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Abstract

The pandemic virus COVID-19 has caused hundreds of millions of infections and deaths, resulting in enormous so-
cial and economic losses worldwide. As the virus strains continue to evolve, their ability to spread increases. The 
detection by reverse transcription polymerase chain reaction is time-consuming and less sensitive. As a result, 
X-ray images and computed tomography images started to be used in the diagnosis of COVID-19. Since the glob-
al outbreak, medical image processing researchers have proposed several automated diagnostic models in the
hope of helping radiologists and improving diagnostic accuracy. This paper provides a systematic review of these
diagnostic models from three aspects: image preprocessing, image segmentation, and classification, including the
common problems and feasible solutions that encountered in each category. Furthermore, commonly used public
COVID-19 datasets are reviewed. Finally, future research directions for medical image processing in managing
COVID-19 are proposed.
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Highlights
● Current research on COVID-19 utilizing medical images is categorized into image preprocessing, segmentation,

and classification.
● This study provides an in-depth analysis of these categories, as well as provides an outlook on the application

and possible future development directions of medical image processing in COVID-19 management.
● Our paper also presents a review of various publicly accessible datasets of COVID-19.

Introduction

COVID-19 is highly contagious and had been 
a serious threat to human health [1]. Early 
clinical manifestations are fever and malaise, 
sometimes with dry cough and dyspnea. How-
ever, with the continuous mutation of virus 
strains, the virulence of the virus decreases, 
and widespread vaccination leads to the forma-
tion of an immune barrier, contributing to an in-
creased proportion of asymptomatic infections. 
Early recognition of asymptomatic infections is 
difficult because of their highly insidious nature 
[2]. To date, a positive result from RT-PCR test 
remains the primary criterion for diagnosing 
COVID-19. However, it is worth noting that this 
method has a high rate of false positives. So, 
some researchers have started studying the 
use of medical imaging for diagnosis [3]. It 

is difficult for inexperienced medical staff to 
identify potentially infected patients in a time-
ly manner during the outbreak of COVID-19. 
Therefore, the diagnosis of COVID-19 requires 
the aid of medical imaging. Among them, CT 
and X-ray images are the two most common 
used modalities. Medical image processing has 
played an active role in combating COVID-19 [4].

This paper aims to extensively discuss the ap-
plication of medical imaging in the diagnosis 
of COVID-19 to facilitate future studies. In this 
review, we present a summary of three key 
categories involved in the medical image pro-
cessing-based identification of COVID-19: pre-
processing, segmentation, and classification. 
Then, we provide an overview of several public-
ly available datasets. Lastly, we propose several 
directions for future research. This review is 
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anticipated to offer valuable insights and guid-
ance for both researchers and radiologists.

Methods

This study examined six databases and other 
relevant websites, such as National Knowledge 
Infrastructure, PubMed, IEEE Xplore Library, 
Science Direct, SpringerLink, and Google Schol-
ar. Diagnostic studies of COVID-19 based on 
medical images (CT and X-ray images) conduct-
ed between 2020 and 2022 were primarily 
considered. Repetitive studies were excluded, 
and only representative ones were retained. 
The search terms encompassed various key-
words, including but not limited to “machine 
learning,” “deep learning,” “COVID-19,” and 
“SARS-CoV-2.” Ultimately, 78 eligible studies 
were included, covering topics such as segmen-
tation, preprocessing, diagnosis, and datasets 
of COVID-19.

Preprocessing

Image preprocessing generally encompasses 
data enhancement and generation. This step 
serves to reduce image noise, improve the 
model’s generalization performance, mitigate 
model overfitting, and enhance the detectability 
of useful information, thereby improving the re-
liability of the results of subsequent tasks such 
as feature extraction, image segmentation, and 
classification.

Data Augmentation

Data augmentation is a widely used technique 
to address imbalances in dataset distribution 
and mitigate overfitting of the model, and the 
its common methods include flipping, rotating, 
cropping, filling, scaling, panning, as well as 
contrast and brightness adjustment, which have 
yield favorable outcomes [5, 6]. In a compara-

tive study conducted by Nishio et al. and aimed 
at differentiating X-ray images of COVID-19 pa-
tients, patients with common pneumonia, and 
healthy individuals, the accuracy of the model 
was improved by 4% through using convention-
al data augmentation techniques [7]. However, 
the benefits of these data augmentation tech-
niques are limited. Also, different scanners can 
cause large image variations. As shown in Fig-
ure 1, images from different CT scanners vary 
greatly. So, researchers need to design more 
suitable data augmentation methods according 
to their datasets. In addition to the problems of 
image noise and unbalanced distribution, the 
quality of images produced by different imaging 
devices often varies widely. Therefore, pre-pro-
cessing is necessary when multiple datasets 
are used. In image processing, histogram 
equalization is often used to increase the local 
contrast, but it tents to introduces new noise 
to the image while reducing useful information 
[8, 9]. This phenomenon arises when specific 
grayscale levels, which contain valuable infor-
mation, undergo compression or stretching, 
resulting in the loss of details or an excessive 
emphasis on details. Some researchers use a 
Perona-Malik filter to eliminate the noise intro-
duced by histogram equalization, while more 
researchers use the method of contrast limited 
adaptive histogram equalization (CLAHE) [8, 
10]. Adaptive histogram equalization (AHE) 
can amplify the local contrast of an image to 
obtain more details; however, it also amplifies 
the noise. CLAHE, on the other hand, reduces 
the noise by limiting the amplified contrast. 
Researchers put the images pre-processed 
by CLAHE into the classification model of 
COVID-19 images and obtained an excellent ac-
curacy of 94.56%, which significantly improved 
the classification performance of the network 
[10]. Lung images processed with the modified 
clip limit-based contrast limited adaptive his-
tograms equalization (MC-CLAHE) and singular 

Figure 1. Significant variation among CT images produced by different scanners. (A) Somatom scope; (B) GE 
Optima CT540; (C) GE Revolution CT. All images were sourced from Shanghai Chest Hospital and have obtained 
informed consent from the participants.
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value decomposition-contrast limited adaptive 
histogram equalization (SVD-CLAHE) approach-
es both obtained good classification accuracies 
[11, 12].

Data Generation

It is difficult to obtain a large number of CT 
images or X-ray image datasets of COVID-19 in 
a short time due to the specificity of medical 
datasets and the large amount of manpower 
required. However, machine learning, especially 
deep learning, is primarily dependent on a large 
number of images. Therefore, many research-
ers used weakly supervised learning methods 
for COVID-19 detection and diagnosis tasks [13, 
14]. Weakly supervised learning is intermediate 
between supervised and unsupervised learn-
ing, and it can obtain favorable results based 
on a small amount of data.

Generative Adversarial Network

Generative adversarial network (GAN) was used 
for image denoising and produced high-quality 
images [15]. The gradient loss function was 
introduced into unsupervised learning-based 
non-rigid 3D medical image alignment and ex-
erted favorable results in processing data with 
noise and blur [16]. The weakly supervised 
learning method can not only remove noise 
from the original image to obtain a high-quality 
image, but also generate new images to expand 
the dataset. Loey et al. used GAN to expand the 
original dataset by a factor of 30 and obtained 
favorable results in diagnosing COVID-19 based 
on X-ray images [17]. However, the expansion 
was based on the original small dataset, and 
the model’s generalization performance was 
not tested. Therefore, the quality of the generat-
ed images could not be guaranteed. In a study 
conducted by Albahli et al., the synthetic chest 
X-ray images were checked by five radiologists 
and then mixed with the original images for the 
diagnosis of COVID-19, and the classification 
accuracy based on the deep learning network 
Resnet achieved 89% [18]. However, the origi-
nal images were all from the frontal angle, and 
the accuracy may be higher if X-ray images 
from other angles could be combined. In addi-
tion to generating images from the same image 
pattern, weakly supervised learning enables 
image style migration and cross-modal data 
enhancement. Some researchers used GAN to 
transform contrast-enhanced CT images into 
non-enhanced CT images and compared the 
segmentation performance of U-Net trained on 
the original dataset with that of U-Net trained 
on the combined dataset of original data and 
generated images, with the latter accuracy be-

ing 4% higher than the former [19]. In the study 
of Zhang et al., they used 3D Cycle-GAN with a 
shape consistency loss function to combine two 
modality datasets with labels and achieved mu-
tual image transformation and data enhance-
ment between cardiac magnetic resonance 
images (MRI) and cardiac CT images [20]. Still, 
it requires labels in both datasets, which lim-
its the application scenarios of this approach. 
Some researchers proposed an end-to-end 
synthetic segmentation network for training 
segmentation networks across modalities. With 
SynSeg-Net, they transformed the labels in MR 
and CT into each other and achieved better 
results in segmenting brain CT images and ab-
dominal enlarged spleen [21].

Domain Adaptation

Besides GAN, transfer learning based on do-
main adaptation is also a kind of weakly super-
vised learning method for solving the problem 
of lack of labels. Applying an algorithm or 
model trained in one or more domains to other 
domains is called domain adaptation, and the 
source and target domains need to have the 
same feature space. Some researchers solved 
the problem of unlabeled datasets by domain 
adaptation in COVID-19 diagnosis and obtained 
favorable outcomes [22, 23]. Jin et al. proposed 
a self-correcting learning scheme with domain 
adaptation driven by prior knowledge and 
dual-domain enhancement and applied it for 
self-correcting segmentation of infected regions 
in lung CT images [24]. The model, so called 
DASC-Net, adaptively aggregates the learned 
model and the corresponding generated pseu-
do-labels so that the features of the source 
and target domains are aligned. This method 
reduces the generated noise caused by the 
pseudo-labels. Later, the proposed model was 
applied on three publicly available COVID-19 CT 
datasets to test its generalization performance, 
and the results showed that DASC-Net obtained 
more advanced segmentation accuracy than 
others. Sun et al. proposed a novel orthogonal 
decomposition adversarial domain adaptation 
(ODADA) architecture for replacing the tradition-
al adversarial domain adaptation module, test-
ed it on three publicly available datasets, and 
received favorable outcomes [25].

