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Highlights

(. Deep learning-powered nerve block segmentation significantly contributes to optimized perioperative pain man—\
agement by enhancing the precision and safety of regional anesthesia.
¢ Advanced architectures, particularly U-Net variants, dominate peripheral nerve block segmentation, offering
high precision and adaptability to medical imaging challenges.
« Deep learning enhances clinical workflows by improving segmentation accuracy and efficiency in upper and lower
limb nerve blocks, thereby supporting procedural success.
¢ Future efforts will focus on improving model robustness and generalizability to address limitations such as data
\_ variability and limited adaptability, facilitating broader clinical adoption. )

Abstract

Effective pain management is a cornerstone of optimal perioperative care, significantly impacting patient recovery
and outcomes. Regional anesthesia, particularly peripheral nerve blocks, plays a crucial role in achieving this by
providing targeted analgesia. While ultrasound guidance has enhanced the precision of these procedures, chal-
lenges persist in accurately identifying nerve structures due to inherent image quality issues. Addressing these
challenges is critical for improving the efficacy and safety of nerve blocks. Recent years have witnessed significant
advances in medical image processing powered by deep learning, particularly in the segmentation of peripheral
nerve blocks. This review summarizes current research progress and emerging techniques in this domain. We first
introduce commonly used segmentation models, including Fully Convolutional Networks, U-Net and its variants,
and task-specific network architectures. We then examine the application of deep learning to the segmentation of
upper and lower limb nerve blocks, highlighting improvements in accuracy and efficiency. Current limitations-such
as challenges with data heterogeneity and model generalization-are critically analyzed, and future directions are
proposed to enhance model robustness and clinical scalability. Ultimately, this paper underscores the potential
of deep learning to revolutionize peripheral nerve block localization through automated and reliable image seg-
mentation.
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Introduction during, and after surgery. Within this continuous

process, effective pain management is a cru-
Perioperative management is central to mod- cial component for ensuring patient comfort,
ern surgical practice, aiming to optimize the accelerating postoperative recovery, and reduc-
patient’s overall experience and recovery before, ing complications. By precisely controlling post-
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operative pain, patients can ambulate earlier,
reduce hospital stays, and significantly improve
their quality of life. To achieve this goal, region-
al anesthesia techniques, particularly nerve
blocks, have become an essential part of peri-
operative pain management.

Nerve block procedures involve the precise
injection of anesthetic agents around target
nerves to interrupt neural conduction, providing
local anesthesia or analgesia. These tech-
niques are fundamental in clinical anesthesia
and pain management [1]. Ultrasound guidance
has become the standard approach for per-
forming nerve blocks, offering significant advan-
tages such as real-time visualization of nerves
and surrounding structures. This facilitates
more accurate needle placement and markedly
improves procedural success rates and safety
compared to traditional landmark-based meth-
ods [2]. However, ultrasound imaging is inher-
ently challenged by issues such as noise, arti-
facts, speckle patterns, and often indistinct or
blurred nerve boundaries, making accurate
interpretation difficult [3]. These limitations
highlight the need for advanced auxiliary tech-
nologies to assist clinicians in reliably identify-
ing nerve structures.

Computer-aided analysis, particularly medical
image segmentation, plays a pivotal role in the
quantitative assessment of images from vari-
ous modalities [4, 5]. Early segmentation
approaches primarily relied on traditional
image processing techniques, including edge-
based, region-based, and threshold-based meth-
ods [6-8]. While these methods achieved limit-
ed success, their performance is significantly
constrained by the variability and quality limita-
tions inherent in medical imaging, often proving
inadequate for achieving reliable segmentation
in real-world clinical settings [9].

The rapid advancement of computer vision
and machine learning—especially the rise of
deep learning (DL)—has revolutionized medical
image segmentation [10]. Convolutional Neural
Networks (CNNs), in particular, have demon-
strated outstanding performance in segmenta-
tion tasks and now represent the predominant
methodology in this field. Compared to tradi-
tional approaches, CNNs offer distinct advan-
tages such as automatic hierarchical feature
extraction, robustness to image variability, and
high segmentation accuracy [11]. For example,
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Wu et al. developed a CNNs model that suc-
cessfully segmented the brachial plexus in
ultrasound images captured at oblique angles
[12]. The model achieved a mean Dice coeffi-
cient of 0.748 and a mean Jaccard index of
0.630, demonstrating superior resilience to
noise and blurred boundaries compared to
conventional methods, and showing effective
nerve delineation at the interscalene level.

These strengths have led to the widespread
adoption of DL in medical image analysis, sig-
nificantly advancing computer-aided diagnosis
and intervention planning—particularly for the
complex task of interpreting ultrasound imag-
es. Applying these advanced segmentation
techniques to ultrasound-guided peripheral
nerve blocks holds significant clinical promise:
enhancing block success rates and safety,
reducing complications, and improving patient
comfort.

This review provides a comprehensive over-
view of DL-based image segmentation tech-
niques and their specific applications in identi-
fying peripheral nerves in ultrasound images
for nerve block procedures. The article is orga-
nized as follows: First, we introduce main-
stream DL segmentation methods relevant to
this field. Next, we discuss their application
and performance in ultrasound-guided periph-
eral nerve blocks. Finally, we analyze current
advantages and limitations and explore future
directions, including the potential for clinical
integration of ultrasound-assisted nerve iden-
tification technologies.

Image segmentation techniques
Fully convolutional networks (FCNs)

FCNs represent a pivotal advancement in DL,
primarily applied to semantic image segmenta-
tion. First introduced by Long et al. in 2015,
FCNs addressed the limitations of traditional
CNNs in segmentation tasks by proposing a
new approach for pixel-level classification [13].
Traditional CNNs typically employ fully con-
nected layers at their final stages to produce
fixed-size outputs, which are insufficient for
segmentation tasks requiring detailed spatial
localization.

