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Ultrasound (US), a flexible green imaging modality, is expanding globally as a first-line imaging technique in
various clinical fields following with the continual emergence of advanced ultrasonic technologies and the well-
established US-based digital health system. Actually, in US practice, qualified physicians should manually collect
and visually evaluate images for the detection, identification and monitoring of diseases. The diagnostic per-
formance is inevitably reduced due to the intrinsic property of high operator-dependence from US. In contrast,
artificial intelligence (AI) excels at automatically recognizing complex patterns and providing quantitative
assessment for imaging data, showing high potential to assist physicians in acquiring more accurate and
reproducible results. In this article, we will provide a general understanding of Al, machine learning (ML) and
deep learning (DL) technologies; We then review the rapidly growing applications of Al-especially DL technology
in the field of US-based on the following anatomical regions: thyroid, breast, abdomen and pelvis, obstetrics
heart and blood vessels, musculoskeletal system and other organs by covering image quality control, anatomy
localization, object detection, lesion segmentation, and computer-aided diagnosis and prognosis evaluation;
Finally, we offer our perspective on the challenges and opportunities for the clinical practice of biomedical Al

systems in US.

1. Introduction

Nearly two decades into the 21 century, our world has dramatically
changed following the application of artificial intelligence (AI) [1], from
web search and facial recognition to self-driving vehicles and natural
language processing. Although most earlier Al methods have been
applied with subhuman performance, recently reported algorithms can
match or even exceed humans in some task-specific applications [2-4],
owing to the amounts of digital data for training, the development of
different algorithms as well as the modern, powerful computational
hardware. Computer-based Al is now becoming a leading research focus
within scientific community [5-7]. As medical imaging data can be
collected during routine clinical practice, large datasets offer an
incredibly rich resource for scientific discovery, thus making medical
imaging to be a field of research for AI [8,9]. In contrast to qualitative

reasoning of physicians, Al excels at identifying complex patterns and
can provide quantitative assessment automatically [10], thus enabling
the reported results more accurately and reproducibly results.
Ultrasound (US), a flexible green imaging modality, is becoming an
indispensable tool for clinical practice throughout the world due to its
unique advantages, such as no ionizing radiation, easy to carry out, low-
cost, and real-time imaging display. Especially followed with the
continual emergence of ultrasonic diagnostic instruments and diagnostic
technologies (ie, high-frequency US, shear wave elastography (SWE),
contrast-enhanced ultrasound (CEUS), ultrasonic elastography and
three/four-dimensional (3D/4D) imaging), US has now been widely
preferred as a first-line imaging technique in the fields of obstetrics,
cardiovascular, and superficial organs [11-13]. Ultrasonic imaging is
globally expanding at an unprecedented rate, Al-related technology for
analyzing US imaging has now also been shown to be successful in
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oncology for noninvasively identifying cancer patients, evaluating ma-
lignant degrees or predicting prognosis [14-16]. Despite tremendous
progress has achieved in the last few years, the development of Al ap-
proaches specifically associated with US imaging has not yet been timely
summarized.

In this review, we will first provide a general understanding of Al and
some associated technology methods; We then review the rapidly
growing applications of Al-related US imaging analysis based on
anatomical regions; Finally, we offer our perspective on the challenges
and opportunities for the clinical practice of biomedical Al systems in
us.

2. Overview of artificial intelligence technologies
2.1. Artificial intelligence

Al a branch of computer science that includes machine learning
(ML), deep learning (DL) and convolutional neural networks (CNNs),
and Fig. 1 present the hierarchical relationships between these terms.
Generally speaking, Al can be recognized as using any device to imitate
human cognitive process, involves learning, applying and solving com-
plex problems. Nowadays, Al that has ever been called “the fourth in-
dustrial revolution” [17] is dramatically reshaping the landscape of our
whole life. The long history of Al can be traced back to a conference at
Dartmouth in 1956, where the term was first put forward [18] (Fig. 2).
Since 2012, the successful development and application of image clas-
sifier has contributed to the resurgence of Al recently [7]. Importantly,
Al techniques are well suited to the imaging-based fields because the
image itself, whose pixel values can be quantified, is the main source of
data for training Al algorithms.