Brief Summary

In this section, the importance of pre-process-
ing is first described, and some common meth-
ods are enumerated. Subsequently, a number 
of countermeasures are presented, along with 
the corresponding limitations in data augmen-
tation and data generation encountered during 
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medical image processing when dealing with 
difficult-to-collect datasets and variations in 
dataset quality during the COVID-19 epidemic. 
Almost every medical image processing re-
quires preprocessing to achieve higher accu-
racy. Therefore, we hope that this section can 
assist relevant researchers in choosing the 
appropriate preprocessing method according to 
their datasets, so as to accomplish subsequent 
tasks more effectively.

Segmentation

Medical image segmentation is to identify re-
gions of interest from medical images (including 
MRI, CT images, ultrasound images, etc.) and 
segment them from the background, which 
is an essential yet challenging step in image 
processing and analysis for evaluating and 
quantifying COVID-19 [26-28]. According to the 
tools used, medical image segmentation can 
be further divided into traditional and seman-
tic segmentation based on deep learning. In 
traditional methods, researchers manually ex-
tract low-level semantic features such as color 
values, grayscale values, and geometry of the 
image and then segment the image into mul-
tiple regions without intersection with similar 
features shared in the same region. Finally, the 
segmented image is obtained by annotating 
these regions. The commonly used traditional 
methods are segmentation algorithms based 
on thresholding, region, edge detection, con-
figuration, clustering, deformable model, and 
graph theory. Segmentation based on deep 
learning extracts the medium- and high-level 
semantic features from the images. Due to the 
excellent feature extraction and representation 
capabilities in image segmentation, as well as 
the avoidance of manual feature extraction, 
convolutional neural networks (CNN) have been 
used to segment medical images in recent 
years. CNN has made great contributions, espe-
cially in segmenting COVID-19 images [28]. But 
few researchers have conducted research in 
this direction because there are few COVID-19 
X-ray datasets with mask images [29]. The pri-
mary focus of this section is to provide a com-
prehensive summary of the application of deep 
learning in medical image segmentation, spe-
cifically on CT images of COVID-19. Within the 
existing literature, two distinct segmentation 
tasks have been identified for the segmentation 
of COVID-19 images: lung field segmentation 
and lung-lesion segmentation.

Lung Field Segmentation

Lung field segmentation is to segment the lung 
from the image as a preprocessing step for 

subsequent tasks such as classifying and fine 
segmenting the infected region. Several studies 
have demonstrated that lung field segmenta-
tion helps to improve diagnostic accuracy and 
reduce the difficulty of the subsequent tasks 
[10, 29, 30]. In the study of Aswathy et al., cas-
caded U-Net was employed for segmentation 
of COVID-19 images [31]. They first removed 
the part of the background that resembled the 
lung by preprocessing. After this, they used two 
3D U-Net, of which the first network separated 
the lung from the background, and the second 
network segmented the lung lesion region, and 
finally obtained a favorable dice score of 82%. 
Wang et al. constructed a segmentation-clas-
sification dual task model in which the entire 
parenchymal lung region was firstly segment-
ed, and the lung lesion region was segmented 
afterward [32]. They tested several combined 
models of segmentation and classification net-
works and validated them on multiple datasets 
by five experts. The result showed that the “3D 
Unet++-ResNet-50” combined model achieved 
the best AUC of 0.991, and the system was de-
ployed in at least sixteen hospitals.

Lung-Lesion Segmentation

Lesion region segmentation is to segment 
regions of interest from lung images, such as 
regions indicating consolidation, ground glass 
opacity (GGO), pulmonary fibrosis, interstitial 
thickening, and pleural effusion. However, le-
sion regions in CT images of COVID-19 patients 
at early stage are small and have their own 
shapes and textures, which are challenging for 
lesion segmentation. Most segmentation mod-
els are variations of U-Net and V-Net. We pres-
ent a typical segmentation-based COVID-19 di-
agnosis model in Figure 2 [33]. U-Net is a fully 
convolutional network with U-shaped symmetric 
encoding and decoding paths, and the same 
layers in both paths are connected to learn con-
textual features better. Several studies demon-
strated the applicability of U-Net to the seg-
mentation of medical images [33, 34]. V-Net is 
a variant of U-Net applied to 3D data. Zhang et 
al. proposed a new segmentation method that 
combined residual and dense blocks and used 
them in U-Net to form a new concatenation, 
namely QC-HC U-Net [34]. They tested it on two 
publicly available datasets and got dice scores 
of 82% and 81%, respectively. Chen et al. used 
aggregated residual transformations to learn 
features with robustness and expressiveness 
[35]. They applied attention mechanisms to im-
prove the model’s ability to distinguish various 
symptoms of COVID-19, achieving a dice score 
as high as 94% [35]. Despite the favorable 
outcomes achieved by countless researchers 
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in segmenting medical images using U-Net and 
its variants, one of the remaining problems 
of deep learning is the lack of interpretability. 
Hence, Wu et al. developed a joint classifica-
tion and segmentation for COVID-19 diagnosis 
[36]. To increase the interpretability of the 
model, they introduced class activation map-
ping (CAM), a tool for visualizing convolutional 
neural networks (CNNs). Using CAM, they could 
clearly observe the areas that the model fo-
cused on and then make targeted adjustments. 
Besides, Wu et al. systematically constructed 
a large COVID-19 classification and segmenta-
tion dataset named COVID-CS and tested their 
proposed system in this dataset segmentation 
[36]. The dice score of their segmentation task 
was 78.5%. The lack of labels of datasets is 
one of the most common problems in medical 
image segmentation, so some researchers 
suggested using weakly supervised methods 
to generate segmentation mask images. In a 
study conducted by Fan et al., they proposed 
a COVID-19 lung lesion segmentation network 
called Inf-Net, which utilized a reverse attention 
module and an edge attention module to im-
prove the identification of infected regions [37]. 
In addition, to address the lack of labeling of 
datasets, they also proposed a semi-supervised 
segmentation network named Semi-Inf-Net. 
Wang et al. introduced the self-attentive mech-
anism and spatial convolution module into the 
segmentation model (SSA-Net) to automatically 
identify infected regions from chest CT images 
[38]. The self-attentive mechanism could ex-
tract useful contextual information from deeper 
levels to enhance feature learning without ad-
ditional training time. Spatial convolution is a 
method that processes only the adjacent image 
elements around each pixel, which can be used 

to strengthen the network and accelerate the 
training convergence.

Brief Summary

This subsection provides an overview of medi-
cal image segmentation, including its meaning 
and classification. Additionally, common chal-
lenges associated with segmenting COVID-19 
images are outlined, and a range of potential 
solutions are presented. The goal of this sub-
section is to assist researchers in selecting the 
most suitable network architecture for their 
specific segmentation problems and to help 
them anticipate possible challenges while pro-
viding corresponding solutions.

Classification

Rapid identification and appropriate treatment 
of patients with suspected COVID-19 in the 
epicenter of outbreak is of great importance. 
Due to the fast imaging, X-ray and CT scans are 
widely used to diagnose COVID-19 [39]. Howev-
er, the large number of medical images adds to 
the burden of specialists, and COVID-19 shares 
the same imaging features with common lung 
diseases such as pneumonia. Inexperienced 
doctors may need help in distinguishing them. 
Therefore, it is necessary to use machine learn-
ing to assist in classification. In the existing 
studies, COVID-19 classification based on med-
ical images and artificial intelligence could be 
broadly classified into three categories: classi-
fication based on traditional machine learning, 
CNN-based classification, and combining of 
traditional machine learning and CNN.

Classification Based on Traditional Machine 

Figure 2. A typical UNet-segmentation-based pixel-level model. (A) original image obtained using the Revolution 
CT scanner; (B) segmented image obtained using the Revolution CT scanner. This image is from Shanghai Chest 
Hospital and has obtained informed consent from the participant.
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Learning

The common algorithms for the classification 
task of the COVID-19 dataset mainly include 
Naive Bayes (NB), support vector machine 
(SVM), decision tree (DT), random forest (RF), 
adaptive boosting (AdaBoost), K-nearest neigh-
bor (KNN), gradient boosting decision tree 
(GBDT), logistic regression (LR), artificial neural 
network (ANN), extremely trees (ET), light gra-
dient boosting machine, multilayer perceptron 
(MLP), etc. In a study by Absar et al., the tex-
ture, color, and shape features were extracted 
from 7,180 X-ray images after preprocessing 
[39]. Then, these images were classified by an 
SVM classifier with five-fold cross validation, 
which obtained an accuracy of 98.83%. Wu 
et al. used a combination of gray level co-oc-
currence matrix (GLCM) and nonsubsampled 
dual-tree complex contourlet transform (NS-
DTCT) to extract texture features of images, and 
used an RF classifier to predict the result [40]. 
At last, they achieved an AUC of 0.957 in dis-
tinguishing COVID-19 from other pneumonia. 
Some researchers used a single model, while 
others selected the optimal model from multi-
ple models or used a combination of models 
to construct their classification models. Tamal 
et al. manually segmented lung parenchyma in 
X-ray images, after which the radiomic features 
of each lung were extracted separately using a 
tool called Pyradiomics, and achieved an AUC 
of 0.9226 in classification task with multiple 
machine learning algorithms [41]. Shahin et al. 
developed a computer-aided diagnosis (CAD) 
program [42]. After being segmented by k-mean 
clustering, the images were predicted by SVM 
and radial basis functions (RBF). This program 
performed well in predicting whether a patient 
was infected with COVID-19 and staging the pa-
tient’s condition, and it could be used to reduce 
the workload of clinicians.

