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Highlights

Introduction

The brachial plexus is a complex network of 
nerves originating from the anterior rami of cer-
vical and upper thoracic spinal nerves, respon-

sible for the motor and sensory functions of 
the upper limbs [1]. Injuries to the brachial plex-
us may result in sensory deficits, neuropathic 
pain, or even paralysis, significantly diminishing 
patients’ quality of life [2, 3]. Traditional treat-
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● This study compares deep learning methods for brachial plexus ultrasound segmentation, demonstrating im-
proved segmentation efficiency and reduced learning difficulty, which may enhance perioperative regional anes-
thesia planning and safety.

● U-Net is favored for brachial plexus segmentation due to its enhanced ability to capture contextual features 
through increased channel utilization.

● Available public brachial plexus datasets are summarized, offering valuable resources for future research and 
perioperative ultrasound applications.

Abstract

Ultrasound-guided nerve block is a safe and effective regional anesthesia technique; however, accurate identi-
fication of the brachial plexus remains challenging due to its small size and low contrast in ultrasound images. 
Recent advances in deep learning offer promising solutions to enhance brachial plexus segmentation and improve 
perioperative regional anesthesia precision and safety. This review systematically summarizes current deep learn-
ing approaches applied to ultrasound-based brachial plexus segmentation. We highlight key models, including 
Convolutional Neural Networks, the U-shaped Convolutional Neural Networks and their variants, Mask Region-
Based Convolutional Neural Networks, and Generative Adversarial Network-based architectures, and compare 
their reported performances, with Dice Similarity Coefficients ranging from 0.5865 to 0.882 and Intersection 
over Union values up to 0.6957. Among them, U-Net remains the most frequently employed due to its balance of 
accuracy and computational efficiency. Moreover, novel models such as multi-objective brachial plexus segmenta-
tion network and BPMSegNet have demonstrated superior segmentation performance by incorporating attention 
mechanisms and spatial contrast features. Notwithstanding these advancements, challenges persist, particularly 
limited dataset availability and insufficient model generalization. This review provides a comprehensive overview 
of recent progress, evaluates comparative performance metrics, and outlines future directions to improve model 
robustness and clinical applicability and clinical applicability in the perioperative setting.
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ment approaches, including pharmacologic 
analgesia, physiotherapy, and surgical nerve 
repair, are limited by challenges such as impre-
cise localization, slow recovery, and significant 
side effects [3, 4].

Ultrasound-guided brachial plexus block has 
gained popularity due to its safety, real-time 
imaging capabilities, and radiation-free opera-
tion [5, 6]. Compared with CT or MRI, ultrasound 
is particularly suitable for bedside procedures 
and repeated interventions, making it a pre-
ferred choice in perioperative regional anesthe-
sia and pain management [7]. However, clinical 
success relies heavily on operator expertise 
and precise identification of the low-contrast, 
small-diameter brachial plexus structures with-
in noisy ultrasound images [8, 9].

In recent years, deep learning, a subfield of 
artificial intelligence, has revolutionized medi-
cal image analysis. Unlike traditional machine 
learning methods based on hand-crafted fea-
tures, deep learning leverages multilayer neu-
ral networks to automatically learns hierarchi-
cal representations from raw data [10]. Notably, 
Convolutional Neural Networks (CNNs) have 
demonstrated superior performance in extract-
ing spatial features and patterns in medical 
images. Architectures such as U-shaped 
Convolutional Neural Networks (U-Net) and 
Residual Networks (ResNet) have been widely 
used for tasks such as organ segmentation, 
tumor detection, and nerve identification [10, 
11]. In ultrasound brachial plexus imaging, 
improved deep learning models have achieved 
encouraging outcomes; for instance, U-Net vari-
ants have reported Dice coefficients up to 
0.658, while modified SegNet models have 
achieved 96% segmentation accuracy [11, 12].

Despite these advances, challenges persist, 
including ultrasound image artifacts, anatomi-
cal variability, and the scarcity of publicly avail-
able datasets. Therefore, a systematic review 
of current deep learning approaches is essen-
tial to guide future developments.

This paper provides a comprehensive review 
of deep learning applications in brachial plex-
us segmentation from ultrasound images. We 
summarize commonly used public datasets, 
evaluate representative deep learning architec-
tures, and compare model performance using 
metrics such as Dice coefficient and Intersection 

over Union (IoU). In addition, current challenges 
and future directions are discussed. This work 
aims to provide researchers and clinicians with 
an informed perspective on the potential and 
constraints of AI-assisted nerve segmentation. 
In particular, accurate and automated brachial 
plexus segmentation can enhance periopera-
tive ultrasound-guided nerve block precision, 
reduce block failure rates, minimize complica-
tions, shorten procedural times, and ultimately 
improve patient safety and outcomes in upper 
limb surgeries.