FCNs overcome this limitation by replacing
fully connected layers with convolutional and
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Figure 1. The Fundamental Architecture of FCNs. This figure was cited from [13]. FCNs, Fully Convolutional Net-

works.

upsampling layers, enabling dense, pixel-wise
predictions while preserving spatial hierar-
chies. By integrating multi-scale feature repre-
sentations, FCNs achieve fine-grained segmen-
tation performance across various domains.
The fundamental architecture of an FCNs is
illustrated in Figure 1.

To tackle the challenges of low accuracy and
long processing times in medical ultrasound
segmentation, a team of researchers proposed
a multi-scale dilated convolution approach
based on an improved FCNs [7]. Their method
employed image preprocessing to enhance
input quality, constructed four dilated convolu-
tional layers with different dilation rates to fuse
contextual information across scales, and uti-
lized Laplacian-based post-processing to refine
segmentation boundaries. Experiments showed
substantial improvement in segmentation accu-
racy on breast ultrasound datasets, particularly
in fuzzy and structurally complex regions.

Huang et al. introduced an FCNs architecture
augmented with attention modules to enhance
semantic segmentation performance [14]. By
integrating skip-layer and post-processing atten-
tion mechanisms, the model strengthened fea-
ture dependencies and improved adaptability
to complex backgrounds. Their model achieved
state-of-the-art performance on several public
datasets.
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Miao et al. developed an FCNs variant using
dilated convolutions to expand the receptive
field of convolutional kernels, thereby enhanc-
ing the network’s ability to capture fine neural
structures [15]. This model demonstrated supe-
rior performance in segmenting peripheral
nerve block images, notably improving both
segmentation accuracy and contrast.

FCNs have been widely applied in nerve block
image segmentation, enabling precise nerve
localization, real-time guidance, automation,
and improved procedural efficiency. Their clini-
cal utility lies in reducing physician workload
and enhancing surgical outcomes [16]. However,
FCNs are computationally demanding, especial-
ly when handling high-resolution medical imag-
es. They also tend to struggle with capturing
extremely fine structures due to resolution limi-
tations [17].

U-Net architecture and its variants

U-Net is a DL architecture specifically designed
for image segmentation and has shown excep-
tional performance in medical image analysis.
Introduced by Ronneberger et al. in 2015, U-Net
was developed to address the limitations of tra-
ditional segmentation techniques, especially in
applications with small training Datasets [18].

The U-Net architecture features a symmetric
U-shaped design composed of two main paths:
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Figure 2. The Fundamental Architecture of U-Net. This figure was cited from [18].

a contracting (encoder) path and an expansive
(decoder) path. The encoder path captures
contextual information through convolution and
pooling layers that reduce spatial resolution,
while the decoder path restores spatial dimen-
sions using upsampling layers. A distinctive
characteristic of U-Net is the use of skip con-
nections, which link corresponding layers in the
encoder and decoder paths. These connections
preserve high-resolution features, helping to
maintain detailed boundaries during recon-
struction [19].

Given the limited availability of medical imaging
data—often constrained by privacy regulations
and high acquisition costs-U-Net training typi-
cally involves data augmentation techniques
such as rotation, scaling, and flipping. These
strategies enhance dataset diversity, improve
generalization, and promote the learning of
robust feature representations [20]. The funda-
mental architecture of U-Net is shown in Figure
2.

In medical image processing, U-Net has demon-
strated remarkable accuracy, supporting tasks
such as early diagnosis, lesion monitoring, and
treatment planning. Numerous U-Net variants
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have since been proposed to further improve
segmentation performance. These variants
generally fall into three categories:

Dimension-based variants

This category adapts the U-Net architecture to
the dimensional characteristics of specific med-
ical data.

3D U-Netis an extension of the classic U-Net,
optimized for volumetric data [21]. It retains the
symmetric encoder-decoder structure and skip
connections but employs 3D convolutions to
directly process three-dimensional inputs.
Compared to its 2D counterpart, 3D U-Net
more effectively captures spatial dependencies
across multiple slices, resulting in improved
segmentation accuracy for volumetric images.

V-Net, proposed by Milletari et al. in 2016, is
another influential architecture tailored for 3D
medical image segmentation, particularly under
conditions of limited annotated data [22]. While
structurally similar to U-Net, V-Net introduces
several key innovations, most notably the Dice
loss function, which effectively addresses class
imbalance problems common in medical datas-
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Figure 3. The Fundamental Architecture of the V-Net. This figure was cited from [22].

ets. The fundamental architecture of V-Net is
shown in Figure 3.

Both 3D U-Net and V-Net represent important
evolutions of the U-Net framework, offering
powerful solutions for volumetric segmentation.
These models have significantly advanced the
field by enabling more accurate and efficient
processing of complex three-dimensional medi-
cal images.

Structural optimization-based variants

This category improves segmentation perfor-
mance by optimizing the internal architecture
of the network. Techniques include the integra-
tion of residual connections, dense connectivi-
ty, and refined upsampling/downsampling strat-
egies. A comparison of these architectural vari-
ants is presented in Table 1.

Residual U-Net, introduced by Zhang et al. in
2018, is inspired by ResNet, which was origi-
nally designed to address the vanishing gradi-
ent problem in deep neural networks [23, 24].
By integrating residual connections into the
U-Net architecture, this variant enables deeper
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network structures while preserving input infor-
mation. Specifically, residual blocks add input
features directly to the output of convolution
operations, mitigating information loss during
training. This mechanism enhances both seg-
mentation accuracy and computational effi-
ciency, particularly in tasks requiring precise
delineation of tissues, organs, and lesions.