CNN-based classification

The performance of the traditional machine 
learning approaches is limited, while CNNs 
can perform better. Diagnosing COVID-19 by 
transfer learning is one of the most common 
approaches. It is more challenging to obtain 
COVID-19 medical image datasets compared 
to common pneumonia and normal subjects, 
so if the data used to train the CNN model are 
unbalanced, especially when there are fewer 
COVID-19 images compared to other classes, 
although good results can be obtained in the 
overall classification task, the performance 
would be poor in detecting COVID-19 alone. 
Such classification networks do not have reli-
ability. Data augmentation is the most common 

solution to the imbalance in data distribution. 
Saha et al. applied a deep convolutional neural 
network called decomposition, transfer, and 
combination (DeTraC) to detect COVID-19 in 
X-ray images [43]. To improve the efficiency of 
the model, principal component analysis (PCA) 
was applied to project the high-dimensional 
features extracted through the CNN to lower 
dimensions for feature dimensionality reduc-
tion. Finally, their method was tested on two 
datasets, and obtained an accuracy of 93.1%. 
The number of common pneumonia images 
they used was significantly less than that of 
COVID-19. Although the data augmentation was 
used to slightly moderate the error caused by 
an imbalance in the number, they did not take 
into account the error caused by different im-
age sources. A transfer learning method based 
on domain adaptation solved this problem well. 
Zhang et al. used a domain adaptation method 
called COVID-DA to accurately identify COVID-19 
with a small number of labels [30]. Using a 
single CNN model to detect COVID-19 without 
model improvement might make it difficult to 
achieve high-accuracy classification on X-ray 
images or CT images [44]. Some researchers 
started to explore the use of multiple deep 
learning models and combine them in a task, 
and this learning method is called integrated 
learning. Rahimzadeh et al. used features ex-
tracted through two CNN models (ResNet50V2 
and Xception) in tandem for a triple classifica-
tion task on X-ray images based on two publicly 
available datasets, and the average accuracy 
reached 91.4% [45]. Hall et al. applied Res-
Net50, VGG16, and their own small CNN to the 
classification task of COVID-19 and selected 
problematic CT images using a voting system, 
with a final accuracy of 91.24% [46]. The inte-
grated model using multiple algorithms could 
improve the accuracy of diagnosis to some ex-
tent compared to each individual algorithm, but 
the integrated model is computationally expen-
sive because it must train millions of parame-
ters, which makes it challenging for researchers 
to tune the hyperparameters.

Classification Based on a Combination of Tra-
ditional Machine Learning and CNN

Some features extracted by CNN may nega-
tively affect the classification task, and we can 
remove these irrelevant features by combin-
ing traditional machine learning algorithms 
to obtain higher classification accuracy. Many 
researchers combined traditional machine 
learning and CNN and obtained favorable out-
comes [47]. Sahlol et al. proposed an improved 
COVID-19 image hybrid classification method 
using CNN to extract features. They used the 
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marine predator algorithm (MPA) to select the 
most relevant features [48]. Finally, fraction-
al-order calculus (FOC) was used to enhance 
features. Then, they applied this method to sev-
eral datasets, and the classification accuracies 
were all above 98%. Their approach achieved 
high performance in classification while reduc-
ing the computational complexity. Kassania et 
al. used an advanced CNN model to extract fea-
tures from X-ray images and trained machine 
learning algorithms to classify COVID-19 [49]. 
They used 10-fold cross-validation to evaluate 
the average generalization performance of the 
classifier in each trial. Finally, the combination 
of DenseNet-121 and Bagging Tree achieved 
an optimal accuracy of 99.00%, which is also 
the highest accuracy on this dataset. However, 
their dataset is small, and further validation on 
a larger dataset is needed. In the study of Jin 
et al., the pre-trained AlexNet model was used 
for deep feature extraction and filtered features 
[50]. Finally, SVM classifiers with various kernel 
functions (linear, quadratic, cubic, and Gauss-
ian) were used for COVID-19 classification, 
achieving an accuracy of 98.64%, which was 
higher than that of the pre-trained CNN classifi-
cation alone.

Brief Summary

This section provides a detailed introduction to 
the role of medical image-based classification 
methods in COVID-19 from three aspects: clas-
sification based on traditional machine learn-
ing, CNN-based classification, and combining 
traditional machine learning with CNN. Tradi-
tional machine learning technology is compara-
tively mature but exhibits limited performance, 
whereas CNNs often yield favorable results but 
require additional resources. The combination 

of traditional machine learning and CNN can 
achieve high classification accuracy.

Dataset

Having sufficient high-quality training datasets 
is vital for designing, implementing, and eval-
uating COVID-19 medical image-based diag-
nostic models. In this section, the focus is on 
introducing the datasets available for COVID-19 
images. Table 1 provides a summary of 13 
datasets used for classification and segmenta-
tion purposes. The table includes information 
such as the imaging modality, the number of 
COVID-19 samples, the total number of sam-
ples, the dimensionality of the data, and suit-
ability for segmentation or classification tasks.

• COVID-QU-Ex dataset [51-55]. This dataset 
was created by multinational researchers 
including Qatar University in Doha, Qatar. It 
contains chest X-ray image data of positive 
COVID-19 cases as well as normal and viral 
pneumonia images. The dataset consists of 
33,920 chest X-ray images and corresponding 
masked images, including: 11,956 COVID-19 
images, 11,263 viral or bacterial pneumonia 
images, and 10,701 normal chest images.

• COVID-19 CT lung and infection segmenta-
tion dataset [56]. This dataset contains 20 la-
beled COVID-19 CT scan images. The left lung, 
right lung and infected areas are segmented by 
two radiologists and validated by experienced 
radiologists.

• SARS-CoV-2 CT dataset [57]. The data were 
collected from patients at the São Paulo Hospi-
tal in Brazil, containing 1,252 COVID-19 CT im-
ages and 1,230 CT images of healthy subjects.

Table 1. Summary of COVID-19 image datasets
Dataset Modality Covid-19 Total Format Segmentation Diagnosis
COVID-QU-Ex X-ray 11,965 33,920 2D √ √
COVIDGR Dataset X-ray 426 852 2D √
COVIDx Dataset X-ray 16,490 30,882 2D √
Covid-Chestxray-Dataset X-ray+CT 563 930 2D √
BIMCV COVID-19+ X-ray+CT -- 23,527 3D √
COVID-19 CT Lung and 
Infection Segmentation Dataset.

CT 20 20 3D √

SARS-CoV-2 CT CT 1,252 2,482 2D √
COVID-19 CT Segmentation Dataset CT 110 110 3D √
MOSMEDDATA CT -- 1,110 3D √
COVID-CT Dataset CT 15,589 63,849 2D √
CT Scans for COVID-19 Classification CT 4,001 39,370 2D √
COVIDx CT CT -- 431,205 2D √ √
Large COVID-19 CT Scan Slice Dataset CT 7,593 17,104 2D √ √



138

Progress in Medical Devices 2023; 1 (3): 131-144. PMD23030187

Progress in Medical Devices

• Covid-Chest x-ray dataset [58]. The dataset 
contains 930 images, including 45 lung CT 
images (including 42 positive images) and 
885 x-ray images. The limited sample images 
dictates that it needs to be used in conjunction 
with other datasets.

• COVID-19 CT segmentation dataset [59]. The 
dataset contains 110 CT scan images, 100 of 
which are annotated by radiologists and labeled 
with three types, including GGO, consolidation, 
and pleural effusion. In addition, it contains 
more than 700 lung parenchymal mask images 
that can be used to train the whole lung seg-
mentation network.

• MOSMEDDATA [58]. The dataset was provid-
ed by the Municipal Hospital in Moscow, Rus-
sia, with a total of 1,110 CT scan images, 50 of 
which have masked images, and the GGO and 
lung nodules were annotated by doctors.

• COVIDGR dataset [60]. This dataset was col-
lected by the Granada Hospital and contains a 
total of 852 X-ray images. It is noteworthy that 
it is a well-balanced dataset, containing X-ray 
images of both COVID-19 positive and healthy 
individuals, and covering a wide range of ill-
nesses and various stages of each one.

• BIMCV COVID-19+ [61]. Data were collected 
from some public datasets, including COVID-CT-
Dataset, COVID-19 dataset, COVID-19 radiog-
raphy database, and some private datasets. It 
includes a total of 23,527 X-ray and CT images, 
23 of which are GGO and solid lung lesions that 
annotated by radiologists. It is noteworthy that 
the size of this dataset is 389.27 GB, which 
can satisfy most of the deep learning dataset 
requirements.

• COVID-CTset [62]. It was collected from a ra-
diology department located in Sari, Iran, from 
March 5 to April 23, 2020. The dataset con-
tains complete raw CT scans of 377 individuals, 
including 15,589 CT images from 95 COVID-19 
patients and 48,260 images from 282 healthy 
individuals.

• CT Scans for COVID-19 Classification [63]. 
The data were collected from Union Hospital 
(HUST-UH) and Liyuan Hospital (HUST-LH), 
containing a total of 39,370 CT images. The 
researchers manually labeled a subset of 4,001 
images with imaging features associated with 
COVID-19, 9,979 images of both lungs with 
imaging features unrelated to COVID-19 and 
excluded 5,705 images that do not contain any 
lung information. Notably, this dataset also con-

tains some clinical features of the patients that 
can be used in other studies.

• COVIDx dataset [64]. This is a combined data-
set of COVID-19 X-ray images from COVID-19 
Image Data Collection, COVID-19 Chest X-ray 
Dataset Initiative, ActualMed COVID-19 Chest 
X-ray Dataset Initiative, RSNA Pneumonia De-
tection Challenge dataset, and COVID-19 radi-
ography database. A total of 30,000 images 
are included, including 16,490 positive cases.

• COVIDx CT [65]. This is a combined dataset 
of COVID-19 CT images collected from a num-
ber of publicly available datasets, including 
COVID-19 CT Lung and Infection Segmentation 
Dataset, MosMed Data [58], COVID-CT Set and 
so on. A total of 431,205 CT images from 6,068 
patients are included. 

• Large COVID-19 CT Scan Slice Dataset [66]. 
This dataset is collected from seven public 
datasets, including a total of 17,104 images, of 
which 60 CT scan images have masked imag-
es.

Prospect

The medical image-based approach has made 
an important contribution not only to the diag-
nosis of COVID-19, but also beyond.