Data and preprocessing

Dataset

High-quality datasets are fundamental for 
training deep learning models, as they directly 
determine model accuracy and generalizability. 
When selecting datasets, not only the size and 
volume of data but also its diversity and qual-
ity should be considered. However, in medical 
image processing, many datasets remain inac-
cessible due to patient privacy concerns, which 
limits the availability of high-quality training 
data. Fortunately, some researchers and aca-
demic competitions have released publicly avail-
able datasets. For example, the Ultrasound 
Nerve Segmentation competition held in mid-
2016 focused on identifying brachial plexus 
nerve structures [13]. Table 1 summarizes the 
currently available public ultrasound datasets 
containing brachial plexus images. 

Dataset preprocessing

Although large-scale image datasets can yield 
satisfactory results in model training, such ideal 
conditions are rarely achievable in practice. 
This limitation can be improved through image 
preprocessing, which effectively enhances the 
accuracy and performance of deep learning 
models [16]. Common preprocessing steps 
include denoising, normalization, and image 
registration, all of which reduce noise and 
ensure data consistency [17]. For example, Ly 
et al. applied image rotation to increase sample 
size and enhance model generalization, while 
Wang et al. employed random cropping and 
scaling, which were shown to be critical for suc-
cessful model training [18, 19]. Table 2 sum-
marizes the preprocessing methods reported 
in the literature.
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Overview of deep learning

The typical workflow for deep learning–based 
brachial plexus segmentation comprises five 
stages: (1) dataset preparation, involving the 
collection and annotation of brachial plexus 
ultrasound images; (2) image preprocessing, 
including denoising, normalization, augmenta-
tion, and cropping; (3) model selection and 
training, in which architectures such as CNN 
and U-Net are applied to extract and learn 
image features; (4) segmentation inference, in 
which the trained model is used to segment 
new images; and (5) performance evaluation, 
assessing model effectiveness using estab-
lished metrics. This workflow is illustrated in 
Figure 1, which outlines the end-to-end process 
from data acquisition to model evaluation. It 
enables automated and accurate identification 
of brachial plexus structures, supporting clini-
cal applications such as ultrasound-guided 
nerve blocks.

CNNs

CNNs are deep learning models particularly 
effective for image analysis and have been 
widely applied across various fields. Their core 
principle lies in hierarchical feature abstraction, 
progressively extracting feature from low-level 
texture to high-level semantics representations 
[21]. The workflow is shown in Figure 2.

First, the convolution layer applies filters to the 
input image to generate feature maps through 
convolution operations, with different convolu-

the pooling layer down-samples the feature 
maps to reduce data dimensionality and calcu-
lational cost. Finally, the fully connected layer 
integrates all the features from previous layers 
and produces the final output through linear 
transformation and activation. 

The advantage of CNN is that it can automati-
cally learn image features, offering greater effi-
ciency than traditional manual feature extrac-
tion. Parameter sharing of convolution kernel 
at different positions reduces the number of 
model parameters and improves training effi-
ciency. In addition, through convolution and 
pooling operations, CNN confers certain trans-
lation, rotation, and scale invariance, contribut-
ing to their robustness. These characteristics 
have led to remarkable success in tasks such 
as image classification, target detection, and 
medical image segmentation.

Classic architectures such as LeNet and 
GoogLeNet are foundational CNN models, and 
many modern networks build upon these 
designs [23, 24]. CNN can also be integrated 
with other models to enhance accuracy. For 
instance, Boxtel JV et al. employed CNN as a 
classifier to identify brachial plexus regions in 
neck ultrasound images, followed by U-Net for 
segmentation, achieving superior performance 
compared with the original segmentation model 
[25].

Mask region-based CNN (R-CNN)

Mask R-CNN is a deep learning model for 
instance segmentation, achieving pixel-level 

Table 1. Medical image dataset

Datasets Image 
types Position Sample 

size Data collection methods Annotation quality

Ultrasound nerve 
segmentation

Ultrasonic Brachial plexus 16780 Details not provided Expert-trained  
annotators 

Brachial-plexus- 
segmentation

Ultrasonic Supraclavicular 
region

500 Two hospitals not  
mentioned

Expert-labeled,  
double-checked

UBPD [14] Ultrasonic Brachial plexus 1052 SIEMENS ACUSON NX3 
Elite and Philips EPIQ5

Professional  
anesthesiologists

FLUID-sensitive  
dataset [15]

MRI Brachial plexus 274 Standard MRI protocols Radiologist

Table 2. Preprocessing methods

Reference Datasets Preprocessing methods
Wang et al. [19] Kaggle Random rotation/scaling/shear
Wang et al. [20] Kaggle Median filtering
Ding et al. [14] UBPD Bilinear interpolation

tion layers capturing different feature 
levels. The resulting outputs are pro-
cessed by an activation function, 
most commonly the Rectified Linear 
Unit, which introduces nonlinearity 
and enables the network to learn 
more complex patterns [22]. Then, 
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Figure 1. General workflow of deep learning.