Dense U-Net represents a more advanced evo-
lution of the traditional U-Net, inspired by
DenseNet [25]. It incorporates dense connec-
tivity, where each layer receives inputs from all
preceding layers, promoting gradient flow and
improving feature propagation. Dense blocks
within the encoder and decoder facilitate multi-
scale feature reuse, reducing the number of
parameters while enhancing representational
power [26]. The architecture of Dense U-Net is
shown in Figure 4.

U-Net++, proposed by Zhou et al. in 2018, fur-
ther refines U-Net by introducing nested dense
skip connections [27]. These connections form
a series of subnetworks that allow deep super-
vision and multi-scale feature fusion. Each sub-
network connects to adjacent and all preceding
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Table 1. Comparison of residual U-Net, dense U-Net, and nested U-Net

Methods Basic Structure NS B Typical Clinical Scenario
Parameters
Residual U-Net U-Net + Residual Connections High General medical image segmentation
Dense U-Net ~ U-Net + Dense Connections High Segmentation tasks requiring rich feature reuse

Nested U-Net  U-Net + NestedSkip Connections Low Precise segmentation

Figure 4. The Fundamental Architecture of Dense U-Net.

layers, improving the model’s ability to capture
structural details at various scales and reducing
overfitting. U-Net++ is particularly effective in
segmenting images with irregular morphologies
and complex backgrounds, such as tumor delin-
eation tasks [28]. A comparative analysis of
Residual U-Net, Dense U-Net, and U-Net++ is
summarized in Table 1.

Variants based on enhanced feature selection

This class of variants incorporates attention
mechanisms to improve feature selection, allow-
ing the network to focus on critical regions and
ignore irrelevant information, thereby enhanc-
ing segmentation accuracy.

Attention U-Net, proposed by Oktay et al. in
2018, introduces attention gates into the
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encoder-decoder architecture [29]. These gates
learn to highlight salient spatial regions during
feature fusion, directing the network’s focus
toward informative areas while suppressing
background noise. This mechanism improves
segmentation performance in complex sce-
narios where target boundaries are unclear or
embedded in heterogeneous backgrounds. The
attention-enhanced architecture substantially
increases model precision and efficiency across
a range of medical imaging tasks.

Network architectures based on specialized
designs

While U-Net has demonstrated exceptional

performance in medical image segmentation,
researchers have developed specialized archi-
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Figure 5. The Fundamental Architecture of GCN. GCN, graph convolutional network.

tectures to address its limitations in specific
scenarios [30]. Compared with U-Net, these
architectures offer improved generalization,
robustness to limited data, enhanced struc-
tural feature extraction, and better integration of
multimodal data—advantages particularly bene-
ficial in ultrasound-guided regional anesthesia.

Architectures based on generative adversarial
networks (GANSs)

GANs consist of two components: a generator,
which synthesizes data resembling the real dis-
tribution, and a discriminator, which distinguish-
es between real and generated samples. This
adversarial training paradigm enables the gen-
eration of high-fidelity synthetic data or pseudo-
labels, making GANs valuable in settings with
scarce labeled data or high annotation costs.

Zhai et al. proposed an asymmetric semi-super-
vised GANs featuring two generators and one
discriminator [31]. The two generators super-
vise each other, producing reliable segmenta-
tion masks even without labeled data, thereby
enhancing model performance through the
effective use of unlabeled samples. The meth-
od was evaluated on three public breast ultra-
sound datasets (DBUI, OASBUI, SPDBUI) and
one additional dataset (SDBUI), demonstrating
superior performance over fully and semi-
supervised approaches under limited annota-
tion conditions.
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Architectures based on graph convolutional
networks (GCNs)

GCNs extend convolution operations to non-
Euclidean graph structures [32]. By leveraging
neighborhood connectivity, GCNs update node
features through information aggregation from
neighboring nodes, effectively modeling com-
plex spatial and semantic relationships. This
capability enables GCNs to capture both local
and global contextual information, which is par-
ticularly useful in processing images with irregu-
lar or non-grid structures [33].

In the context of neural blockade procedures,
GCNs enhance the localization of nerve struc-
tures by modeling spatial dependencies, improv-
ing segmentation accuracy. The fundamental
architecture of a GCNs is shown in Figure 5.

Ye et al. proposed a system that integrates
segmentation and classification for breast can-
cer region of interest (ROI) images [34]. It com-
prises a segmentation module and a GCNs-
based classification module. The segmentation
module produces masks for image patches,
which are merged to form the full ROl mask. The
GCNs module constructs a graph using these
patches, learning spatial and semantic relation-
ships for classification. Extensive experiments
confirmed the system’s effectiveness and supe-
rior performance in breast cancer detection
tasks.
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Table 2. Comparison of GANs, GCNs, and multimodal architectures

Methods Basic Structure Data Type Number of Parameters

GANs Generator and a discriminator Image data High

GCNs Convolutional layers Graph-structured data Variable (Graph-size
dependent)

Multimodal Architectures Combines multiple data modalities Various Variable

Note: GANs, generative adversarial networks; GCNs, graph convolutional networks; Multimodal Architectures,
integrate heterogeneous data types to enhance model robustness.

Multimodal-based architecture

Multimodal medical image segmentation
involves the integration of multiple imaging
modalities to enhance anatomical and patho-
logical interpretation, thereby improving seg-
mentation accuracy [35]. Each modality offers
unique strengths-CT provides high-resolution
bone structure imaging, while MRI yields supe-
rior soft tissue contrast. By fusing such com-
plementary information, multimodal approach-
es can overcome challenges such as low con-
trast, noise, and blurred boundaries, delivering
more robust and reliable segmentation results
[36].