2.2. Machine learning

ML is devoted to deploying algorithms without being explicitly
programmed. ML algorithms could be viewed as mapping the observed
input data variables into the output results [1]. In general, this process is
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Fig. 1. The hierarchical relationships of artificial intelligence, machine
learning, deep learning, and convolutional neural networks. Applying these
techniques and three learning methods (supervised learning, unsupervised
learning and reinforcement learning) to analyze data will enable precision ul-
trasound medicine.
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developed and improved by using a train-test system [19,20], including
training, testing and validation processes. According to the types of
learning or task, ML can be roughly divided into three categories: su-
pervised, unsupervised and reinforcement learning. The most common
ML method is supervised learning, which is also the most commonly
method used in US imaging. In supervised learning, the expected explicit
data sets that usually have been labeled by experts called ‘ground truth’:
data labels are determined by experts, and considered to be true. The
goal of this algorithm is to minimize error between the known labels and
the predicted labels. Supervised learning is useful for classification,
characterization and regression of the similarity between instances of
similar results labels, but it is very time-consuming because the data
need to be labeled by people and that also requires a lot of data sets and
experience. Conversely, in unsupervised learning, the algorithms could
optimally finds similarities or clusters from data, without corresponding
labels, the task of this learning is to find the hidden structure in the data
and to categorise it. In reinforcement learning, data labels are acquired
by learning from dynamic environment interaction without being
explicitly taught. For such dynamic environment, the computer will
receive positive or negative reinforcement feedback and, for the pre-
dicted results, the reinforcement algorithm will receive reward or pen-
alty feedback. Reinforcement learning can also be regarded as a hybrid
of unsupervised learning and supervised learning. Based on whether the
predefined features are handcrafted or not, ML can be divided into two
types (Fig. 3). The first one is based on predefined handcrafted features
from experts, which are considered to be able to effectively differentiate
different data classes. Then the most relevant features are selected to fit
the data to avoid overfitting. The second one is ML techniques without
handcrafted features, that is, it can automatically and directly learn from
the navigation data space, optimizing the problem-solving capabilities
and reducing prediction errors. The three learning methods and their
associated algorithms and applications are summarised in Table 1.

2.3. Deep learning

DL is based on multiple processing layers of artificial neural net-
works (ANNs). It can automatically learn information representations
and accumulate experience from raw data, rather than extracting fea-
tures by human experts. ANNs, as the name implies, is an artificial
network system that simulates the concept of human neurons, and is one
of the most successful Al approaches today [21-24]. In contrast to
traditional ANNs, DL contains more hidden layers and processes inputs
in a layered, non-linear manner. The unprecedented development of DL
has benefited from the following factors: (1) the rapid increase in the
graphic processing unit and the high-tech central processing unit [25,
26]; (2) the development of learning algorithms; (3) the availability of
large databases [27]. Therefore, DL techniques have achieved impres-
sive progress in many areas [28-30].

2.4. Convolutional neural networks (CNNs)

CNNs is a subcategory of ANNs, whose input type is explicitly
assumed to be images, and has been confirmed to be effective and effi-
cient in performing medical imaging tasks [31]. The typical CNNs ar-
chitecture comprises a series of layers that can be divided into four
types: (1) convolutional layer: the main participant of CNNs, which
consists of learnable filters; (2) pooling layer: following the convolu-
tional layer and the function of this layer is to progressively
down-sample the feature maps, also to control overfitting; (3)
fully-connected layer: serving as a classifier to predict classification la-
bels; (4) non-linearity layer: with activation function and determines
whether the neuron is active or not through specific activation condi-
tions or input images. The multiple processing layers of CNNs have been
proved to enable CNNs to have the ability to learn hierarchical and
abstract features of medical imaging [32].
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Neural networks have been used.

Neural networks have been used to
estimate renal and liver lesion from
ultrasound images.

Geoffrey Hinton and his coworkers
proposed an ANN with multiple

Machine learning (ML), a branch of

Al, was created by Arthur Samuel.
The first successful automated
systems for healthcare were described
and and it was an expert system-
based AL An early example was a
system called MYCIN developed at
Stanford University.

Neural networks have been used to
estimate breast, prostate lesion
and fetal from ultrasound images.
hidden layers with excellent feature
learning ability, which led to the
study of deep learning (DL).
CNN has attracted wide attention
because it has achieved the best
classification effect in the ImageNet
Large Scale Visual Recognition
Challenge (ILSVRC).
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The term artificial intelligence (AI) was
coined by John McCarthy and his
coworkers at the Artificial Intelligence
Conference of Dartmouth College.