Prognosis

Estimating disease progression or outcome 
over time based on patients’ pre-treatment 
medical images and guiding decision-making of 
physicians in further treatment is another area 
of research in medical imaging. The so-called 
medical state or outcome can be a specific 
medical event, such as death complications, 
or a quantitative measure, such as disease 
progression, pain and quality of life. In prog-
nostic studies based on medical images, the 
most common are overall survival (OS) analysis 
of patients and prediction of disease progres-
sion. These prognostic models can provide 
information for physicians to develop patients’ 
treatment plans. Huang et al. extracted the 
radiomics features of CT images to predict 
disease-free survival in patients with the initial 
stage of non-small cell lung cancer [67]. Ulti-
mately, they found that first-order statistical 
features were significantly associated with 
tumor heterogeneity and 3-year disease-free 
survival, and their method outperformed con-
ventional staging systems and clinicopathologic 
nomograms. The most common prognostic 
determination based on medical image of brain 
is the study of Alzheimer’s disease (AD). AD 
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is a progressive neurodegenerative disorder, 
and interventions in the early stages, known as 
mild cognitive impairment (MCI) and preclinical 
stages can obtain more favorable outcome. 
Accurate prediction of clinical changes in MCI 
patients, including qualitative changes (when 
to convert to AD) and quantitative changes at 
future time points, is therefore important for 
early diagnosis of AD and monitoring disease 
progression. Zhang et al. used multiple imaging 
modalities at multiple time points to predict the 
conversion of MCI [68]. They applied an MKL 
classifier consisting of time-varying longitudi-
nal imaging features and patient cognitive test 
scores at each time point in 88 MCI subjects, 
35 of whom converted to AD within one year. 
After using 10-fold cross-validation, their meth-
od achieved an accuracy of 78.4%, outperform-
ing those methods using only single modality 
images. In addition to AD, some researchers 
directed their attention to spontaneous intrace-
rebral hemorrhage (SICH). Zhou et al. collected 
radiomic features from CT images and some 
clinical information of 326 patients with SICH 
and developed radiomic-clinical (R-C) nomo-
gram drawings for the short-term prognosis of 
patients, and finally selected nine features for 
prognosis prediction [69]. Their method ob-
tained an AUC of 0.80 on the test sets, which 
helped clinicians assess the risk of patients. In 
addition to lung and brain, the approach based 
on medical images performed well in the prog-
nosis prediction of disease in other sites, such 
as breast, prostate, and liver. Keyl et al. devel-
oped a survival prediction model for advanced 
pancreatic cancer based on machine learning 
and multimodal data [70]. They extracted 
clinical data and radiomic features from 203 
patients with advanced pancreatic cancer and 
performed feature selection, resulting in a C-in-
dex of 0.71.

Since the outbreak of COVID-19, there has 
been a shortage of medical resources in many 
places of the world. If emergency resources 
are deployed properly, the epidemic can be 
effectively controlled; otherwise, it will inevi-
tably cause great losses. Therefore, during an 
epidemic, it is particularly important to manage 
patients in a hierarchical manner and to plan 
the use of medical resources such as the ICU. 
Zhang et al. proposed an AL-based radiomic no-
mogram, and they used CT images and clinical 
information to prognosticate the subsequent 
condition of COVID-19 patients [71]. They finally 
selected 21 radiological features and two clin-
ical features that were significantly associated 
with COVID-19 prognosis, and validated these 
features on an external dataset with favorable 
outcome (an AUC of 0.84). In addition to CT im-

ages, several studies have shown the statistical 
relevance of chest X-ray images for predicting 
the subsequent progression of COVID-19 for the 
hierarchical management of patients. Younus et 
al. proposed a novel high-resolution CT (HRCT) 
scoring system for predicting the progression 
of COVID-19 patients [72]. They divided the 
two lungs in CT images into 20 regions, scored 
each region, and graded COVID-19 patients 
according to the scores and clinical parameters 
for the hierarchical management. Their method, 
to some extent, reduced the burden on medical 
institutions during an epidemic. However, due 
to the scarcity of relevant datasets and patient 
privacy, prognostic studies based on medical 
images of COVID-19 patients are rare. Most of 
the studies do not have generalization perfor-
mance and are all short-term research. Stud-
ies have shown that some COVID-19 patients 
develop a variety of medium- and long-term 
sequelae after initial recovery from COVID-19, 
which may affect the respiratory, cardiovascu-
lar, neurological, musculoskeletal, dermatolog-
ic, and renal systems [73]. For this reason, the 
World Health Organization has emphasized the 
importance of the medium- and long-term prog-
nosis management for patients with COVID-19. 
A prognostic approach based on medical im-
ages may help physicians predict patients who 
are prone to develop COVID-19 sequelae early, 
so as to make treatment plans in advance.

Efficacy Assessment

Clinical efficacy assessment aims to examine 
the safety and efficacy of a drug or a treatment 
method in patients. Evaluation of effectiveness 
by comparing the differences in images before 
and after treatment is a typical approach. The 
WHO criteria and the Response Evaluation 
Criteria in Solid Tumors (RECIST) are the gold-
en criteria for assessing the effectiveness of 
radiation therapy in eliminating tumors, and 
tumor size is one of the most important factors 
in these two criteria. Mena et al. used PET-
CT to monitor the condition of NSCLC patients 
treated with radiation therapy [74]. They eval-
uated the efficacy according to the size of the 
tumor before and after treatment and made 
targeted adjustments to the subsequent treat-
ment plan. The results showed that PET-CT 
images could be evaluated systemically, and 
they played an important role in all stages of 
treatment (diagnosis, initial staging, treatment 
response assessment, and recurrence moni-
toring) in patients with NSCLC. Hadi et al. pre-
dicted the outcomes of breast cancer patients 
after neoadjuvant chemotherapy (NCA) with 
breast ultrasound images and the KNN classi-
fier [75]. They extracted textural features from 
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ultrasound images of 100 patients before, one 
week after, and four weeks after treatment, 
and combined clinical, pathological, and 5-year 
relapse-free survival (RFS) information to devel-
op an efficacy assessment model for evaluating 
the outcome of patients after receiving NCA. 
Ultimately, their model obtained an accuracy 
of 96%. Medical image-based efficacy assess-
ment can help healthcare professionals evalu-
ate the effects of therapeutic modalities such 
as radiation therapy, targeted therapy, and im-
munotherapy, as well as certain drugs. Mejia et 
al. evaluated the efficacy of drugs on patients 
with heart muscle disease by echocardiograph-
ic monitoring [76]. A comparison of parameters 
such as ventricular geometry, left ventricular 
end-diastolic dimension, and ventricular func-
tion in patients with dilated cardiomyopathy 
at pre-treatment, six months post-treatment, 
and 18 months post-treatment revealed that 
cardiac reverse remodeling drugs were highly 
effective in treating dilated cardiomyopathy, 
while Beta-blocking drugs reduced the patient’s 
heart rate and increased diastolic filling time 
for cardiac hypertrophy, decreasing left ventric-
ular outflow tract flow.

According to relevant studies, the mortality of 
COVID-19 patients in severe or critical condi-
tions could be as high as 49%, and respiratory 
support and dexamethasone use remain the 
mainstay of treatments [77]. Therefore, scien-
tists are investigating the development of other 
drugs and treatment modalities to reduce the 
rate of severe illness and mortality in patients 
with COVID-19. In the process of developing 
new drugs or treatment modalities, it is partic-
ularly important to select appropriate efficacy 
assessment metrics. To evaluate the effec-
tiveness of antiviral therapy in patients with 
COVID-19, Liao et al. designed a simulation trial 
to assess the efficacy of Remdesivir in patients 
with COVID-19, and the results demonstrated 
that Remdesivir helped to reduce mortality and 
improve the chances of recovery [78]. However, 
their trial included only statistical data, such as 
the length of hospitalization and mortality of 
patients, but ignored clinical and physiological 
data during treatment. Tobback et al. designed 
a randomized controlled trial to assess Camo-
stat’s efficacy in COVID-19 patients in severe 
or critical conditions [79]. They divided 90 pa-
tients into two groups. The experimental group 
was treated by using Camostat, and the control 
group was injected with a placebo. They used 
clinical parameters, clinical-improvement time, 
and nasopharyngeal viral load as indicators for 
evaluation. Although the final result showed 
that Camostat was not found to be effective in 
the treatment of COVID-19 patients, their meth-

od still made sense. For the therapeutic drugs 
or treatment modalities of COVID-19, most of 
the existing efficacy assessment trials used out-
come, clinical, and pathological data as evalua-
tion indicators. However, some studies showed 
that medical images could also be used for 
efficacy assessment. In order to evaluate the 
therapeutic effect of Chinese medicine on pa-
tients with COVID-19, Wang et al. selected 55 
critically ill patients as experimental subjects 
[80]. They compared the differences in CT im-
ages of patients before and after treatment and 
established a scoring system for the patients’ 
CT images, which was based on the percentage 
of lesion area and the type of imaging signs. 
Higher score indicates more severe disease. 
Patients’ images showed a significant reduction 
in lung consolidation after Chinese medicine 
treatment, indicating that Chinese medicine 
has an important role in promoting lung lesion 
absorption. It’s challenging to collect sufficient 
high-quality medical image datasets, so many 
medical image researchers could only obtain 
data from retrospective trials. However, for effi-
cacy assessment, we have to use different im-
ages in each trial due to individual differences, 
lack of normative indicators, and differences in 
treatment modalities and drugs, which poses 
an even greater challenge for research.

Brief Summary

In this subsection, we focus on discussing the 
potential application prospects of medical im-
ages technology regarding both prognosis and 
efficacy assessment of COVID-19. Additionally, 
some challenges encountered in existing stud-
ies are outlined. However, with the continuous 
expand of datasets and constant improvement 
in related standards, medical image-based 
prognosis, and efficacy assessment will play an 
increasingly significant role. These methods will 
aid in predicting subsequent disease progres-
sion of COVID-19 patients, assisting medical 
staff in efficiently allocating medical resources, 
and evaluating the effectiveness of new drugs.

Conclusion

In this review, recent research on COVID-19 
diagnosis based on medical images is sum-
marized in terms of three categories: image 
preprocessing, image segmentation, and classi-
fication. Firstly, the meaning and classification 
of the three tasks are described, followed by an 
enumeration of common issues in diagnosing 
COVID-19 and a presentation of potential solu-
tions. Subsequently, various public datasets 
for COVID-19 classification and segmentation 
are introduced. Finally, future research direc-
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tions for utilizing medical images in combating 
COVID-19 are proposed.

High-quality medical datasets with sufficient 
samples are becoming increasingly crucial. In 
addition to the need for legal and regulatory 
support, the datasets used by researchers 
should include different phases and multimod-
al images, such as ultrasound, X-ray, CT scans, 
and MRI, whenever possible, due to the fact 
that such multimodal systems can take full ad-
vantage of the important features of each im-
aging technique, thus improving the reliability 
of the diagnosis of COVID-19. There are many 
indications that medical image processing will 
play an increasingly important role in the future 
fight against COVID-19.
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Abstract

Medical ultrasound imaging is an integral part of preoperative diagnosis, lesion screening and ultrasound-guided 
interventional surgeries. Image segmentation techniques can enhance the identification of lesions and separate 
them from complex backgrounds, aiding physicians in both quantitative and qualitative analyses. Ultrasound im-
age segmentation algorithms are primarily categorized into two types: traditional non-semantic segmentation and 
deep learning-based semantic segmentation, each with distinct advantages and drawbacks. This paper delves 
into these segmentation principles, elucidating their relevance in the realm of ultrasound image segmentation, 
and offers an overview of current research trends. Our goal is to provide guidance for physicians and researchers 
in selecting the most suitable segmentation algorithm that tailors to their specific requirements.