One representative study proposed a multi-
modal segmentation network using the BraTS
dataset to delineate brain tumors into three dis-
tinct regions: the whole tumor, the tumor core,
and the enhancing tumor core [37]. The network
accepts four MRI modalities (T4, Tlc, T2, and
FLAIR) as multi-channel input to construct a
unified feature representation. Following the
hierarchical anatomical structure of brain
tumors, the network decomposes the complex
multi-class segmentation task into sequential
sub-tasks: segmenting the entire tumor, then
the tumor core within the bounding box of the
whole tumor, and finally the enhancing tumor
core. Experimental results demonstrate signifi-
cant improvements in segmentation accuracy.

By leveraging the complementary characteris-
tics of diverse imaging modalities, this multi-
modal segmentation strategy improves the pre-
cision of complex pathological region delinea-
tion. It has shown notable success in applica-
tions involving brain tumors, liver tumors, and
cardiac structures, offering valuable support
for clinical decision-making and treatment plan-
ning. A comparison of GANs-, GCNs-, and mul-
timodal-based architectures is presented in
Table 2.
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Application of DL in neural blockade segmen-
tation

Neural blockade involves interrupting nerve
signal transmission via local anesthetic injec-
tion to induce analgesia or anesthesia [38].
Precise neural blockade relies on accurate
localization of neural structures and injection
sites, which enhances therapeutic efficacy and
minimizes complications [39]. Under ultrasound
guidance, real-time segmentation of neural struc-
tures is essential. Recent advances in DL, par-
ticularly CNNs, have introduced powerful tools
for improving the precision and efficiency of
neural blockade segmentation.

Applications in the upper limb
Brachial plexus block

Brachial plexus block is a regional anesthesia
technique that anesthetizes the upper limb by
blocking the brachial plexus nerve conduction
pathway. It is widely used in upper extremity
surgeries, trauma interventions, and chronic
pain management. The success of this proce-
dure depends heavily on the accurate localiza-
tion of the brachial plexus to ensure effective
anesthetic delivery and avoid complications.

Wang et al. developed BPSegSys, a DL-based
system for brachial plexus segmentation [40]. A
total of 320 ultrasound images of the brachial
plexus from the intermuscular sulcus were col-
lected and manually annotated. A novel loss
function combining hinge loss and cross-entro-
py loss was proposed. The enhanced ATU-Net
was trained on both original and augmented
images, with periodic parameter validation to
retain the model with the highest Intersection
over Union (loU). The results showed that
BPSegSys consistently produced accurate seg-
mentations, with loU scores slightly exceeding
those of expert clinicians. The system enables
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Figure 6. Pyramid edge extraction module. This figure was cited from [43].

segmentation of individual nerve trunks rather
than general nerve block regions, thereby
improving both accuracy and clinical efficiency.

Tian et al. evaluated multiple DL models for
brachial plexus segmentation from ultrasound
images [41]. Using a newly constructed dataset
of 340 images labeled by three clinicians, they
compared 12 models, including FCNs, SegNet,
U-Net, and others. U-Net achieved the highest
segmentation accuracy but was limited to pro-
cessing 15 images per second due to its large
model size. In contrast, LinkNet achieved the
second-best accuracy while processing 142
images per second, indicating a favorable bal-
ance between accuracy and speed for real-time
applications.

Ding et al. proposed MallesNet, a novel network
designed for segmenting multiple anatomical
structures—including nerves, arteries, veins, and
muscles—in ultrasound images [42]. Using the
UBPD dataset (1,055 images), MallesNet incor-
porated a Selective Local Contrast Feature mod-
ule to extract multi-scale contrast features and a
Spatial Attention Gate module to enhance chan-
nel-wise attention. Improved upsampling using
transposed convolution and skip concatenation
refined the final segmentation. MallesNet out-
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performed other methods in delineating neural
and surrounding structures. The Pyramid Edge
Extraction Module is illustrated in Figure 6.

Rayachoti et al. introduced the Ebola U-Net
(EU-Net), a CNN-based model designed to
address the limitations of U-Net in handling
complex datasets [43]. EU-Net enhances fea-
ture extraction using bilateral filtering and a
Pyramid Edge Extraction Module, with the
Epidemic Optimization Algorithm employed for
further refinement. Evaluated on four datasets—
including the brachial plexus-EU-Net achieved
97.33% accuracy, a 1.36 RMSE, and a Dice
coefficient of 94.97%, demonstrating high seg-
mentation performance.

Huang et al. developed a hybrid attention net-
work that employs pseudo-color enhancement
for improved ultrasound segmentation [44]. By
combining a pseudo-color enhancement algo-
rithm with hybrid attention mechanisms, the
model enhances long-range dependency mod-
eling. The Multi-scale Channel Attention decod-
er efficiently utilizes encoder features, result-
ing in improved segmentation of brachial plex-
us, breast lesions, hemangiomas, and vaginal
ultrasound images, as indicated by higher Dice
metrics.
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Zhou et al. proposed LAEDNet, a lightweight
encoder-decoder network for ultrasound seg-
mentation [45]. LAEDNet uses EfficientNet as
the encoder and incorporates Lightweight
Residual Squeeze-and-Excitation modules in
the decoder. Available in three sizes (S, M, L),
the model balances accuracy and computation-
al cost. LAEDNet outperformed U-Net variants
on CT datasets of the brachial plexus, breast,
and fetal head circumference. The medium ver-
sion, LAEDNet-M, achieved Dice scores of
73.0%, 73.8%, and 91.3% respectively, while
maintaining a frame rate of 40.7 FPS, making it
highly suitable for real-time clinical applications.