Expert system method was largely
superseded by ML; early artificial
ncural networks (ANNs) were
quickly discovered for wuse in
medical applications; Started to
apply convolutional neural networks
(CNNs) to image.

Fig. 2. Timeline of artificial intelligence technology development.

3. Overview of anatomical region-based deep learning in
ultrasonic image analysis

Ultrasonic imaging analysis has entered a new era, assisted by the
development of Al, the advancement of ML and the penetration of DL.
Supported by these technologies, the status of US image variation factors
such as operator-, scanner-, patient-dependent can be significantly
improved. Computer-aided systems in US have already been recognized
by the industry and benefited a lot from some principal applications,
such as (Fig. 4): (1) detection: automatically identifying organ struc-
tures, lesions and other objects of interest; (2) diagnosis or classification:
analyzing US imaging to assess disease status or classify it into a specific
category; (3) segmentation: implemented to delineation the precise
boundaries for lesions; (4) other applications including regression that
involves the prediction of a continuous, approximating variable; image
registration and content retrieval. In this article, we collect more influ-
ential literature on the use of Al technology in US imaging in recent
years. DL, as the state-of-the-art ML approach, is particularly prominent
in the field of medical imaging (including US and radiology) thanks to

increased computational power and the availability of a large number of
new datasets. The power of DL in terms of image recognition and raw
data processing makes it a potential tool for ultrasonic image analysis.
And since the corresponding studies report that DL outperforms tradi-
tional techniques and even better than radiologists in certain tasks, we
then summarize the rapidly growing applications of DL in US
(Tables 2-4) based on the anatomical regions (Fig. 5).

3.1. Thyroid

Nowadays, US has been endorsed as the first-line imaging modality
in identifying thyroid diseases, by many guidelines including the
American Thyroid Association [33] and American Association of Clin-
ical Endocrinologists, Associazione Medici Endocrinologi and European
Thyroid Association [34]. As a result, over the last years several
US-image based Thyroid Imaging Reporting and Data Systems [35,36]
have been established. With the advent of well-performed Al-related
technologies, DL involved with thyroid US imaging has been increas-
ingly focused on detecting and diagnosing thyroid nodules [16,37-55]
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Fig. 3. A predefined handcrafted feature-based machine learning method versus a deep learning method applied to ultrasound image. The former method relies on
the predefined manual features of experts, and classifies the images extracting these explicit features from the regions of interest. In contrast, the latter deep learning

method automatically learns and extracts features on the basis of the raw image.

(Table 2). For instance, Liu and coworkers [47] presented a multi-scale
CNNs-based method for thyroid nodule detection and classification and
achieved significantly better sensitivity (0.964 vs 0.928), specificity
(0.780 vs 0.366) and accuracy (0.928 vs 0.816) than those of radiolo-
gists. While in an interesting study [44] Zhu Y and coworkers created six
ML models to further classify suspicious thyroid nodules undergoing fine
needle aspiration using the Bethesda System for Report Thyroid
Cytology. Among these, the deep neural networks performed better than
other five models to help radiologists to distinguish Bethesda class III
from class IV, V, VI lesions, providing effective and efficient manage-
ment for those nodules. Besides, in thyroid US images, effective delin-
eation of the nodular boundaries plays an important part in
characterizing thyroid diseases [57-60]. Ma et al., proposed a
CNN-based method to segment thyroid nodules automatically and
accurately. And their research achieved an average of 0.915, 0.9224,

0.8683, 0.6228, 0.0669 for the true positive rate, dice ratio, overlap
metric, modified Hausdorff distance, and false positive rate, respec-
tively, on overall folds. These parameters were used to quantitatively
measure the accuracy of segmentation, and indicated that this approach
was really efficient and accurate. In addition, Buda et al. [37], developed
a DL-based learning algorithm to assess the prognosis of thyroid nodules
and the need to evaluate them for further processing by biopsy, and the
algorithm achieved performance similar to that of expert radiologists
adhering to the American College of Radiology’s Thyroid Imaging
Reporting and Data System. Al in thyroid US is also used to diagnose
follicular carcinoma [49], detect papillary cancer [54], and detect
lymph node metastases in the neck [56], which are useful in the eval-
uation of the thyroid lesions.
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Table 1
Summary of three learning methods and their related algorithms and
application.