Keywords: Ultrasound imaging, deep learning, semantic segmentation, developmental trends

Introduction

Ultrasound has emerged as a pivotal modality 
in contemporary medicine due to its efficacy 
in imaging sof t and muscular tissues. It 
has the advantages of rapid imaging, cost-
effectiveness, absence of radiation, and real-
time visualization of soft tissue structures 
compared to X-ray. Previously, mammography 
was the most effective tool for early detection 
of breast cancer, but it has obvious limitations, 
leading to misdiagnosis and many unnecessary 
b iops ies  (65 -85%) ,  as  we l l  as  missed 
diagnoses, where 10-30% breast cancers 
were not detected in time [1-3]. Therefore, 
ultrasound imaging has become an important 
alternative to mammography. Research has 
shown that over one fourth of studies utilized 
ultrasound images, with the ratio growing at 

an accelerated rate [4]. Evidence suggests 
that ultrasound images are ef fective in 
differentiating benign from malignant tumors 
with high accuracy [5]. Additionally, they 
enhance the cancer detection rate by 17% and 
reduce unnecessary biopsies by 40% [6, 7]. 

However, ultrasound image interpretation 
requi res  wel l - t ra ined and exper ienced 
radiologists. Even well-trained experts may 
have a high inter-observer variation rate. In 
recent years, computer-aided diagnosis has 
made great strides driven by advancements 
in computer technology, encompassing both 
computer vision and artificial intelligence [8]. 
Through computer-aided diagnosis, it is feasible 
to differentiate between benign and malignant 
breast tumors by analyzing their boundaries 
and morphology [9]. Moreover, segmentation 

Highlights
● Medical image segmentation algorithms play a crucial role in diagnosing and screening lesions. 
● Appropriate segmentation techniques are conducive to reducing the workload of doctors and hold significant 
  im plications for clinical auxiliary treatment.
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algorithms play a crucial role in identifying 
needle tips in ultrasound images, potentially 
reducing and compensating for surgeon fatigue 
during minimally invasive procedures [10].

Despite the advantages, ultrasound imaging 
also comes with challenges, namely limited 
resolution, ambiguous lesion boundaries, and 
the presence of speckle noise, all of which 
complicate accurate lesion segmentation. 
T h e r e fo r e ,  a c c u r a te  s e g m e n t a t i o n  o f 
lesions within ultrasound images remains a 
pressing challenge. While numerous image 
segmentation algorithms exist, this paper 
delves into the diverse domains of current 
ultrasound image segmentation algorithms and 
their applications. Furthermore, a summary and 
future outlook are provided, aiming to serve 
as a reference for researchers and medical 
practitioners.

Methods

Non-Semantic Ultrasound Image Segmentation

Traditional image segmentation algorithms rely 
on fundamental features, such as color and 
texture, to segment desired objects or regions. 
Owing to their high computational efficiency 
and consistent performance, these techniques 
have emerged as predominant in image 
segmentation applications. Notably, techniques 
rooted in edge detection, regional attributes 
and deformation models are commonly 
employed.

Edge-Based Ultrasound Image Segmentation

Edge-based image segmentation algorithms 
identify edges by analyzing the distinctiveness 
of pixels across different regions, primarily 
using threshold segmentation and differential 
operators.

Threshold segmentation stands out due to its 
ubiquitous applicability and foundational prin-
ciple: discernible grey-scale disparities exist 
between foreground and background regions, 

which allows for the determination of a suitable 
threshold, T, differentiating the foreground from 
the background, as shown in Figure 1 [11]. The 
Otsu method optimizes segmentation by select-
ing a threshold, T, that maximizes or minimizes 
the interclass variance across distinct regions 
[12]. An enhancement to the Otsu algorithm, 
as detailed by Hui-Fuang Ng, ensures that the 
threshold, T, aligns optimally with the valley 
of variance [13]. In ultrasound image, lesions 
exhibit a notably denser grey value distribution. 
The maximum entropy thresholding algorithm 
exploits this density, calculating the information 
entropy of image to pinpoint the ideal thresh-
old, T, at the position of maximum entropy [14].

Local differential operators, including the La-
placian, Sobel, and Canny operators, facilitate 
edge detection for image segmentation [15, 
16]. As shown in Figure 2, these operators op-
erate on the premise that first-order derivatives 
present extreme values at greyscale transitions, 
while second-order derivatives manifest non-ze-
ro points. However, in ultrasound image, the 
inherent discontinuity and high-frequency noise 
complicate lesion edge identification when 
relying solely on differential operators. To ad-
dress these challenges, several enhancements 
have been proposed. For instance, researchers 
have utilized the nonlinear Laplacian operator 
to identify pixels associated with second-order 
derivative changes and augmented edge pixel 
definition for better segmentation [17]. Addi-
tionally, Fan et al. introduced nonlinear wave-
lets for segmenting the inner and outer bound-
aries of tubular artery ultrasound images [18].

Region-Based Ultrasound Image Segmentation
 

As shown in Figure 3, region-based algorithms 
offer a method for image segmentation, encom-
passing both the region growth and watershed 
algorithms. These algorithms segment images 
based on internal region similarity. Specifically, 
the region-growing algorithm identifies seed 
pixels through a defined growth criterion. It 
then amalgamates pixels sharing similar char-
acteristics across disparate regions, forming 

Figure 1. Basic flowchart of threshold segmentation.

Figure 2. Basic flowchart of edge segmentation using differential operator.



147

Progress in Medical Devices 2023; 1 (3): 145-154. PMD23050198

Progress in Medical Devices

distinct regions for ultrasound image segmen-
tation [19]. Fan et al. introduced a method that 
incorporates two constraints to autonomously 
identify seed pixels within breast tumor lesions 
[20]. This method innovatively merges iterative 
quadrinomial tree decomposition with grey-
scale values, thereby enhancing the segmenta-
tion of ultrasound image lesions.

As shown in Figure 4, the watershed algorithm, 
commonly referred to as watershed segmen-
tation, interprets the grayscale of an image 
as analogous to the topographical features of 
the surface of earth, with the grayscale values 
representing a third-dimensional elevation 
perspective [21]. Though prevalently employed 
in pattern recognition and medical imaging, 
the watershed method frequently suffers from 

over-segmentation. To counteract 
this, Weickert et al. introduced a re-
gion-merging approach as an enhance-
ment [22]. Additionally, the challenge 
of over-segmentation was tackled by 
Jung et al. through an integration of the 
watershed algorithm with wavelet trans-
form [23]. Further, Gomez et al. applied 
the watershed algorithm to segment 
breast ultrasound images by using con-
straints on the textural features derived 
from the Gabor filter [24]. 

Deformation Model-Based Ultrasound 
Image Segmentation

The concept of deformation model 
draws inspiration from physics and 
geometric theories. This model assimi-
lates relevant grayscale and texture in-
formation from image data to segment 
targets following predefined criteria, as 
shown in Figure 5.

The act ive contour model ,  of ten 
referred to as the snake model , 
provides a robust f ramework for 
delineating the contour of an image 
target through the minimization or 
maximization of an energy functional 
[25]. The curve evolution process of 
this model autonomously determinate 

the interior of the curve and maintains its 
smooth transition. An external force guides the 
curve towards the boundaries of the region 
of interest (ROI), as influenced by the image’s 
constraints and potential energy.

The region-based active contour Chan-Vese 
model was proposed by Wang et al. [26]. The 
Chan-Vese model proposed by Hmida et al. 
incorporates a new segmentation algorithm 
to obtain a model that depicts the contour 
of the mass [27]. Specifically, Kuo et al. 
segmented breast ultrasound images using 
radial gradient index contour [28]. Gu et al. 
proposed an improved approach based on 
the aforementioned algorithm by providing 
an edge-based deformation model [29]. To 
accurately track the local changes in grayscale 
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Figure 3. Region growing algorithm.

Figure 4. Watershed algorithm.

Figure 5. Basic flowchart of deformation model segmentation.
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in the ultrasound image, Li et al. utilized the 
local attribute of the kernel function, based on 
the region-scalable fitting method [30]. This 
algorithm is highly effective in segmenting 
images with uneven grayscale distributions. 
Moreover, an active contour model based on 
Bhattacharyya gradient flow was proposed to 
treat the target area and background area of 
images as different samples [31]. To achieve 
the goal of image segmentation without 
depending on the uniformity information 
of the super-grayscale image, the issue is 
transformed into a probabilistic model problem 
by computing the Babbitt distance between the 
two sample distributions. Yuan et al. proposed 
a model called region-scalable fitting and 
Bhattacharyya distance that combines the 
benefits of the region-scalable fitting model and 
the Bhattacharyya gradient flow model to solve 
the problem of uneven gray levels and blurring 
borders in ultrasound images [32].

Deep Learning-Based Ultrasound Image 
Segmentation

Convolutional neural networks (CNNs) are 
a special ized category in deep learning 
architectures designed to process structured 
grid data, such as images [33]. A typical CNN 
comprises convolutional layers, pooling layers, 
and fully connected layers. This design equips 
CNNs with robust feature extraction and data 
abstraction capabilities. Instead of relying on 
handcrafted features, CNNs can automatically 
recognize correlations between inputs and 
outputs through adaptive learning, making 
them particularly suitable for tasks such as 
image segmentation and classification.

U-Shaped and Its Derivative Networks

U-Net represents a pivotal advancement in 
medical image segmentation and continues 
to be a prominent semantic segmentation al-
gorithm, as shown in Figure 6 [34]. Within its 
architecture, the shallow convolutional layers 
predominantly capture spatial and textural nu-
ances due to their limited receptive field and 
high-resolution capacity. In contrast, the deep 
convolutional layers can discern broader se-
mantic features, facilitated by an expansive re-
ceptive field and lower resolution. Distinctively, 
U-Net exhibits a symmetrical encoder-decoder 
configuration, fostering an integration between 
shallow and deep feature representations. 
This architectural nuance equips U-Net with 
the capability to concurrently process both tex-
ture-oriented features and high-level semantic 
features, thereby augmenting its receptive field 
and enhancing segmentation precision. 