Median nerve block

The median nerve block is a regional anesthe-
sia technique commonly used for procedures
involving the hand, forearm, and wrist. It pro-
vides analgesia by inhibiting median nerve con-
duction and is widely applied in surgical inter-
ventions, trauma management, and chronic
pain therapy.

Wang et al. proposed a deep similarity learning
model, MNT-DeepSL (Median nerve tracking -
deep similarity learning), for tracking the medi-
an nerve in carpal tunnel ultrasound images to
aid in the diagnosis of carpal tunnel syndrome
[46]. Traditional electrodiagnostic tests are
costly, time-consuming, and lack standard-
ized benchmarks, whereas ultrasound imaging
offers a non-invasive, cost-effective alternative,
with reported sensitivity and specificity of 94%
and 98%, respectively. MNT-DeepSL integrates
input decision rules, image representation, a
difference layer, and ResNet. Across six wrist
movement patterns, the model achieved over
90% tracking accuracy, especially during transi-
tions such as from hook fist to full fist. This
model provides precise localization of the
median nerve in dynamic ultrasound sequenc-
es, enabling efficient and reliable tracking
across various wrist positions, and offering a
promising approach for rapid carpal tunnel syn-
drome screening.
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Shao et al. assessed an improved U2-Net model
for segmenting ultrasound images of the medi-
an nerve [47]. A total of 402 images were used,
including 249 from carpal tunnel syndrome
patients and 153 from healthy volunteers.
Evaluation metrics included the Dice coeffi-
cient, pixel accuracy, and average Hausdorff
distance. The improved U2-Net achieved a Dice
score of 72.85%, mean loU of 79.66%, and pixel
accuracy of 95.92%, significantly outperform-
ing conventional U-Net and Res-U-Net models.
These findings demonstrate the enhanced seg-
mentation performance of the improved U2-Net
and its potential utility for early carpal tunnel
syndrome diagnosis. The architecture based on
the VGG (Visual Geometry Group) 16 network is
illustrated in Figure 7.

Huang et al. developed an enhanced VGG16-
UNet architecture incorporating a contracting
path and an expanding path [48]. The con-
tracting path employs a VGG16 backbone with
the fully connected layers removed, while the
expanding path mirrors the upsampling struc-
ture of U-Net. By integrating attention mecha-
nisms and residual modules, several variants—
A-UNet, S-UNet, and AS-UNet—were proposed
and tested on 910 median nerve images.
Results showed that AS-UNet achieved the best
performance among U-Net-based models, while
VGG16-UNet variants outperformed standard
U-Net. Among these, attention-based architec-
tures consistently outperformed residual-based
ones, with A-VGG16-UNet delivering the highest
accuracy, improving visualization of the median
nerve and reducing the risk of iatrogenic injury
to adjacent vessels and nerves.

Wu et al. evaluated multiple DL models pre-
trained on ImageNet, including DeeplLabV3+,
U-Net, FPN (Feature Pyramid Network), and
Mask R-CNNs (Mask Region-based Convolutional
Neural Networks), for automatic segmentation
of the median nerve in dynamic ultrasound
images [49]. U-Net, DeeplLabV3+, and FPN
were employed for semantic segmentation,
while Mask R-CNNs was used for instance seg-
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mentation. Results indicated that DeeplLabV3+
and Mask R-CNNs provided the best perfor-
mance, with average loU scores approaching
0.83, significantly improving the accuracy of
nerve localization.

Horng et al. proposed a novel convolutional
neural network, DeepNerve, for localizing and
segmenting the median nerve in ultrasound
video sequences [50]. The DeepNerve model
comprises a convolutional layer, pooling layer,
two fully connected layers, and a softmax
layer. By incorporating spatial-temporal con-
sistency techniques with CNNs, the model
effectively reduces false positives caused by
ultrasound image noise. It was evaluated on
ultrasound sequences from 20 patients, each
containing 400-600 frames, using cross-valida-
tion. Segmentation performance was primarily
assessed by Dice coefficient and Hausdorff dis-
tance. Results demonstrated that DeepNerve
outperformed both traditional CNNs and sup-
port vector machine (SVM) methods in nerve
localization and segmentation, achieving supe-
rior accuracy.

Ulnar nerve block

Ulnar nerve block is an effective regional anes-
thesia technique for controlling pain in the hand
and medial forearm. It is particularly suitable for
surgical procedures and pain management in
areas such as the wrist, elbow, and hand, includ-
ing trauma repai.

Smistad et al. investigated the real-time seg-
mentation of blood vessels, nerves, and bones
during regional anesthesia using DL applied to
ultrasound guidance [51]. The primary objective
was to develop a system that assists non-expert
users in interpreting ultrasound images, partic-
ularly for performing nerve blocks, by enabling
real-time anatomical segmentation. The study
collected 108 axillary ultrasound videos from
healthy volunteers and patients, with annota-
tions for the musculocutaneous, median, and
ulnar nerves, and an additional 20 groin ultra-
sound videos for femoral nerve labeling. A
U-Net architecture was applied with 10-fold
cross-validation. For axillary nerve blocks, F1
scores for the musculocutaneous, median, and
ulnar nerves were 0.72, 0.84, and 0.54, respec-
tively. For femoral nerve blocks, the F1 scores
for the femoral nerve, vascular structures, and
bones were 0.79, 0.90, and 0.78, respectively.
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These findings demonstrate the potential of
DL-based segmentation in enhancing the accu-
racy and efficiency of ultrasound-guided region-
al anesthesia, particularly for less experienced
users.