Types of learning Types of algorithm Main application

This algorithm maps training data
into space and finds the hyperplane
where feature separation is
maximized, and then applies it to
classification or regression tasks.
This algorithm is a ML method for
solving bicategorical problems to
2 logistic regression estimate the probability of an event.
[127] The dependent variable of a logistic
regression is subject to a Bernoulli
distribution.
This algorithm is a simple
probabilistic classification method
based on Bayes’ theorem, which has
the advantage that a small amount of
training data can be used to estimate
the parameters required for
classification.
This algorithm is a classifier with
multiple decision trees, and its
output is determined by the common
value of the categories output from
the individual trees.
This algorithm uses a flowchart-like
tree model with multiple branch
nodes to determine a target value
from the input. It can be used to
perform classification (classification
trees) or regression tasks (regression
trees).
This algorithm trains the data for
geometric evaluation and then
determines whether the input data
belongs to the same category based
on the training examples obtained.
This algorithm is designed to achieve
the goal of reducing the amount of
data and performing classification by
categorizing or grouping similar data
items.
A neural network-based clustering
algorithm that is a single-layer
neural network containing only
input and output layers.
This algorithm is a technique for
analyzing and simplifying datasets.
It reduces the number of dimensions
of the dataset while maintaining the
features that contribute the most to
the variance of the dataset
This algorithm measures the
distance between each pair of data
points and the specified clustering
centroid to classify the data, and
optimizes the allocation by
comparing intra- and inter-family
data point distances.
Data labels are acquired by learning
from dynamic environment
interaction (the computer will
receive positive or negative
reinforcement feedback) without
being explicitly taught.

-

support vector
machines [126]

3 Naive Bayes
classifier [128]

Supervised
learning

4 Random forest
[129]

5 Decision tree
[130]

6 K-nearest neighbor
algorithms

—

Clustering
methods [131]

2 self-organizing
maps [132]

Unsupervised

Principal
learning 8 Principa

component
analysis [133]

4 K-means [134]

Reinforcement
learning [2]

~

Note. ML: machine learning.
3.2. Breast

Breast cancer is considered as one of the most common cancer types
in women worldwide and remains the second leading cause of cancer-
related death [61,62]. Among the surveyed articles, the most common
application of DL in breast US is diagnosis and classification of breast
masses [63-80] (Table 2). For example, Qi et al. [68] proposed a novel
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model that consisted of two networks with skip connections and
multi-scale kernels to overcome shortcomings of traditional one and
expressed better performance in diagnosing breast cancers.

Transfer learning is a kind of ML method that could use pre-trained
models to solve problems in a different application domain. When the
involved dataset is relatively small, it is also an effective way to improve
accuracy while reducing training time. Byra et al., [64] and Xiao et al.
[67], both presented their transfer learning models for classifying breast
lesions by sonography. The former [64] adopted a VGG19 neural
network (a CNN model), and pre-trained it on the ImageNet as a fixed
feature extraction model. Then the model of the original VGG19 CNN
was modified, and the new data set was used for fine-tuning. And a
highest value of 0.936 was achieved for area under curve with the
fine-tuned VGG19 CNN model. The latter [65] had developed a tradi-
tional ML-based model, a CNN model as well as three transferred
models. Both of them achieved the highest values of area under the
curve for the classification of breast lesions compared to other methods.
Automatically delineating breast tumour from US image is crucial for
computer-aided diagnosis. Some studies [81-83] have already presented
efficient approaches for automatically segmenting breast US imaging.
Gu and coworkers [82] proposed an automated 3D segmentation
approach to demarcate major tissue types in 3D breast ultrasonic vol-
umes to assist radiologist in explaining and diagnosing breast cancer.
This method included three main stages: the first step was morpholog-
ical reconstruction, which can prevent false contours that caused by
filtering operations; the second step was image segmentation, a 3D Sobel
operators were used to extract edge information; the third step was re-
gion classification, which mainly divided images into two regions, small
and big, and then further classify the tissues. Finally, this method
exhibited great potential of automatic segmentation of 3D whole breast
US images. And the DL model applied by Zhou et al., [14] can effectively
predict clinically negative lymph node metastases, providing an early
prediction strategy for patients with lymph node metastases.