Various enhancements have been proposed 
to bolster the original U-Net architecture. 
The recurrent residual U-Net addresses the 
degradation in segmentation results that 
attributed to gradient explosion or vanishing, 
particularly as the network deepens [35]. 
Furthermore, the adoption of Prelu as an 
activation function has been suggested to 
optimize the network’s performance. Karthik 
et al. introduced a multi-level U-Net, which is 
capable of real-time segmentation of breast 
masses in ultrasound images [36]. U-Net++ 
innovatively incorporates a dense connection 
between each convolutional layer, performing 
upsampling and feature fusion on the encoder-
generated feature map to bridge the disparity 
between the encoder  and the decoder 
[37, 38]. In a different approach, residual 
U-Net employs the residual network as its 
backbone, enhancing the convolution module 
traditionally used in U-Net [39, 40]. Building 

Figure 6. U-Net model.
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upon this, ResUNet++ integrates a squeeze 
and extraction block to emphasize pivotal 
channels within the network, consequently 
suppressing less significant ones [41, 42]. 
Furthermore, the SK-U-Net approach refines 
the ROI of network towards the lesion using 
channel attention, resulting in the selective 
kernel module delivering superior segmentation 
outcomes during the segmentation of lesions in 
ultrasound breast images [43].

Advancements in U-Net data processing 
techniques are well documented, with a 
specific emphasis on data augmentation 
strategies. Zeiser et al. detailed an approach 
that enhances data through techniques such 
as contrast enhancement and flipping, while 
concurrently removing extraneous information 
from images by using U-Net [44]. In the more 
recent development, nnU-Net accentuates the 
significance of data augmentation [45]. Rather 
than primarily focusing on the model, nnU-
Net is dedicated to understand how varying 
segmentation tasks influence the final resulting 
segmentation. Consequently, nnUnet prioritizes 
data pre-processing, post-processing, and 
tailoring hyperparameter settings to cater 
to specific models for different tasks. This 
comprehensive approach aims to elevate both 
the efficiency and accuracy of segmentation 
tasks. Presently, the segmentation outcomes 
from nnUnet have become a benchmark for 
evaluating novel segmentation models.

Lightweight Networks

Fully convolutional network (FCN) represents 
a paradigm shift in image segmentation, 
notably decreasing computational demands by 
substituting the fully connected layers found in 
traditional CNNs with convolutional layers [46]. 
In SegNet, the deconvolution inherent to FCN is 
superseded by upsampling through nonlinear 
interpolation, further mitigating computational 

demands [47]. However, the existing parameter-
intensive nature of these models constrains 
their applicability for real-time processing 
in scenarios like clinical surgeries or mobile 
ultrasound-embedded devices.

In this context, Hu et al. reported an efficacious 
application of BiSeNet for segmenting pedi-
atric ultrasound images of the left and right 
ventricles, demonstrating superior speed and 
accuracy relative to U-Net [48, 49]. BiSeNet 
introduces a bidirectional segmentation frame-
work that coordinates two pathways: the spatial 
path and the context path as shown in Figure 
7. The spatial path emphasizes the preserva-
tion of spatially rich feature maps, while the 
context path rapidly downsamples to assimilate 
high-level semantic information, culminating in 
an expansive perceptual field via global aver-
age pooling. 

BiSeNet V2 refines this framework through 
incorporating a guided aggregation layer to 
bolster the synergy of spatial and semantic 
features [50]. Additionally, it enriches both 
spatial and semantic branches, interweaving 
an attention mechanism to amplify speed and 
precision. An insightful deviation is presented 
in “Rethinking BiseNet” where the short-term 
dense concatenate module is posited as the 
backbone network, replacing the classification-
centr ic backbone of BiSeNet [51].  This 
architectural shift, enabled by the short-term 
dense concatenate module, markedly amplifies 
network performance, granting an expansive 
receptive field with a constrained parameter 
set.

Applications in Ultrasound Image Segmen-
tation

Image Segmentation in Coronary Artery 
Disease

Vascular ultrasound is instrumental in the 
management of coronary artery disease. Its 
utility extends from the detailed delineation 
of coronary artery anatomy, providing critical 
guidance in the selection and evaluation of 
interventional strategies. The imaging modality 
offers an intricate view of blood vessel and 
tissue morphology, allowing clear visualization 
of structures beneath the intima and accurate 
measurements of vascular lumen diameters. 
Given its diagnostic accuracy, segmentation 
of vascular tissue structures is of paramount 
importance.

Sonka et al. employed the snake algorithm for 
coronary artery segmentation, incorporating 

Figure 7. The spatial path and context path of 
BiSeNet .
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prior knowledge of vessel cross-sections 
d u r i n g  m o d e l  d e fo r m a t i o n  [ 5 2 ] .  T h i s 
knowledge encompasses target  edges, 
shapes, edge orientations, and vessel wall 
thickness, reflecting manual segmentation 
procedures. In the study of Bouma et al., a 
lumen segmentation algorithm was proposed, 
combining a suite of filtering techniques: 
Gaussian, median, and anisotropic filters 
[53]. Coupled with distinct segmentation 
methodologies, including the threshold, 
region expansion, and discrete active contour 
methods, the algorithm’s performance was 
evaluated by exper ts [54].  However,  i ts 
efficacy is compromised in the presence 
of s ignif icant image noise,  result ing in 
suboptimal segmentation outcomes relative 
to expert-driven benchmarks. Pardo et al. 
introduced a statistical deformation model 
tailored for coronary artery segmentation 
by using a derived Gaussian filter for local 
edge delineation in varying directions [55]. 
This approach contrasts image features 
with established knowledge, guiding the 
deformation using linear discriminant analysis. 
This optimization streamlines the feature space 
and enhances the robustness of the model.

Yang et al. introduced an innovative approach 
dubbed “intravascular ultrasound segmentation 
network” for coronary artery segmentation 
using deep learning [56]. The network is 
rooted in the FCN architecture and employs an 
aggregated multi-branch structure, integrating 
features from both U-Net and SegNet in a 
symmetric layout. The encoding segment 
comprises four distinct modules, while the 
decoding segment consists of three. Crucially, 
skip connections are employed to furnish the 
decoder with supplementary information. 
Post-segmentation, an elliptical contour fitting 
process further refines the result. Compared to 
conventional methods, intravascular ultrasound 
segmentation network notably enhances 
segmentation accuracy.

Breast Ultrasound Image Segmentation

The abundant adipose tissue in breast causes 
over-segmentation, unclear lesion borders, 
low contrast, and increased shadows. As a 
solution to these issues, a three-step method 
for breast mass segmentation based on 
superpixel creation and curve development was 
proposed [57]. This method is based on the 
creation of superpixels and curve development, 
utilizing the simple linear iterative clustering 
method and density-based spatial clustering 
of applications with noise for breast mass 
detect ion and generat ing mammogram 

superpixels. Subsequently, ROI in breast 
masses are constructed, followed by a fitting 
approach based on local Gaussian distribution  
to capture the edge of the breast tumor 
through graphic block processing and spatial 
constraints. This method effectively eliminates 
the false positive region of the ROI and provides 
improved segmentation results by capturing the 
margin of the breast tumor more accurately.

Wang et al. proposed a novel solution to the 
complex issue of detecting malignancies in 
breast ultrasound images: the multi-level 
nested pyramid network (MNPNet) [58]. The 
center of MNPNet’s design is an encoder 
module that integrates both ResNet34 and 
atrous spatial pyramid pooling modules. This 
configuration ensures efficient encoding of 
context features from multiple levels, capturing 
both low-level details and high-level semantic 
information. On the other hand, the decoder 
module uses bilinear upsampling and a feature 
fusion technique, enhancing the segmentation 
precision of tumor border regions. Collectively, 
the MNPNet framework outperforms other 
methods in breast imaging analysis and holds 
promise for improving diagnostic accuracy in 
clinical practice.

Ultrasound-Guided Interventional Surgery

Ultrasound-guided minimally invasive surgery 
employs specialized puncture needles to 
access lesions through the skin, facilitating 
procedures l ike radiofrequency thermal 
ablation and needle puncture biopsy [59, 60]. 
This technique allows for localized treatment 
and minimally invasive surgical intervention 
on tumor lesions. Notable benefits include 
the absence of radiation exposure, rapid 
recovery, and cost-effectiveness. However, 
inherent challenges of original ultrasound 
images, such as low resolution, high noise, and 
difficulty pinpointing lesion locations, still exist. 
Consequently, during surgery, physicians must 
continuously monitor the position of the tip of 
the puncture needle, which is critical to the 
success of the operation. Thus, compared to 
other surgical procedures, ultrasound-guided 
minimally invasive surgery tends to be more 
reliant on the surgeon’s experience.

To accurately pinpoint the position of the 
puncture needle in real-time during surgery, 
Mwikirize et al. broke the process down into 
three stages [61]. First, the movement of the 
needle tip was identified and amplified within 
the ultrasound image, keeping the needle tip 
component in the foreground and relegating the 
rest to the background. Second, a regularization 
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filter was deployed to further emphasize the 
tip and extracted its form features. Finally, 
the modified Yolo network architecture was 
utilized to localize the needle tip within the 
original ultrasound image [62]. On the other 
hand, Mwikirize recommended classifying the 
needle tip before any augmentation [63]. If 
there’s spatial movement, the tip is enhanced; 
otherwise, it remains untouched. This selective 
approach avoids enhancing every frame, 
thereby reducing computational demands and 
accelerating the process.

Summary and outlook

Summary

This paper provides an overview of several 
ultrasound image segmentation algorithms 
employed in the realm of medical ultrasound, 
highlighting their evolution alongside advances 
in computer technology. Each algorithm 
presents its own strengths and weaknesses.

The traditional non-semantic image segmenta-
tion algorithm is both straightforward and swift. 
The main traditional non-semantic segmen-
tation algorithms are shown in Table 1. They 
perform effectively on individual images where 
there’s a pronounced contrast between the 
lesion and the surrounding regions. However, 
these traditional methods struggle to process 
ultrasound images with complex composition 
and high noise, posing challenges like unclear 

Table 1. Summary of traditional non-semantic segmentation algorithms
Algorithm reference Algorithm type Algorithm overview

Ng HF. 2006 [13] Threshold segmentation algorithm
Identifying an appropriate threshold value, 
T, where inter-class variance between 
regions is maximized or minimized.