Figure 2. Schematic diagram of convolutional neural network.

accuracy by simultaneously identifying and seg-
menting individual objects in an image [26]. It 
extends Faster R-CNN by introducing an addi-
tional branch for object mask prediction, there-
by enabling instance segmentation alongside 
target detection. Figure 3 shows the network 
structure of Mask R-CNN.

The Mask R-CNN workflow starts with an input 
image, from which a CNN backbone extracts 
multi-level feature maps. Then, the Feature 
Pyramid Network processes these feature 
maps to construct a multi-scale feature pyra-
mid, allowing the model to detect objects at 
different scales [27]. Next, a Region Proposal 
Network generates candidate Regions of 

Interest that are likely to contain objects [28]. 
To improve localization accuracy, Mask R-CNN 
incorporates feature alignment techniques for 
these Regions of Interest. 

For segmentation, Mask R-CNN employs an 
additional mask branch to predict a binary 
mask for each Regions of Interest after classifi-
cation and regression. This mask delineates the 
exact pixels corresponding to the target object. 
Model training is guided by a multi-task loss 
function that integrates classification loss, 
bounding box regression loss, and mask loss, 
thereby enabling joint optimization of detection 
and segmentation. Due to its excellent perfor-
mance, Mask R-CNN has been widely used in 
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autonomous driving, medical image analysis, 
video surveillance and other fields, providing 
accurate and efficient solutions for object rec-
ognition and segmentation.

Ding et al. developed a multi-objective brachial 
plexus segmentation network (MallesNet), 
derived from the Mask R-CNN framework, which 
achieved higher segmentation accuracy than 
U-Net and its variants [14]. MallesNet extends 
Mask R-CNN by enabling simultaneous recog-
nition and segmentation of multiple targets. 
Notably, it introduces two novel modules: the 
Spatial Local Contrast Feature extraction mod-
ule, which calculates multi-scale contrast fea-
tures to effectively improve small-target recog-
nition, and the Self-Attention Gate, which cap-
tures spatial relationships across channels and 
re-weights feature maps by integrating non-
local operations with channel attention. In addi-
tion, the up-sampling mechanism of the original 
Feature Pyramid Network is improved by fine-
tuning the feature map using transposed convo-
lution and skip cascade.

U-Net

U-Net, proposed by Ronneberger et al. at the 
International Biomedical Imaging Challenge in 
2015, has become one of the most widely used 
architectures for medical image segmentation 
[29]. Its name derives from the characteristic 
U-shaped structure of the network. Compared 
with traditional convolutional neural network, 
U-Net is particularly effective in delineating 
image boundaries and preserving fine details, 
thereby improving segmentation accuracy [30]. 
The two most important components of U-Net 
include the U-shaped encoder–decoder struc-
ture and the skip connection layers.

As shown in Figure 4, the encoder uses two 
consecutive convolutions to extract features 
and uses a 2×2 max-pooling layer to reduce 
the image resolution while retaining contex-
tual information. The decoder symmetrically 
restores the image resolution through trans-
posed convolution (3×3 kernels) and upsam-
pling layers, while integrating encoder features 
to preserve spatial details.

The skip connection layers directly transfer fea-
ture maps from each encoder level to the cor-
responding decoder level. This design fuses 
multi-scale encoder features with correspond-
ing decoder features, facilitating the recovery of 
fine-grained information during reconstruction.

Several improvements to U-Net have been pro-
posed. For instance, Wang et al. enhanced the 
standard U-Net by incorporating a Recurrent 
Neural Network (RNN) module into the skip con-
nections to strengthen contextual relevance 
[19]. Additionally, they introduced an auxiliary 
loss to improve the accuracy of the model. 
Their modified model achieved a DICE coeffi-
cient improvement of 0.08 compared with the 
original U-Net model.