3.3. Abdomen and pelvis

Abdominopelvic imaging analysis using DL has different applications
in US (Table 3), many of which were focused on liver. Wang et al., [84]
and Rousselet et al. [85], developed their DL modes based on elastog-
raphy, and they found that this strategy was more accurate than
two-dimensional SWE and some biomarkers in assessing advanced
fibrosis and cirrhosis for HBV-infected patients. Lee et al. [86], also
developed a deep CNN method to predict the METAVIR score (semi--
quantitatively evaluate liver fibrosis), using a total of 13,608 US images
from the two tertiary academic referral centers as training database. And
their method showed high accuracy for predicting the METAVIR score,
and was superior to radiologists in diagnosing liver fibrosis. Also, Ta
et al., [87] established a computer-aided diagnosis system to classify
malignant and benign focal liver lesions from CEUS cine recordings, and
the accuracy of this method is similar to that of an expert reader.

Nowadays, US-guided thermal ablation is increasingly used in clin-
ical treatment of various diseases, [88-90], including tumors, thanks to
its minimally invasive property and well therapeutic effect. The
real-time monitoring and evaluation of the thermal ablation process is
critical to improve the clinical practice, accurate treatment and reduce
thermal damage to surrounding tissues. Recently, Zhang and his/her
team [91] proposed to evaluate the performance of a US-CNNs archi-
tecture in detecting and monitoring of microwave ablation-induced
thermal lesions in porcine liver, widely broadening the potential clin-
ical application of DL. Lei et al. [92], provided a multidirectional
DL-based method that integrating deep supervision into 3D patch-based
V-Net for the segmentation of transrectal ultrasound prostate images.
And it proved to be a promising tool for the diagnosis of prostate cancer
and US-guided therapy.
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Fig. 4. The three main applications of artificial intelligence in ultrasonic image analysis include detection, diagnosis or classification and segmentation, which helps

radiologists to analyze images more accurately.

3.4. Obstetrics and gynecology

For decades, US has been the main imaging modality in diagnosis of
fetal anomalies. The application of DL based on obstetric US imaging is
increasing and maturing (Table 3). For example, Burgos-Artizzu et al.,
[93] provided a new Fetal Lung Maturity estimator software (quan-
tusFLM®) version 3.0 (Transmural Biotech, Barcelona, Spain), which
incorporated DL-based techniques for the delineation of the fetal lung.
This method significantly improved the prediction rate of neonatal
respiratory morbidity with fully automated identification, delineation
and segmentation of the fetal lung US images. In a recent study, Xie H
et al. [152] used CNN-based DL algorithms to classify fetal brain sono-
graphic images. The DL algorithms were trained in three steps: firstly,
segmenting the craniocerebral region; secondly, classifying fetal US
brain images as normal or abnormal; thirdly, locating lesions using heat

maps. Then the performance of this classification system was evaluated
with accuracy, sensitivity and specificity, which were 96.3 %, 96.9 and
95.9 % respectively. This method obtained well classification perfor-
mance, but the average time needed for the whole process of one image
was about 1.08 s, which was a small limitation.

During the obstetric examination, accurately obtaining a standard
fetal plane with critical anatomical structures is pivotal for diagnosis and
biometric measurement. Chen et al., [94] and Yu et al. [95], proposed
their CNNs approaches that could extract in- and between-plane spatial
features from fetal US with specialized convolutional and recurrent
neural networks to identify and classify fetal standard planes. Besides,
the fetal abdominal circumference or other structures are difficult to
assess accurately due to their particular environment. As Drukker et al.
[96], showed: when training computer models to perform tasks, try to
reduce the generation of artificially trained bias models, which can
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Table 2
Summarize the machine learning applications in thyroid and breast ultrasonic
image analysis in the papers surveyed.

