary
techniques, such as uncertainty modeling, for such difficult targets.

This study has several important limitations. First, pretraining SegFormer as a masked autoencoder is
computationally intensive. Due to the inability to exclude masked tokens during encoding, memory requirements
are significantly higher than in ViT-based MAEs. This constraint limits model scalability and may be a barrier to
adoption in resource-constrained settings. Second, although over 1,300 additional unlabeled ultrasound images
were incorporated totaling to 10,603 images, the overall dataset size remains relatively small compared to large-
scale vision datasets. This limitation likely constrains the maximal benefit that self-supervised learning can
confer. Third, all ultrasound images were acquired using a single scanner model under standardized conditions.
While this design ensured consistency, it may limit the generalizability of the results to other ultrasound systems
or clinical environments. Future work should explicitly test robustness to variations in equipment, operator, and
acquisition protocol. Fourth limitation is the potential for domain shift in ultrasound. Although all images were
acquired and annotated by a single experienced operator, which improves internal consistency, performance may
differ when applied to images from other operators, scanning styles, or ultrasound vendors due to variations in
probe handling, imaging presets, and vendor-specific processing. Future studies should include multi-operator,
multi-vendor datasets and external validation, and may consider additional approaches such as targeted fine-
tuning or domain adaptation to enhance generalizability. Finally, the dataset includes only nerves from patients
with normal nerve conduction studies. This restriction limits the clinical relevance of these models for diagnostic
tasks and restricts its utility to annotation or measurement workflows in normal-appearing nerves. Evaluating
performance on abnormal nerves remains an essential next step.

Future studies should include peripheral nerves with pathological findings to evaluate whether the models
generalize to abnormal nerve presentations. In addition, expanding the dataset to include more patients and
more nerve types, particularly in underrepresented anatomical regions, would improve robustness and external
validity. Exploring more advanced backbone architectures, additional pretraining approaches within the
literature, or more in-depth analysis of loss design could further enhance segmentation accuracy. Finally, MAE-
pretrained models may prove useful in semi-supervised learning or human-in-the-loop annotation frameworks
where partially labeled data are available.
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Conclusion

This study presents a comprehensive investigation of MAE pretraining for peripheral nerve segmentation in
ultrasound images. By leveraging a large, diverse dataset across eight clinically important nerves, this study
demonstrates that MAE pretraining substantially improves segmentation accuracy, especially for small or
underrepresented nerves such as the sural (0.144 > 0.399 Dice) and lateral femoral cutaneous (0.280 > 0.550
Dice) nerves. While this results on the underrepresented nerves do not enable fully autonomous segmentation,
these results may still be useful for human-in-the-loop annotation tasks. The approach explored in this study
enables effective transfer learning in settings with limited annotations and offers a practical path forward for
enhancing peripheral nerve ultrasound analysis. While challenges remain, particularly in model generalizability
and performance on abnormal nerves, the results support the continued development and clinical integration of
self-supervised learning techniques in musculoskeletal ultrasound imaging.
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