ResNet

ResNet is a deep neural network architecture 
proposed by He et al. in 2015, mainly designed 
for image recognition and computer vision 
tasks [31]. In traditional deep neural networks, 
increasing the number of convolutional and 
pooling layers was assumed to improve model 
learning performance. However, this often leads 
to gradient vanishing or gradient exploding, 
where gradients become too small or too large, 
thereby hindering effective training [32]. The 

Figure 3. The fundamental architecture of R-CNNs.
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median filtering to reduce speckle noise and 
then incorporated Dense Convolution and 
Residual Multi-kernel Pooling modules into the 
ResU-Net architecture. These modifications 
reduced spatial information loss and improved 
the robustness of segmentation at different 
scales, thereby improving segmentation accu-
racy. The improved model achieved a Dice coef-
ficient of 0.649, representing an increase of 
0.083 compared with the baseline ResU-Net.

Scoring criteria

In image segmentation tasks, model evaluation 
is essential for assessing how accurately the 
predicted region matches the ground truth. 
Since a single metric may not comprehensively 
capture model performance, multiple evalua-
tion criteria are often applied in combination. 
Commonly used indicators include IoU or Dice 
coefficient.

Accuracy

Accuracy is defined as the ratio of true positives 
(TP) and true negatives (TN) to the total number 
of samples, as shown in Table 3 [34].

Accuracy
TP FN FP TN

TP TN=
+ + +

+

Figure 4. The fundamental architecture of U-Net. This figure was cited from [29].

Figure 5. The fundamental architecture of ResNet. 
ResNet, Residual Neural Network.

core innovation of ResNet is the concept of 
residual learning, which solves these issues. 
Instead of directly mapping input to output, 
each layer learns the residual—the difference 
between the input and output. As shown in 
Figure 5, this design facilitates more efficient 
training and enables construction of much 
deeper networks capable of capturing complex 
features.

Wang et al. applied a ResU-Net variant for bra-
chial plexus segmentation [20]. They first used 
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noise, low contrast, and complex background of 
ultrasound images, simple models often limit 
the accuracy of simple models.

To improve the accuracy of recognition and 
segmentation, researchers have tried to inte-
grate specially designed modules or sub-net-
works into standard architectures. These mod-
ules enhance the capture of global and local 
context information, enabling the models to 
better interpret pixel-level relationships and 
thereby improve segmentation performance in 
complex imaging scenarios.

In addition, although these modifications 
increase the computational cost, they enhance 
the model’s ability to manage uncertainty and 
fuzzy boundaries in ultrasound images. In gen-
eral, inserting modules or subnetworks repre-
sents a key strategy for improving segmenta-
tion accuracy in brachial plexus ultrasound and 
has broad application prospects.

Existing architectures for brachial plexus seg-
mentation

This section classifies and analyzes represen-
tative deep learning architectures for brachial 
plexus segmentation, as summarized in Table 
4.

Pisda et al. evaluated several architectures, 
including fully convolutional networks, ResNet- 
34, and LinkNet [37-39]. Among these, LinkNet 
demonstrated the fastest training speed and 
most effective transfer learning performance 
on ultrasound images, with an accuracy of up to 
0.8966.

Hafiane et al. briefly compared deep learning 
and machine learning in medical image recog-
nition in 2017 [40]. They designed a 3-layer 
CNN (3×3 convolutions, Rectified Linear Unit 
activation, and max-pooling) that integrated 
spatial and temporal information. Their results 
showed that CNNs outperformed support vec-
tor machines, with an accuracy of 0.89 [41]. 
The researchers emphasized that richer data 

This measure is simple and intuitive. However, 
it can be misleading when the sample catego-
ries are unbalanced, as it may overestimate 
performance when one class dominates the 
dataset.

IoU

IoU evaluates the overlap between the predict-
ed segmentation and the ground truth by calcu-
lating the ratio of their intersection to their 
union [35].

IoU
FP FN TP

TP=
+ +

IoU values range from 0 to 1, with values clos-
er to 1 indicating higher similarity between pre-
diction and ground truth. It provides an overall 
evaluation of segmentation accuracy across 
category. 

Dice coefficient

The Dice coefficient serves as a pivotal metric 
for evaluating segmentation performance [36]. 
The goal of image segmentation is to divide an 
image into regions with similar features, which 
is usually used to identify and extract specific 
objects or regions in an image.

2
DICE

A B
A B

=
+
k

Among them, A is the predicted value, and B is 
the true value. It compares the degree of over-
lap between the predicted area and the true 
labeled area. The Dice coefficient ranges from 0 
to 1, with higher values indicating better seg-
mentation accuracy. A Dice score of 1 denotes 
complete overlap, while 0 indicates no overlap 
at all.

Chapter summary

In recent years, a variety of deep learning mod-
els have been applied to the recognition and 
segmentation of brachial plexus structures in 

Table 3. Confusion matrix [33]

Actual category
Predicted category
Positive Negative 

Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

ultrasound images. Beyond conven-
tional CNNs, models such as U-Net, 
ResNet, and more advanced archi-
tectures have demonstrated the abil-
ity to automatically extract image 
features and achieve accurate nerve 
segmentation. However, the inherent 
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further enhance the applicability of CNNs in 
medical imaging.