Jimenez et al. proposed a method for automatic
neural structure segmentation in ultrasound
images using Random Under-Sampling (RUS)
and SVM classifiers [52]. First, the ROl was
defined using graph-cut-based techniques. The
Simple Linear Iterative Clusteringalgorithm was
then applied to divide the ROl into superpixels.
Relevant features were extracted using a non-
linear wavelet transform. Finally, classification
was performed using RUS and SVM-based
schemes to label each parameterized “hyper-
pixel”, addressing the class imbalance between
neural and non-neural regions. The dataset
included 38 ultrasound images, with 22 depict-
ing the median nerve and 16 depicting the ulnar
nerve. Four classification approaches were com-
pared: Gaussian Process Classifier, standard
SVM, RUS-free SVM, and Weighted Lagrange
Twin Support Vector Machine. Segmentation per-
formance was assessed using the Dice coeffi-
cient and Geometric Mean. Results showed
that the RUS-SVM method outperformed the
other baselines, effectively identifying neural
structures and providing technical support for
peripheral nerve block applications. A compari-
son of medical image segmentation algorithms
for upper limb nerve blocks is presented in
Table 3.

Application in lower limbs
Lumbar plexus block

The lumbar plexus block is a commonly used
anesthesia technique for lower limb surgeries
and pain management. It involves injecting local
anesthetics to block the lumbar plexus, result-
ing in partial or complete sensory and motor
loss in the lower limb. Ultrasound guidance
enhances the accuracy of this technique by pro-
viding real-time visualization of nerves and sur-
rounding anatomy, thereby reducing the risk of
complications.

Berggreen et al. employed a U-Net architecture
to identify the femoral nerve in high-resolution
ultrasound images, significantly improving visu-
alization accuracy essential for precise nerve
blocks [53]. Built using the TensorFlow frame-
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Table 3. Comparison of medical image segmentation algorithms for upper limb nerve blockade

Nerve Type Author

Model/Method

Core Innovation

Brachial Plexus Wang et al. [40] BPSegSys
Tian et al. [41]
Ding et al. [42] MallesNet

Rayachoti et al. [43] EU-Net

Huang et al. [44] HybridAttNet

Zhou et al. [45] LAEDNet
Median Nerve  Wang et al. [46] MNT-DeepSL

Shao et al. [47] U2-Net+

Huang et al. [48] AS-UNet

Wu et al. [49] Mask R-CNNs

Horng et al. [50] DeepNerve

Smistad et al. [51]

Jimenez et al. [52] RUS-SVM

Multi-model comp.

Real-time U-Net

Hybrid loss (hinge + cross-entropy) driven attention
U-Net

LinkNet balances accuracy (Dice: 0.85) and speed
(142 FPS)

Multi-target segmentation + SLCF module for small
objects

Pyramid Edge Extraction Module edge extraction +
EOA optimization (Dice: 94.97%)

Pseudo-color enhancement + MSCA decoder

EfficientNet encoder + Lightweight Residual
Squeeze-and-Excitation module (40.7 FPS)

ResNet-based tracking (accuracy >90%)
Architecture optimization (Dice: 72.85%)
VGG16-UNet + attention fusion

Pretrained instance segmentation (loU: 0.83)
Spatiotemporal CNNs (Dice: 0.81, HD: 1.2 mm)
Multi-structure segmentation (F1: 0.54-0.84)

Graph-cut + imbalanced classification (Dice coef-
ficient: 0.78)

Note: SLCF, Small Lesion Context Fusion; EOA, Edge Optimization Algorithm; EU-Net, Ebola U-Ne; MSCA, Multi-
Scale Context Attention; CNNs, Convolutional Neural Networks; RUS-SVM, Random Under-Sampling-Support

Vector Machine; HD, Hausdorff Distance.

work, the model utilized the Adam optimizer and
categorical cross-entropy loss. A dataset of
1,410 ultrasound images from 48 patients was
manually annotated by clinical experts. After
350 training epochs and 10-fold cross-valida-
tion, the model achieved an loU score of 74%,
indicating strong performance. The study also
examined the influence of demographic vari-
ables such as height, weight, age, and BMI
through t-tests and chi-square analysis. Results
confirmed that DL-based semantic segmenta-
tion using U-Net can accurately segment the
femoral nerve even with limited training data.

Similarly, Huang et al. applied a U-Net model to
a dataset of 562 ultrasound images [54]. The
training, validation, and test sets achieved loU
scores of 0.713, 0.633, and 0.638, respective-
ly. The model attained an overall accuracy of
88.4%, demonstrating satisfactory performance
and potential for clinical adoption.

Hong et al. explored image reconstruction, pro-
cessing, and analysis using data-driven and Al
techniques [55]. Focusing on knee ligament
reconstruction and femoral arteriography, they
proposed a constrained data exploration meth-
od combined with an iterative algorithm to
reconstruct high-resolution images from low-
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frequency K-space data. Simulated experi-
ments using enhanced images of knee liga-
ments and femoral nerve arteriography sup-
ported the approach. A multi-input segmenta-
tion network was designed to leverage the spa-
tial continuity of knee ligaments and femoral
nerves. The multi-supervision output yielded
excellent segmentation results, providing clini-
cally valuable information for pain management.

Smistad et al. developed a novel algorithm in
2016 for real-time automatic detection of the
femoral artery [56]. Figure 8 shows a seg-
mented and visualized ultrasound image of the
femoral artery using the FAST (Framework for
Heterogeneous Medical Image Computing and
Visualization) framework. The algorithm mod-
els the artery as an ellipse and assigns an
ellipse score to each pixel. The best-scoring
ellipse is selected as the arterial candidate, and
a Kalman filter is applied for robust tracking
under noisy and dynamic conditions. The algo-
rithm also includes anatomical registration to
align real-time ultrasound images with known
anatomical structures, improving visualization
accuracy.