Organ Disease Object Image Prognosis
system classification detection segmentation evaluation
and

body

location

Diagnosis of

thyroid Detection of Segmentation
. . . Management of
malignancy thyroid of thyroid thvroid nodules
[16,38,39,40,  nodules [47,  nodules [57, [3?]
42,43,45,46, 48,53,55] 58]
47,50,51,52]
Diagnose
benign nodules  Detection of .
and avoid thyroid Segmentation
unnecessary papillary of thyroid US
) 59
fine-needle cancer [54] images [59]
aspiration [41]
. Segmentation
Detect f
. Differentiate etection o of leukocyte in
Thyroid neck -
Bethesda class . papillary
metastatic .
III versus class lymph nodes thyroid
IV/V/VI [44] [}é 6]p carcinoma
[60]
Detection and
Classification extraction of
of the follicular  calcification
neoplasm [49] in thyroid US
images [135]
Diagnosis of
neck
metastatic
lymph nodes
[56]
Distinction
between Assessment of
ben{gn and Detection of Segmentation the prognosis of
malignant . of breast breast cancer
breast lesions L
breast masses [74,136.137] nodules [71, and prediction
[63,64,65,66, e 138] of lymph node

67,68,69,70,
71,74,75,78]

metastasis [14]

Prediction of
response to
neoadjuvant
chemotherapy
in breast cancer
sonography
[139]

e Detection and
Classification

Breast of focal breast izgciggl'lr;lfiiles
lesions [72,76]

Segmentation
of breast
region of
[68] interest [81]

Classification
of breast
cancer [73,77,
79,801
Assessment of
axillary lymph
node
metastasis [14,
15,140]

reduce the detection of deviations expected measurement values in the
third trimester of pregnancy. In addition, for applications in prognostic
assessment, Liang et al. [155], based on the DL model CR-Unet used in a
previous study to predict follicle maturation during the reproductive
cycle, the intraobserver variability was expressed as intra-class corre-
lation coefficients, which was 0.973 and 0.982 for senior and junior
sonographers, respectively, and 0.979 and 0.920 for multiple follicle
cycles, respectively, during the measurement. However, the DL model
CR-Unet has no intra-group variation and requires significantly less
measurement time. This demonstrates the potential of the model for
clinical application in predicting follicular maturation during the
reproductive cycle.
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While the application of Al in US obstetrics has gradually increased,
there are still some shortcomings in the application of Al in this field. For
example, the AI technology designed for the second trimester is not
suitable for the first trimester scans. Besides, the estimation of gesta-
tional age and the diagnosis of placenta previa need continuous
involvement and breakthroughs [97].

3.5. Heart and blood vessels

Since echocardiography is a real-time imaging technology for eval-
uating the status of heart and blood vessels, it plays a central role in the
management of cardiovascular diseases. Accurate and reliable echo-
cardiographic evaluation is essential for clinical diagnosis and treat-
ment. A landmark article published by Zhang et al., [98], used the DL
model to fully automate the processing of echocardiography, including
disease detection, image segmentation, structure and function quanti-
fication, enabling numbers of cardiologists aware of the potential role of
Al in this field. DL related to echocardiography involves the classifica-
tion of images such as Madani and coworkers [99] trained a CNN for
echocardiographic view classification with an overall accuracy of 97.8
% and no overfitting. The accuracy of 91.7 % on individual
low-resolution images was much higher than that of 70.2-84.0 % for
echocardiographers. This demonstrates the potential of the model for
clinical applications. And ventricular wall motion [100-102], the
detection of heart diseases [103,104], and the segmentation of ventri-
cles [105,106] (Table 4).

US plays an important role in the evaluation of superficial blood
vessel diseases because of its unique advantages including short exam-
ination time, non-invasiveness, and good practicability. DL-based
assessment of vascular US images has been applied to the measure-
ment and classification of carotid artery intima-media thickness [107],
classification of vascular plaque components [108], detection of the
vascular lumen [109], and segmentation of vascular images [110-113]
(Table 4). For example, Zhou et al., [110] proposed a DL-based semi-
automatic segmentation method to segment the media-adventitia and
lumen-intima from carotid 3-D images. with dynamic CNN model and an
improved U-Net model, respectively. And it showed better performance
with average Dice similarity coefficients (DSC) of 96.46 + 2.22 % and
92.84 + 4.46 % for media-adventitia and lumen-intima, respectively,
compared with other methods. Lo Vercio et al. [111], and Yang et al.
[112], proposed their DL-based automatic segmentation methods for
dividing the lumen-intima and media-adventitia and showed excellent
performance, demonstrating great potential in monitoring
atherosclerosis.