Xi et al. trained a U-Net-based segmentation 
model using patient ultrasound images from 
Beijing Jishuitan Hospital to identify brachial 
plexus structures [42]. Manual annotations 
from experienced anesthesiologists served as 
the clinical gold standard for comparison. The 
model achieved a Dice coefficient of 0.748 and 
an IoU of 0.630, indicating strong overlap with 
expert-labeled regions. These results demon-
strate the clinical potential of deep learning 
models in accurately and automatically identi-
fying brachial plexus nerves.

Ding et al. enhanced Mask R-CNN by introduc-
ing a Spatial Local Contrast Feature module 
and a Self-Attention Gate to capture multi-
channel spatial relationships, and named the 
improved model MallesNet [14]. This model 
was applied not only to brachial plexus segmen-

tation but also to the segmentation of surround-
ing peripheral structures such as veins, arter-
ies, and muscles. Studies have found that lever-
aging these uncovered structures around the 
brachial plexus can facilitate the identification 
of brachial plexus nerves [43]. MallesNet 
achieved good segmentation performance on 
the UBPD dataset.

Tian et al. conducted a comparative study on 
various models for brachial plexus trunk seg-
mentation in ultrasound images [44]. Using a 
dataset of 340 brachial plexus ultrasound 
images annotated by three experienced clini-
cians as the gold standard for model compari-
son, they evaluated 12 deep learning models 
and found that U-Net achieved the best seg-
mentation accuracy with an IoU of 0.6850. 
Although U-Net contained only 7.76 million 
parameters, its processing speed was limited 
to 15 images per second. By contrast, LinkNet 
ranked second with an IoU of 0.6627 but 

Table 4. Performance evaluations of models for brachial plexus segmentation

Model Reference (Year) Database (Size) Hardware/Software Accuracy Dice IoU
FCN Pisda et al. (2022) Kaggle (9970) NVIDIA GPU + Keras 0.8284 / 0.4800
LinkNet Kuldeep et al. 

(2022)
Kaggle (9970) NVIDIA GPU + Keras 0.8966 / 0.5200

CNN + spatial 
information

Hafiane et al. 
(2017)

Medipole Garonne 
Hospital (5000)

Not specified 0.8900 / /

CNN + U-Net Xi et al. (2024) Beijing Jishuitan 
Hospital (502)

Not specified / 0.7480 0.6300

MallesNet Ding et al. (2022) UBPD (1052) NVIDIA GTX 1080Ti + 
TensorFlow

/ 0.8460 /

U-Net Kaggle (2016) Kaggle (16780) Not specified / 0.5865 /
U-Net Tian et al. (2022) Ningbo Sixth Hos-

pital (340)
NVIDIA GTX 1050ti/NVIDIA 
RTX 3090 + PyTorch

/ 0.6850 /

QU-Net Long et al. (2018) Collected by them-
selves (11144)

NVIDIA GTX 1070 + 
PyTorch

0.6500 / /

U-Net +  
EfficientNet

Kong et al. (2021) Kaggle (5635) NVIDIA GTX 1080 + 
PyTorch

/ 0.7347 0.6957

U-Net + RNN Wang et al. (2021) Kaggle (5635) Not specified / 0.6490 /
M-Net Abraaham et al. 

(2019)
Kaggle (5635) NVIDIA GTX 1070 + Keras / 0.8820 /

ResU-Net Wang et al. (2019) Kaggle (5633) NVIDIA GTX 1080 + Keras / 0.7093 /
YOLOv4 Sugino et al. 

(2024)
Collected by them-
selves (1612)

NVIDIA A100 + PyTorch 0.8150 / /

BPMSegNet Ding et al. (2020) UBPD (1055) NVIDIA GTX 1080Ti + 
TensorFlow

/ / /

CNN+GAN Liu et al. (2018) Collected by them-
selves (5800)

Not specified / / 0.7320

Note: IoU, Intersection over Union; FCN, Fully Convolutional Network; CNN, Convolutional Neural Network; U-Net, 
U-shaped Network; RNN, Recurrent Neural Network; ResU-Net, Residual U-Net; GAN, Generative Adversarial 
Network; BPMSegNet, Brachial Plexus Multi-task Segmentation Network.
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offered higher processing efficiency, suggest-
ing greater potential for real-time brachial plex-
us segmentation in the future.

Long et al. believed that the standard U-Net 
focuses primarily on pixel-level classification, 
which is insufficient to handle the high noise 
inherent in brachial plexus ultrasound images 
[45]. To address this limitation, they proposed 
QU-Net, incorporating a new loss function that 
compares pixel-level similarity between predict-
ed and target crops. However, due to the rela-
tively small training dataset, the accuracy rate 
was only 0.65.