Building on this, a subsequent study intro-
duced a real-time automatic segmentation and
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Figure 8. Example of an ultrasound femoral image segmented and
visualized in real-time with FAST. This figure was cited from [57].

probe guidance system for ultrasound-guided
femoral nerve blocks [57]. Utilizing modern
GPUs (Graphics Processing Units) and the FAST
framework, the system segments the femoral
artery, femoral nerve, and fascial layers (fascia
lata and fascia iliaca) in real time. Segmentation
accuracy improved significantly, with positional
errors between 1 and 3 mm and an average
deviation of 8.5 mm from expert annotations.
The system also featured transparent probe
visualization and dynamic indicator updates,
helping clinicians intuitively interpret ultrasound
images. The study concluded that such comput-
er-assisted tools are clinically feasible and may
enhance success rates in femoral nerve blocks.

Accurate segmentation of the lumbosacral plex-
us is crucial for diagnosing and analyzing nerve
injuries. While many DL models for spinal seg-
mentation exist, they mainly focus on vertebrae
and intervertebral discs rather than neural
structures. Zhao et al. addressed this by pro-
posing RA2-Net, a Residual Attention Network
designed specifically for lumbosacral plexus
segmentation [58]. RA2-Net consists of three
key components: (1) an atrous encoder module
that extracts multi-scale contextual features
from MRI; (2) residual skip connections that
merge high-resolution encoder features with
high-level decoder outputs; and (3) a scale
attention block that fuses multi-scale features
in the decoder. Evaluated on spinal MR images
from 10 patients, RA2-Net outperformed sev-
eral state-of-the-art methods in segmenting the
lumbosacral plexus.

Sciatic nerve block

The sciatic nerve block is commonly used in
foot, ankle, and knee surgeries. To achieve
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complete anesthesia of the lower
extremity, it is often combined with
a femoral nerve block. This com-
bined approach provides compre-
hensive coverage of the lower limb’s
sensory regions, making it suitable
for extensive procedures involving
the thigh, knee, and areas below.

Jimenez-Castano et al. proposed
a method using Random Fourier
Features (RFF) to enhance ultra-
sound image segmentation of periph-
eral nerves via DL [59]. This method
improved three semantic segmenta-
tion architectures—FCNs, U-Net, and
ResUnet—by integrating RFF, result-
ing in RFF-FCNs, RFF-U-Net, and RFF-ResUnet.
Two ultrasound datasets, Nerve UTP and NSD,
were used, including images of the sciatic,
ulnar, median, and femoral nerves. Results
showed that RFF integration improved general-
ization in nerve segmentation. On the Nerve
UTP dataset, RFF-FCNs and RFF-U-Net improved
segmentation accuracy in most cases, although
ResUnet and RFF-ResUnet experienced over-
fitting. On the NSD dataset, RFF-U-Net yielded
the best segmentation results. This approach
demonstrates strong potential for enhancing
peripheral nerve segmentation while maintain-
ing interpretability.

Diaz-Vargas et al. developed a variant of the
U-Net, termed Conditional U-Net (C-U-Net), for
improved automatic segmentation of peripheral
nerves in ultrasound images [60]. By introduc-
ing a conditional input at the network’s bottle-
neck to specify the target nerve type, the model
learns structure-specific features, enhancing
segmentation accuracy. Trained on a dataset
comprising images of the sciatic, ulnar, median,
and femoral nerves, C-U-Net outperformed the
conventional U-Net. On 372 validation images,
it achieved an average Dice coefficient of 0.70,
accuracy of 0.73, sensitivity of 0.71, and an
AUC of 0.85. These findings suggest that incor-
porating target-specific information significantly
enhances model performance in multi-nerve
ultrasound segmentation.

Sugino et al. investigated optimal scaling of net-
work architectures and input image sizes for
ultrasound-guided nerve block detection using
CNNs [61]. The study focused on pixel-level
labeling via deep CNNs, comparing an encod-
er-decoder model based on U-Net with a two-
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stage model based on Mask R-CNNs. Both
models performed well in nerve segmentation
tasks. Two datasets were employed to examine
the impact of model size and input resolution
on performance. The public dataset contained
600 ultrasound images of the sciatic, ulnar,
femoral, and median nerves. Results showed
that smaller input sizes combined with larger
network models significantly enhanced detec-
tion accuracy. A key finding was that optimized
configurations not only improved precision but
also enabled real-time processing, highlighting
potential for clinical implementation in nerve
localization during regional anesthesia.

Popliteal nerve block

The popliteal nerve block targets the sciatic
nerve in the lower limb to provide anesthesia
and analgesia below the knee. It is commonly
applied in procedures involving the foot, ankle,
and Achilles tendon.

Kawanishi et al. aimed to develop a DL algo-
rithm to assess tibial nerve tension across dif-
ferent ankle positions [62]. The study used 204
ultrasound images from 68 healthy volunteers,
covering maximum dorsiflexion and plantarflex-
ion angles at -10° and -20°. The tibial nerve
was manually segmented and subsequently
classified using U-Net and a CNNs. Manual seg-
mentation achieved an average maximum accu-
racy of 0.92, while the fully automated classifi-
cation reached an accuracy of over 0.77, dem-
onstrating feasibility in assessing nerve ten-
sion at varying ankle angles. The study noted
the clinical potential of ultrasound imaging for
screening but acknowledged limitations such
as small sample size and variability in ultra-
sound device performance.

Kolluru et al. developed NerveTracker, a Python-
based tool for visualizing and tracking peripher-
al nerve fibers using tandem block-face micros-
copy [63]. This approach integrates 3D micro-
scopic imaging with UV surface excitation for
high-resolution nerve imaging. A 2D U-Net-
based segmentation model was designed for
multi-class segmentation of 3D-MUSE image
stacks, specifically targeting fascicles and epi-
neurium. Pretrained weights from the ImageNet
database were used to initialize the network,
improving segmentation accuracy. Selective
annotation (one out of every 100 slices) was
applied during training, after which the model
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could automatically segment entire image
stacks. The method demonstrated high accura-
¢y in trajectory mapping for vagus and tibial
nerves, with Dice similarity coefficients exceed-
ing 0.75, and robustness across varying image
characteristics.