Kapur et al. 1988 [15] Threshold segmentation algorithm Utilizing the maximum entropy threshold 
segmentation algorithm.

Aarnink et al. 1994 [17] Edge detection segmentation algorithm
Segmenting edge pixels using the nonlinear 
Laplacian operator for second-order 
derivative boundaries.

Fan et al. 1996 [18] Edge detection segmentation algorithm Segmenting edge pixels using nonlinear 
wavelet detection.

Fan et al. 2019 [20] Region segmentation algorithm

Using iterative quadrinomial tree 
decomposition with grayscale features 
to establish two constraint conditions for 
automatic seed pixel identification.

Gomez et al. 2010 [24] Region segmentation algorithm

Using texture features generated by 
Gaussian-constrained Gabor filters 
combined with the Watershed algorithm for 
segmentation.

Kuo et al. 2013 [28] Deformable model Contour segmentation using the Radial 
Gradient Index.

Yuan J. 2012 [32] Deformable model

Introducing the region-scalable fitting and 
Bhattacharyya distance model, merging 
region-scalable fitting and Bhattacharyya 
gradient flow benefits, to tackle uneven 
grayscale and blurriness

Table 2. Summary of deep learning semantic segmentation algorithms
Algorithm reference Algorithm type Algorithm overview

Ronneberger O et al. 2015 [34] U-Net model Using symmetrical U-shape with skip connections to 
merge shallow and deep features

Zhou Z et al. 2018 [37] U-Net model Added dense connections between convolutional 
layers.

Zhang Z et al. 2018 [39] U-Net model Replacing Backbone with Residual Network

Isensee F et al. 2021 [45] U-Net model Emphasizing data pre/post-processing and task-
specific hyperparameter tuning

Badrinarayanan V et al. 2017 [47] Lightweight network Upsample with nonlinear interpolation, reducing 
computations.

Yu C et al. 2018 [49] Lightweight network Bidirectional segmentation for space info retention 
and wider receptive field.

Yu C et al. 2021 [50] Lightweight network Enhanced spatial and semantic branches with 
attention mechanism.
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border segmentation.

T h e  d e fo r m a t i o n  m o d e l  i mp rove s  t h e 
accuracy of ultrasound image segmentation. 
Nevertheless, it comes with its own drawbacks, 
such as intricate computations, inability 
to achieve automatic segmentation, and 
imprecise boundary tracking.

Deep learning-based segmentation stands out 
for its superior quality and speed. The main 
deep learning semantic segmentation algo-
rithms are shown in Table 2. By using a light-
weight network, it can achieve fully automated 
segmentation in real-time. The main challenge 
here lies in the initial phase: a substantial 
amount of manually labeled data are essential 
for training the neural network.

Outlook

Effective ultrasound image segmentation 
aims to improve automated segmentation 
performance, enhance segmentation accuracy, 
and reduce computational demands. While 
critical to the creation and analysis of medical 
images, this process faces multiple challenges. 
Conventional algorithms and deformation 
models often fall short in delivering high-
precision segmentation for ultrasound images. 
Furthermore, the extensive application of deep 
learning is hindered by the limited availability 
of medical image data. Additionally, it is also 
challenging to ideally balance the speed and 
accuracy for real-time segmentation, limiting its 
clinical application.

Looking ahead, i t ’s  imperat ive to meld 
medical knowledge with image segmentation 
algorithms. Integrating traditional segmentation 
techniques with deep learning algorithms can 
be the linchpin for elevating clinical diagnosis 
efficacy. To counteract the data scarcity issue, 
datasets can be expanded using unsupervised 
learning.  Future network designs must 
harmoniously balance speed and accuracy, 
broadening their applicability in the ultrasound 
imaging domain.
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Abstract

Purpose: To explore the effect of electrode structure on welding quality by modifying the structure of magnesium 
alloy electrode. Methods: Two novel electrodes were designed in this study, including one with a circle (C) surface 
and the other with a square and arched (SA) surface. The designed electrodes were compared to a control elec-
trode with a smooth surface in terms of temperature distribution, thermal damage to tissue, and effective welding 
area. Finite element analysis was used to analyze the stress and strain of all electrodes and thermal damage to 
the tissue. Results: Pressure applied to the designed electrodes was within the elastic limit, and the deformation 
was less than 1%. The highest temperature of SA electrode (99.6 ℃) was similar to that of the control (100 ℃), 
while that of C electrode (106 ℃) was higher than the control. The mean temperature at the welding site in intes-
tine of the control electrode was significantly higher than that of the other two electrodes. Besides, the mean tem-
perature of C electrode was also slightly higher than that of SA electrode. The tissues welded by the control elec-
trode, C electrode and SA electrode were completely necrotic within an axial distance of 2.546 mm, 2.079 mm, 
and 1.835 mm from the edge of the welding area, respectively. Conclusion: SA electrode has the lowest thermal 
damage compared with the other two electrodes due to smaller effective welding area. Therefore, SA electrode is 
better than the other two electrodes.

Keywords: Radiofrequency energy, electrode structure, anastomosis, thermal damage

Highlights
● Two novel electrodes (one with circle surface and the other with square and arched surface) were designed for

radiofrequency intestinal anastomosis, and their effects were compared to a control electrode (smoot surface).
● The temperature and thermal damage to tissue produced by the two designed electrodes during welding are
lower than those by the control electrode.

● The electrode with square and arched surface has a smaller effective welding area and better effect on intestinal
anastomosis.

I. Introduction

In 2020, the Global Cancer Statistics Report 
stated that colorectal cancer is a highly preva-
lent cancer, and its incidence and mortality are 
among the top five of all cancers [1]. Clinically, 
the primary treatment methods for colorectal 
cancer include surgery, radiation therapy, che-
motherapy, and targeted therapy [2]. Surgical 
resection is a predominant treatment approach 
that widely used in all stages of colorectal can-
cer [3].

Surgical site infections (SSIs) are one of the 
most common complications after surgery, with 
implications for both clinical outcomes and 
medical costs [4, 5]. The incidence of SSIs due 
to large quantity and complexity of bacteria in 
the colorectal intestinal lumen ranges from 3% 
to 26%, representing a significant factor con-
tributing to deterioration and death of patients 
[6-8]. Anastomotic leakage, bleeding, and dis-
ruption of incision are the independent risk fac-
tors for SSIs in colorectal cancer [9]. Therefore, 
a safe and reliable anastomosis method plays 
a significant role in surgical treatment efficacy.
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Suturing and stapling are two conventional in-
testinal anastomosis techniques [10]. Both of 
them are discontinuous tissue matching. Con-
sequently, complications such as anastomotic 
leakage and bleeding often occur [11]. With 
the further development of medical technology, 
anastomosis techniques have gradually evolved 
towards minimally invasive surgery. Biological 
adhesives, energy welding, and other technolo-
gies have been gradually applied in anastomo-
sis [12]. However, common biological adhesives 
have problems such as poor adhesive elasticity, 
strong tissue toxicity, and rejection reaction. As 
a result, bio-adhesives are difficult to be used 
widely [13, 14]. The energy-based tissue fusion 
technology suggests that tissue healing can be 
achieved by heating the tissue with energy such 
as light, electricity, acoustic waves to coagulate 
and bind the proteins in the tissues at welding 
site [15-17].

With the progress of electrosurgical technolo-
gy, researchers have found that while heating 
the tissue, the triple helical structure of type I 
collagen monomers uncoils and transmutes to 
a randomly coiled mass of peptide chains [18]. 
The peptide chains solidify into a fused mass 
while two tissue layers are compressed togeth-
er [19]. In 2006, Salameh et al. used LigaSure 
system to suture blood vessels, which was the 
first application of radiofrequency (RF) energy 
for anastomosis [20]. In 2014, Zhou et al. ex-
plored the feasibility and effectiveness of intes-
tinal anastomosis in an in vitro porcine model 
with high-frequency welding device [21]. How-
ever, this technology has been hindered due 
to problems such as tissue thermal damage 
and insufficient anastomotic strength. Hence-
forth, a series of studies have been conducted 
to continuously improve the welding quality of 
intestinal tissue by altering the processing pa-
rameters such as extrusion pressure, welding 
temperature, duration of heat, and electrode 
structure [22, 23]. In 2015, Zhao et al. studied 

the effect of electrode structure and pressure 
on anastomosis in isolated pigs and showed 
that an optimized electrode structure could 
contribute to the anastomosis outcome [24]. 
In 2019, Tu et al. changed control parameters 
(power, interval time, and terminal impedance) 
to investigate the effect on the anastomotic 
quality [25].

Based on previous studies, we designed two 
types of electrodes and analyzed the influence 
of the electrode structure on the anastomotic 
quality. To explore the effect of electrode struc-
ture on welding quality, mechanical simulation 
was initially used to verify the mechanical prop-
erties of all electrodes. Then, various tempera-
tures and thermal damages were calculated 
through electrothermal simulation.

II. Materials and methods

Mechanical structure design

In this study, magnesium alloy was selected as 
the material of welding electrodes (negative 
electrode). Magnesium alloy has high biocom-
patibility and is biodegradable in vivo. Exces-
sive magnesium produced by degradation can 
be eliminated through the excretion system 
without metal aggregation, which is conducive 
to the formation of an intestinal anastomosis 
free of foreign bodies.

The working process of the novel electrodes is 
displayed in Figure 1. Magnesium alloy elec-
trode is placed in the intestine as a negative 
electrode which can degrade in the intestine. 
Two separate segments of intestinal tissue 
were overlapped in the order of “mucosa-se-
rosa”. Then, a copper electrode consisting of 
three identical discrete copper electrodes, each 
spanning at an angle of 120 degrees (Figure 1, 
left), was placed above the anastomotic area 
as positive electrode. RF energy was applied to 

Figure 1. Working process of novel electrode.
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complete the welding. The positive electrode 
was removed after welding, and the negative 
electrode could degrade in the intestine.