Similarly, Kong et al. addressed the problem of 
blurred edges in brachial plexus images, which 
often leads to reduced segmentation accuracy 
[46]. They modified the U-Net model by incorpo-
rating dilated convolutions into the skip connec-
tions, thereby reducing noise and mitigating the 
imbalance between positive and negative sam-
ples. This approach achieved a Dice coefficient 
of 0.7347 and an IoU of 0.6957.

Wang et al. used U-Net as the basic architecture 
and enhanced it with a RNN module, effectively 
improving contextual feature extraction [19]. An 
auxiliary loss function was added to determine 
the presence or absence of brachial plexus 
nerves in the image, further improving model 
accuracy. Their findings indicated that U-Net 
model is efficient for capturing both global 
and local information, supporting its clinical 
applicability.

Abraham et al. tested their approach using 
Kaggle ultrasound dataset [47]. Differs from 
U-Net, their M-Net architecture has 5 convolu-
tional layers in the encoder and utilizes aver-
age pooling rather than maximum pooling to 
reduce feature map resolution. Furthermore, 
they incorporated multi-scale decomposition, 
which separates signals into different frequen-
cy components: noise is primarily concentrated 
in small-scale (high-frequency) components, 
while meaningful information is distributed in 
large-scale (low-frequency) components. By 
applying thresholding and filtering, M-Net effec-
tively suppressed high-frequency noise while 
preserving useful signals. Building on this prin-
ciple, M-Net leverages multi-scale inputs to 
supervise feature maps, thereby mitigating the 
impact of image noise on accuracy to some 
extent. However, the authors noted that M-Net 

may suffer from overfitting and emphasized the 
need for larger datasets for validation.

Wang et al. observed that U-Net alone was not 
accurate enough in low-contrast ultrasound 
images [20]. To address this limitation, they 
integrated ResNet with U-Net and introduced 
Dense Convolution kernels and a Residual 
Multi-kernel Pooling module, realizing the ResU-
Net architecture. This model achieved a Dice 
coefficient of 0.7093, demonstrating superior 
performance compared with conventional U-Net.

YOLO (You Only Look Once) is an object detec-
tion algorithm designed to achieve fast and 
efficient object recognition by reframing object 
detection as a single regression problem [48]. 
The model divides the image into grids, with 
each grid simultaneously predicting multiple 
bounding boxes and categories, which not 
only accelerates prediction efficiency but also 
enables detection of multiple objects within a 
single forward pass. The core advantage of 
YOLO lies in its excellent balance of speed and 
accuracy: compared with traditional two-stage 
detectors such as Faster R-CNN, YOLO greatly 
improves inference speed by converting the 
detection problem into a regression problem, 
while maintaining a high detection accuracy 
through network optimization and loss function 
design.

Sugino et al. applied YOLOv4 to brachial plexus 
ultrasound images, exploring suitable network 
structures and input image scales for nerve 
detection [49]. Using two datasets comprising 
1,612 labeled brachial plexus ultrasound imag-
es, they evaluated the influence of model scal-
ing and input size on performance. Their find-
ings confirmed that YOLOv4’s scalable architec-
ture offers an effective trade-off between com-
putational efficiency and segmentation accura-
cy, while reducing network complexity.

Against gold-standard manual annotations, the 
optimal model (YOLOv4-P7, 384×384 input) 
achieved a Dice coefficient of 0.846. Visual 
comparisons showed close alignment with man-
ual labels, and real-time inference at 192.4 fps 
ensured practical utility.

SegNet, based on the network architecture of 
VGG-13, applies an unpooling structure in the 
decoder to enhance boundary recognition in 
segmentation task [50]. Ding et al. proposed a 
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novel brachial plexus segmentation network - 
BPMSegNet, incorporating three key innova-
tions: Spatial Local Contrast Features, self-
attention gates, and skip connections with 
transposed convolutions [51]. BPMSegNet was 
trained and evaluated on the UBPD dataset, 
which they also developed, consisting of 1,055 
brachial plexus ultrasound images, including 
nerves and surrounding tissues. For detection, 
BPMSegNet achieved the best results on mul-
tiple metrics, with AP@50, AP@60, AP@70 and 
AP reaching 62.97, 56.46, 42.01 and 37.62, 
respectively. In segmentation tasks, it also 
outperformed competing models, with the high-
est AP@50, AP@60 and AP scores of 58.02, 
48.92 and 37.18, respectively. As shown in 
Table 5, compared with Mask R-CNN and 
YOLAT, BPMSegNet demonstrated segmenta-
tion results more consistent with manual anno-
tations, with smoother edge delineation, while 
other models exhibited category misjudgment 
and missed detections [52].