3.6. Musculoskeletal system

In recent years, the improved resolution of US for soft tissue by US
has contributed to its increasing use in musculoskeletal system (Table 4).
For example, DL-based US is used for the diagnosis of muscle diseases
[114,115], cone positioning [116,117], and segmentation of muscle
imageing [118,119]. A CNN-based method proposed by Burlina et al.,
[114] was used for the assessment and classification of inflammatory
muscle diseases, which improved the accuracy of diagnosis of neuro-
muscular diseases. The accuracy of applying this CNN-based method
compared to conventional ML method for the classification of the three
conditions of myositis was 76.2 % =+ 3.1 % vs 72.3 % =+ 3.3 % (normal vs
affected (inclusion body myositis, dermatomyositis, polymyositis)); 86.6
% + 2.4 % vs 84.3 + 2.3 % (normal vs inclusion body myositis); 74.8 %
+ 3.9 % vs 68.9 % + 2.5 % (inclusion body myositis vs dermatomyositis
or polymyositis). The correct identification of the vertebral level is
crucial for neuroanesthesia and analgesia. However, current clinical
practice usually uses manual palpation of the spine to blindly identify
the position of the vertebrae with an accuracy of only 30 %. Hether-
ington and coworkers have developed a CNN approach to automatically
identify vertebrae levels in real time in US images and their images can
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Summarize the machine learning applications in abdomen and pelvis and obstetrics ultrasonic image analysis in the papers surveyed.

Organ system and  Disease classification

body location

Object
detection

Image
segmentation

Prognosis
evaluation

Classification of liver fibrosis [84,86]

Classification of benign and malignant
focal liver lesions [87,144]

Abdomen and Risk stratification of fatty liver disease

Detection of fatty liver disease [141]

Detection of thermal lesions induced by
microwave ablation [91]
Detection of image registration for

Segmentation of US
prostate [92,142,143]
Segmentation of US
kidney [145]

Monitoring of thermal lesions induced by
microwave ablation [91]

Prediction of responses to TACE for
hepatocellular carcinoma patients [146]

pelvis [141] prostate radiotherapy [147]
Classification and Prediction of kidney ~ Detection of prostate image registration
function or disease [148,149] [150]

Classification of three classes of
kidney ultrasound images [126]
Classification of fetal brain US images
[152] structures [153,154]
Classification of fetal standard planes
[94,95]

Estimation of fetal abdominal
circumference [158,159]

Diagnosis of ovarian cancer [160]

Obstetrics and
gynecology

Detection and localization of fetal brain

Detection and assessment of fetal

Detection of prostate cancer [151]

Segmentation of fetal lung ~ Monitoring of US follicle to reduce
[93] diameter variability [155]
Segmentation of placenta

ultrasound image quality [156] [157]
Detection of expected value bias in
routine third-trimester growth scans [96]

Note. US: ultrasound, TACE: transarterial chemoembolization.

Table 4

Summarize the machine learning applications in heart and blood vessels and musculoskeletal system as well as other organ systems ultrasonic image analysis in the

papers surveyed.

Organ system and Disease classification

body location

Object
detection

Image
segmentation

Prognosis
evaluation

View classification of echocardiograms
[99,100] 104]
Classification of myocardial wall
motion [101,102]
Diagnosis of ventricular volume [161]
Classification of carotid artery intima-
media thickness
Blood vessels [107]
Characterization of plaque composition
in vascular [108]
Diagnosis of myositis from muscle US

Heart

Musculoskeletal system -
Y Estimation of skeletal muscle status

[115] level [117]
Classification of pediatric pneumonia
Other organ systems or body [120]
location Assessment and diagnosis of lung US
[122,123]

Detection of heart disease [98,103,

Detection of vascular lumen [109]

US-assisted vertebral body
[114] positioning [116]
Detection and identification of spine

Improve US imaging contrast and
detection rate [124]

Segmentation of the ventricle of the heart
[105]

Segmentation of left ventricle and left
atrium [106]

Segmentation of lumen-intima and media-
adventitia [110,111,112]

Segmentation of vascular structure [113]

Segmentation of rectus femoris muscle
[118]

Segmentation of puborectalis muscle and
urogenital hiatus [119]

Segmentation of subpleural pulmonary
lesions [121]

Note. US: ultrasound.

be integrated into the 3D Slicer and achieve a 20-fold cross-validation
accuracy of up to 88 %. Chen et al., [118] developed a method for
automatic segmentation of rectus femoris using CNN method, which
only required 0.2 s. Real-time ultrasonic images of the rectus femoris
muscle were obtained during the contraction of the muscle, followed by
feature extraction and fractional map reconstruction to build a CNN
segmentation of the rectus femoris muscle. In addition, Van den Noort
et al., [119] developed a CNN model for the segmentation of the uro-
genital hiatus and puborectalis muscle in the plane of the minimal hiatal
dimensions with transperineal US imaging.