A comparison of medical image segmentation
algorithms for lower limb nerve blockade is pre-
sented in Table 4.

Discussion

The integration of DL with ultrasound imaging
marks a significant advancement in the field of
regional anesthesia, offering considerable poten-
tial to improve the accuracy and efficiency of
peripheral nerve blockade. As demonstrated in
numerous studies reviewed herein, DL algo-
rithms—particularly those based on convolution-
al neural networks such as U-Net and its vari-
ants—have shown impressive capabilities in
automatically segmenting peripheral nerves in
complex ultrasound images. Clinically, this prom-
ises to reduce operator dependency, improve
procedural consistency, enhance patient safety
by minimizing the risk of inadvertent punctures,
and streamline workflows by automating a previ-
ously time-intensive interpretation step.

However, realizing the full clinical potential of
this technology involves challenges beyond
achieving high segmentation accuracy in con-
trolled environments. A major limitation is the
robustness and generalizability of current DL
models. Ultrasound image quality and charac-
teristics can vary significantly due to factors
such as machine vendors, imaging settings,
operator skill, and patient-specific anatomy. As
a result, models trained on curated datasets
often struggle to maintain performance in
diverse real-world scenarios. This variability cur-
rently limits the feasibility of a universal model
applicable across all nerve types and clinical
contexts. In the near term, developing special-
ized or adaptive models may offer a more prac-
tical solution.

Beyond technical and data-related constraints,
significant challenges exist at the clinical
translation interface. The implementation of
Al-assisted guidance systems requires rigorous
validation to meet regulatory standards. This
includes demonstrating not only accuracy, but
also safety, reliability, and clinical utility across
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Table 4. Comparison of medical image segmentation algorithms for lower limb nerve blockade

Nerve Type Author Model/Method Core Innovation
Lumbar Plexus Berggreen et al. [53] U-Net High-precision femoral nerve segmentation
(loU: 74%) with demographic analysis
Huang et al. [54] U-Net Multi-stage dataset validation (train/test

Hong et al. [55]
Smistad et al. [56]
Smistad* et al. [57]
Zhao et al. [58]

RA2-Net

Sciatic Nerve
C-UNet

Diaz-Vargas et al. [60]
Sugino et al. [61]

Popliteal Nerve Kawanishi et al. [62]

Kolluru et al. [63]

Data-driven + Al

Elliptical scoring

Multi-scale CNNs

U-Net + CNNs

NerveTracker

loU: 0.713/0.638)

Iterative reconstruction + multi-layer input
segmentation network

Femoral artery modeling + Kalman filter-
based dynamic tracking

GPU real-time system Multi-structure segmentation (error: 1-3

mm) with probe guidance

Residual-attention network + multi-scale
fusion (lumbosacral MRI)

Jimenez-Castano et al. [59] RFF-enhanced models RFF for FCNs/U-Net/ResUnet generalization

Conditional U-Net with nerve-type input
(Dice: 0.70)

Image/model scaling optimization + real-
time validation

Tibial nerve tension analysis (accuracy:
0.77+) across ankle positions

3D microscopy + 2D U-Net (Dice >0.75) for
nerve fascicle/epineurium segmentation

Note: RA2-Net, Residual Attention Adaptive Network; RFF, Random Fourier Features; C-Unet, Conditional U-Net;
FCNs, Fully Convolutional Networks; MRI, Magnetic Resonance Imaging; CNNs, Convolutional Neural Networks;

3D, Three-Dimensional.

varied populations and healthcare settings—
often necessitating large-scale, prospective
clinical trials. Equally important is clinician trust
and seamless integration into existing work-
flows. For Al to be adopted widely, it must offer
user-friendly interfaces, transparent decision-
making processes, and tangible benefits with-
out disrupting established clinical practices or
contributing to skill degradation. Integration
with existing ultrasound systems and hospital
information infrastructures is also essential but
often underestimated.

Moreover, ethical considerations must guide
the development and deployment of these tech-
nologies. Ensuring patient data privacy and
security throughout the Al lifecycle is non-
negotiable. Responsible innovation in this field
demands early and ongoing engagement with
ethical principles, particularly when handling
sensitive health information or making clinical
recommendations.

Looking forward, several research priorities
must be addressed to overcome these barriers.
There is a need for models that are more robust
to image variability and require less annotated
data, potentially through techniques such as
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domain generalization, federated learning, or
self-supervised learning. Developing lightweight,
computationally efficient models that support
real-time inference on portable ultrasound
devices or edge hardware will be critical to
enhancing accessibility. Additionally, the explo-
ration of multimodal approaches could provide
richer anatomical context, particularly in com-
plex anatomical scenarios [64]. Ultimately, the
field may evolve toward personalized guidance
systems that adapt to individual patient anato-
my and predicted clinical outcomes, advancing
the vision of precision medicine in regional
anesthesia.

Conclusion

The application of DL in ultrasound-guided
peripheral nerve block identification is trans-
forming the field of anesthesiology. This review
comprehensively summarizes recent progress
in the use of ultrasound and medical image seg-
mentation techniques for nerve block applica-
tions in the extremities. It begins by categoriz-
ing and introducing mainstream segmentation
algorithms, followed by detailed examples of
their application in clinical scenarios. Finally,
the review analyzes the advantages and limita-
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tions of these technologies and discusses future
directions for the development of Al-assisted
ultrasound-guided nerve block systems.
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