Liu et al. proposed an innovative deep learning 
model that combines a Generative Adversarial 
Network (GAN) to achieve accurate segmenta-
tion of brachial plexus structure in ultrasound 
images [53, 54]. A GAN consists of two compet-
ing components: a generator and a discrimina-
tor. Through adversarial training, the two net-
works iteratively improve each other’s perfor-
mance, leading to more robust feature learning. 
The researchers pointed out two major limita-
tions of conventional convolutional CNN-based 
approaches for nerve segmentation. First, CNNs 
may overlook subtle anatomical defects, caus-
ing suboptimal performance for pixel-level label 
prediction. In complex ultrasound background, 
this limitation reduces segmentation accuracy. 
Second, patient movement or inability to fully 
cooperate during scanning can cause the 
nerve region to be mistakenly identified as 
background, compromising the accuracy of the 
segmentation. 

To solve the first limitation, the researchers 
designed a deep learning framework integrat-
ing a GAN, which consists of two main parts: a 
segmentation network and a discriminator net-
work. The segmentation network aims to gener-
ate segmentation results that closely approxi-
mate the true neural structures, while the dis-
criminator acts as a “supervisor”, distinguishing 
between predicted outputs and ground-truth 
labels. Through adversarial training, the seg-
mentation network progressively improves its 
performance by attempting to “fool” the dis-
criminator into accepting its predictions as 
real. To address the second problem, the 
researchers used dilated convolution to increase 
the receptive field of the model. This technique 
allows the model to obtain more contextual 
information without losing resolution, thereby 
capturing the characteristics of neural struc-
tures over a wider range.

Experimental results demonstrated a signifi-
cant improvement in segmentation accuracy. 
Compared with conventional FCN, the GAN-
based approach increased the IoU coefficient 
by 27.8%, providing a more accurate and reli-
able solution for neural image segmentation in 
clinical applications. Although adversarial train-
ing did not uniformly enhance all performance 
metrics, it notably improved segmentation accu-
racy from an anatomical perspective, achieving 
closer consistency with manual delineation.

Discussion and challenges

Discussion

In this review, we analyzed 15 deep learning 
models for brachial plexus segmentation, high-
lighting substantial progress in this field. Early 
studies primarily applied simple CNNs, and sub-
sequent research introduced more sophisticat-
ed architectures. Among them, FCN and U-Net 
have been intensively used due to their excel-
lent performance. Later, numerous U-Net vari-

Table 5. Performance comparison to different models on the UBPD dataset

Model
AP@mask/AP@B-box 
AP@50 AP@60 AP@70 AP@50

Mask R-CNN 43.96/58.00 39.45/48.71 30.41/38.40 27.89/33.11
YOLACT 57.15/62.01 45.95/51.58 42.81/41.28 34.02/30.39
BPMSegNet 58.02/62.97 48.92/56.46 42.06/42.01 37.18/37.62
Note: AP, average precision; AP@50, AP@60, AP@70, precision at intersection-over-union thresholds of 0.50, 
0.60, and 0.70, respectively; B-box, bounding box.
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ants have since been proposed, often incor-
porating modules such as residual blocks to 
enhance feature learning, or adopting multi-
task architectures to improve recognition capa-
bility. Overall, U-Net–based networks remain 
the most widely preferred for brachial plexus 
segmentation. The LinkNet model achieved the 
highest accuracy (0.8966) on the Kaggle data-
set, demonstrating its strong suitability for this 
benchmark. M-net, proposed by Abraham et al. 
ranked second. Its deeper encoder with addi-
tional convolutional layers likely contributed to 
improved accuracy; however, the added com-
plexity also raises concerns about potential 
overfitting, underscoring the need for larger 
datasets for validation.

In addition, several studies emphasized the crit-
ical role of data preprocessing [20, 55, 56]. For 
example, Wang et al. demonstrated that prepro-
cessing the Kaggle dataset increased the Dice 
coefficient from 0.7063 to 0.7093, highlighting 
how appropriate preprocessing strategies can 
yield measurable improvements in segmenta-
tion accuracy [20].

Challenges

Despite notable progress, deep learning seg-
mentation of brachial plexus in ultrasound 
imaging still faces many challenges. First, data 
scarcity remains the foremost issue. Publicly 
available datasets are limited due to patient 
privacy concerns, institutional data protection 
policies, lack of standardized annotation proto-
cols, and the high cost of expert annotation. 
Consequently, many studies rely heavily on the 
Kaggle dataset or on restricted, unpublished 
data. This limitation constrains model training 
and hinders generalizability. Although data aug-
mentation and image preprocessing can par-
tially solve this problem, they cannot fundamen-
tally overcome the upper bound imposed by 
insufficient data.