3.7. Other organs

In addition to the applications of DL-related US in the above-
mentioned organs, other aspects have also been explored, such as lung
applications [120-123] and image processing applications [124]
(Table 4).

4. Conclusions and outlook

For decades, US has been applied extensively in disease diagnosis
because of its high safety and efficiency. Especially with recent well-

implemented advances in the establishment of US-based digital health
system—Picture Archiving and Communication System, US images can
be electronically organized systematically, allowing for their rapid
expansion in different medical fields. Optimizing Al-related technology
in US can bring three domains of benefits:(a) effective: providing reli-
able diagnosis guidance, assist radiologists in making clinical diagnostic
decisions;(b) efficient: reducing the workload of radiologists and saving
time for patients and providers;(c) equitable: as medical resources in
many urban and rural areas of some countries are unbalanced, the Al-
based US system could contribute to reducing barriers and offering a
convenient method to provide US services. However, there still some
critical issues that should be addressed before their widely clinical
application.

On the one hand, it is the data that contribute to the most central and
critical component of Al learning systems, and thus both the quantity
and quality of database will directly affect performance of the Al-related
technologies. As we all know, compared with computed tomography
and magnetic resonance imaging, US is a type of imaging modality with
high operator dependence, and there inevitably exists high internal and
external variabilities in the manual acquisition and evaluation of US
images. Such US image data are usually not curated in “real-world”
clinical practice, representing a major bottleneck for learning any Al
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Fig. 5. Artificial intelligence (especially deep learning)-related ultrasound imaging analysis has been applied in the field of thyroid, breast, abdomen and pelvis,
obstetrics and gynecology, heart and blood vessels and musculoskeletal system as well as other organs in the papers surveyed.

model. Curation ensures that all the training data could adhere to a
predefined set of quality criteria, and thus to avoid the unwanted vari-
ance within US imaging data owing to differences in acquisition pro-
cesses or imaging protocols. Therefore, a standard of US image
collecting and processing should be constructed, especially across in-
stitutions, to better improve quality of the database. Besides, based on
the fifth-generation (5 G) wireless transmission and cloud servers, tele-
ultrasound can be operated with a “cloud-based data transmission and
management” mode. This advanced technology can provide powerful
network services to support “real-time” interaction of Digital Imaging
and Communications in Medicine (DICOM) Data, and it can serve as a
“DICOM Data bank”, DICOM has revolutionised radiology practice, of-
fering a great opportunity for the development of Al technology.

On the other hand, Al-model technology synthesizing the two-
dimensional, 3D, SWE and CEUS images—called ultrasonic radiomics,
can provide high-throughput medical features of the detected diseases.
Also, clinical parameters can help to provide some complementary in-
formation for the image features. In addition, "black box" medicine is an
unavoidable challenge. Al algorithms lack transparency. For example,
we cannot know the internal structure of the multiple hidden layers
between the DL input layer and the output layer. If there is an error in
the hidden layer of the algorithm, there is no way to know which layer it
is, making it difficult to find a solution to the question [125]. Another
ethical issue concerning Al in US involves patient privacy and data se-
curity. The handling of patient data is closely related to computer pro-
grammers, and the protection of data is critical when training, validating
and sharing data.

In conclusion, Al technology, driven by the considerable demand for
US imaging from clinical practice and the advanced technologies, will
undoubtedly have broad prospects in US. However, we should give an
entire and exact understanding of this novel issue. Al-based US diagnosis
fails to make top-down associations like a human brain and is lack of

humanistic care and logical reasoning advocated in the medical process,
so radiologists cannot be entirely replaced by machines. With the con-
struction of large shared US standard-datasets and the exploration of Al
technology and its hidden information, we believe that Al-based US will
gradually evolve into an important educational resource, explaining its
diagnostic basis, facilitating US clinical workflow, and ultimately,
benefit both patients and doctors.
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