Furthermore, clinical translation to low-resource 
clinical settings is another major barrier. 
Characterized by—introduces additional hur-
dles. Real-world deployment, particularly in 
point-of-care scenarios (e.g., portable ultra-
sound machines), is constrained by limited 
computational power, memory capacity, and 
real-time inference requirements. Complex 
neural architectures that demand substantial 
GPU acceleration, high-capacity Random Access 

Memory (RAM), and extensive floating-point 
operations are often impractical for embedded 
systems. This challenge is compounded by the 
need for energy-efficient designs to prevent 
overheating in portable devices, further restrict-
ing model complexity. These challenges not only 
affect the practicality of the model but also 
raise important questions about future research 
directions and technological development. 

Looking forward, future research must focus on 
enhancing model generalization under limited 
data conditions and identify the best optimiza-
tion strategy to advance the clinical applicability 
of deep learning for brachial plexus ultrasound 
imaging.

Future research directions

As highlighted in the preceding discussion, 
there is a significant shortage of publicly avail-
able brachial plexus datasets, particularly in 
ultrasound imaging. Therefore, establishing a 
comprehensive, standardized, and expert-anno-
tated public dataset is of critical importance. As 
the volume and quality of training data increase, 
the performance and generalizability of deep 
learning models are expected to improve sub-
stantially, thereby accelerating progress in this 
research area.

To address this challenge, efforts should be 
directed at both policy and technical fronts. 
From a policy perspective, data-sharing agree-
ments and multi-institutional collaborations 
should be encouraged, supported by ethical 
frameworks and regulatory guidelines. From a 
technical perspective, privacy-preserving strat-
egies such as data encryption, federated learn-
ing, and differential privacy offer secure solu-
tions for cross-institutional data utilization 
without compromising patient confidentiality. 
Collectively, these strategies will enable the 
development of high-quality datasets and 
robust models, ultimately enhancing the clinical 
applicability of deep learning in brachial plexus 
ultrasound segmentation.

Another important research direction involves 
improving the practical deployability of deep 
learning models in real-world clinical environ-
ments. While many models demonstrate excel-
lent segmentation accuracy under controlled 
settings, their high computational requirements 
often hinder application in low-resource or 



Perioperative Precision Medicine 2025; 3 (4): 186-199. PPM25040457

Perioperative Precision Medicine	 197

point-of-care scenarios. Future studies should 
focus on optimizing existing algorithms or 
developing lightweight, efficient architectures 
capable of supporting real-time segmentation 
on embedded or portable ultrasound devices. 
Techniques such as model pruning, quantiza-
tion, and knowledge distillation can reduce 
model size and computational cost while pre-
serving accuracy. Moreover, integrating opti-
mized models with ultrasound systems through 
interoperable software interfaces or plug-in 
modules will be essential for seamless clinical 
adoption. Exploring on-device inference, edge 
computing, and low-latency processing pipe-
lines will further facilitate the development of 
lightweight, hardware-friendly AI tools that sup-
port real-time decision-making, reduce clinician 
workload, and enhance diagnostic efficiency.

In this context, combining high-quality datasets 
with optimized algorithms will not only improve 
segmentation accuracy in brachial plexus ultra-
sound imaging but also advance the broader 
field of medical imaging. Such innovations have 
the potential to streamline clinical workflows 
and improve patient care outcomes.

Meanwhile, most current studies on brachial 
plexus segmentation emphasize performance 
metrics such as Dice and IoU, while few address 
the interpretability of deep learning models. In 
clinical scenarios, however, explainability is cru-
cial for building trust among healthcare provid-
ers. Future work should consider incorporating 
interpretability techniques such as Gradient-
weighted Class Activation Mapping, which gen-
erates visual heatmaps to highlight the most 
influential regions in the input image, thereby 
clarifying the model’s decision-making process. 
Similarly, the application of attention mecha-
nisms can provide insight into feature impor-
tance during segmentation. These approaches 
can significantly enhance the clinical acceptance 
of AI tools in ultrasound-guided procedures.

Conclusion

This review summarizes recent progress in 
applying deep learning to brachial plexus ultra-
sound image segmentation, including the avail-
ability of public datasets, commonly used seg-
mentation models, and their evaluation metrics. 
The main contribution of this review is to ana-
lyze existing models, highlight emerging trends, 
and outline future research directions in this 
field. These insights may assist researchers in 

developing accurate, robust, and clinically appli-
cable models for ultrasound-guided brachial 
plexus segmentation.
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