The welding quality can be affected by the elec-
trode structure of the welding area. Therefore, 
the differences of electrodes mainly lie in the 
welding area. During structural design, effec-
tive welding area, the contact area between the 
electrode and intestine in the welding area, and 
continuous symmetrical structure were consid-
ered. SOLIDWORKS 2022 software was used 
for the design of the mechanical structure. The 
three designed electrodes are shown in Figure 
2A. An electrode with a smooth surface in the 
welding area was used as a control electrode, 
with an effective welding area of 245.04 mm2. 
Additionally, we designed two electrodes: one 
is the circle (C) electrode whose welding part is 
composed of successive rings; the other is the 
square and arched (SA) electrode whose weld-
ing part is formed of the continuous pattern 
with square inside and surrounded by four C 
arcs. The effective welding areas of these two 
electrodes are 136.21 mm2 and 96.27 mm2, re-
spectively. Besides, for all electrodes, the inner 
diameter is 11 mm, and the outer diameter is 
13 mm. Width of the welding area is 6 mm. The 
structure of both electrodes can be referred to 
the control electrode.

Taking the control electrode as an example, the 

assembly drawing is shown in Figure 2B, and 
the same structure was used for the copper 
electrodes in the tissue fusion with the three 
electrodes.

Finite element analysis

Mechanical simulation

Construction of model

Mechanical properties alter due to the differ-
ence of electrode structure. Therefore, static 
structural module of ANSYS Workbench soft-
ware was used to analyze the stress and strain 
of the three electrodes under pressure. Tetra-
hedron mesh was applied in this simulation. 
Element size was set to 0.5 mm. The material 
parameters in the simulation are shown in Ta-
ble 1.

Boundary conditions

Both ends of the intestine were fixed. According 
to our previous studies, a force of 20 N was 
applied through the positive electrode, which 
was converted to a pressure of 0.125 MPa in 
the simulation [26]. The contact interaction be-
tween the electrode and the intestine was seen 
as friction, with a friction coefficient of 0.1.

Electrothermal simulation

Figure 2. Designed electrode structures and simulation model of control group. (A) Structures of control 
electrode (i), SA electrode (ii) and C electrode (iii); (B) Simulation model of control group. SA, square and arched; C, 
circle.
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Construction of model

The trend of temperature variation and distri-
bution as well as the thermal damage were 
analyzed by alternating current/direct current 
(AC/DC) module and heat transfer module of 
COMSOL5.6. One-third of each electrode model 
was applied to the electrothermal simulation 
because of the symmetry of electrode struc-
ture. Specific thermodynamic parameters of 
the material in simulation are shown in Table 2 
[27-29]. Free Tetrahedral meshes were applied 
in the simulation. The quantity of meshes of the 
control electrode, C electrode and SA electrode 
were 38143, 46264, and 390151, respectively.

Governing equations

The viscoelastic properties of intestinal tissue 
were calculated by the Maxwell model ex-
pressed in equation 1,

(1)

where ε is strain, σ is stress, Ε is elastic modu-
lus, and η is viscosity coefficient [30].

The thermoelectric coupling problem followed 
the Pennes biological heat transfer equation 2,

(2)

where ρ represents density, c represents spe-
cific heat, k represents thermal conductivity, 
T represents temperature,  represents arterial 
temperature,  represents blood density,  rep-
resents blood specific heat,  represents blood 
perfusion rate, and Q represents power absorp-
tion [31].

Tissue thermal damage was calculated using 
the Arrhenius equation expressed in equation 3, 

(3)

where  denotes the degree of tissue injury,  de-
notes heating time, A denotes frequency factor, 
and  denotes activation energy [32].

Boundary conditions

RF power was converted to the corresponding 
root mean square value of the DC voltage to 
enhance the convergence of the finite ele-
ment model. The energy input to the positive 
electrode was 110 V AC, while that to the mag-
nesium alloy electrode was set to 0. Domain 
point probes were added to detect temperature 
changes, and boundary probes were added to 
observe thermal damage in the intestine. The 
time of simulation was 8 s. At t=0, the initial 
tissue temperature was set to 37 °C, and the 
environment temperature was set to 25 °C.

III. Results

Mechanical simulation

Nephograms of the designed electrodes are 
presented in Figure 3. The maximum stresses 
of the control electrode, C electrode and SA 
electrode were 1.22 MPa, 6.69 MPa and 3.09 
MPa, respectively. The maximum stresses of all 
three electrodes were much less than the yield 
strength (175 MPa) of magnesium alloy. The 
maximum strain of C electrode was 0.00016, 
which is negligible. 

Electrothermal simulation

Only part of each electrode was applied to the 
electrothermal simulation because of the sym-
metry structure of electrode. The surface dia-
grams of the temperature at the 8th second for 
each electrode model are presented in Figure 4. 
The highest temperature of control electrode, C 
electrode, and SA electrode were 100 ℃, 106 
℃ and 99.6 ℃, respectively.

In order to analyze the temperature variation 
of the welding area more specifically, the mean 

Table 1. Mechanical parameters 
Project Density (kg/m3) Young’s modulus (Pa) Poisson’s ratio
Copper 8960 1.25e11 0.345
Magnesium alloy 1770 4.2e10 0.35
Intestine 1030 1.6e6 0.493

Table 2. Electrothermal parameter

Project Density (kg/m3) Electrical conduc-
tivity (S/m)

Thermal conduc-
tivity (W/(m∙K))

Thermal capacity 
(J/(kg∙K))

Relative dielectric 
constant (1)   

Magnesium alloy 1770 6.417e6 105.224 1e3 1
Copper 8960 5.998e7 400 385 1
Intestine 1030 0.07 0.493 3.595e3 8.98e3
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temperature variation in the intestine for all 
electrode models is shown in Figure 5B. From 
the 4th second, the mean temperature growth 
rate at the welding site of intestine in all three 
electrode models increased significantly. The 
mean temperature of the control electrode 
model was the highest and that of C electrode 
model was the lowest.

Two points in the intestine were specifically 
selected to insert temperature probes to detect 
the temperature variation of intestine during 
the process of welding, which are shown in 
Figure 5A. The mean temperature variations of 
point a and point b in the intestine are shown 
in Figure 5C. The temperature at point a of the 
control electrode was the highest and that of C 
electrode was the lowest. Point b of the three 
electrode models had the same result. The 
temperature of point a and b was the same 
for control electrode, while the temperature of 
point b was higher than that of point a for C 
electrode and SA electrode.

In addition, tissue necrosis is one of the import-
ant factors to measure the anastomosis effect. 
As shown in Figure 6A, the tissues welded by 
the control electrode, C electrode, and SA elec-
trode were completely necrotic within an axial 
distance of 2.546 mm, 2.079 mm, and 1.835 
mm from the edge of the welding area, respec-
tively. More tissue survived in the welding area 
of SA electrode than the other two electrodes. 
Figure 6B shows the proportion of necrotic 
tissue in all three electrode models. The pro-
portion of necrotic tissue was the highest in the 
control electrode model and lowest in the SA 
electrode model. Furthermore, the proportion 
of necrotic tissue of all electrode models in-
creased sharply from the 4th second.

IV. Discussion

Intestinal reconstruction is an important step 
in intestinal surgery, which is one of the corner-
stones of visceral surgery and is not expected 
to be overcome or replaced by other treatments 
soon [33]. Traditional anastomosis includes 

Figure 3. Nephograms of mechanical simulation of the three electrodes. (A) Stress nephogram of control 
electrode (i), C electrode (ii) and SA electrode (iii). (B) Strain nephogram of control electrode (i), C electrode (ii) and 
SA electrode (iii). C, circle; SA, square and arched.

Figure 4. Temperature distributions in the three electrode models. (A) Control electrode; (B) C electrode; (C) SA 
electrode. C, circle; SA, square and arched.
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suturing and stapling. The former is not suit-
able for minimally invasive surgery, and the 
latter may cause inflammation and infection, 
which is not conducive to anastomosis healing. 
Therefore, energy tissue fusion technology has 
emerged for intestine anastomosis.

However, intestinal leakage has always been a 
challenge after thermal anastomosis. Pressure, 
welding time, and temperature during welding 

are important factors that affect the anastomo-
sis effect. In previous studies, pressure, welding 
time, and other experimental parameters were 
explored to enhance the burst pressure and 
reduce thermal damage [21, 25]. Ritcher et al. 
studied the effects of 4 different electrodes on 
vascular closure with RF energy, which indicat-
ed the importance role of electrode structure in 
tissue welding [34]. However, there are still few 
reports to date on RF tissue welding technology 

Figure 5. Mean temperature variation at welding site of intestine in all electrode models. (A) Domain point 
positions at intestine of the control electrode (i), C electrode (ii) and SA electrode (iii); (B) Mean temperature 
variation at the welding site of intestine in all three electrode models; (C) Temperature variation of probes at 
intestine in all three electrode models. C, circle; SA, square and arched.

Figure 6. Tissue necrosis in the three electrode models. (A) Nephogram of proportion of necrotic tissue of Control 
group (i), C electrode (ii) and SA electrode (iii) at the 8th second; (B) Proportion of necrotic tissue. C, circle; SA, 
square and arched.
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from the perspective of electrode structure [24]. 
Therefore, in this study, we aimed to investi-
gate the effect of different electrode structure 
on welding quality to fill in the research gap 
in this respect. Previous studies of our team 
did lots of experiments in vivo and obtained 
optimized parameters of pressure and welding 
time, which were applied into simulations in the 
models [26]. C electrode and SA electrode were 
designed to reduce the thermal damage in the 
welding area, enhance the thermal diffusion 
ability, and improve the healing ability of the 
intestinal tissue. In fact, changing the electrode 
structure of welding area to decrease effective 
welding area can reduce necrotic tissues and 
improve heat dissipation capacity.

The maximum stress (6.69 MPa) of the C elec-
trode was the largest in all electrodes, which 
was much less than the yield strength (175 
MPa) of magnesium alloy. Besides, the maxi-
mum strain of the C electrode, 0.00016, was 
much less than 1%. Therefore, the mechanical 
properties of the SA electrode are better than 
that of the C electrode, but the mechanical 
properties of all electrodes are acceptable. Of 
course, excessive pressure will affect the intes-
tinal tissue and reduce the quality of the anas-
tomotic stoma.

The highest temperature of the C electrode was 
6 ℃, higher than that of the control electrode. 
This is due to the hollow structure, which reduc-
es effective welding area, thus increases the 
local current density. The highest temperature 
of the SA electrode (99.6 ℃) was similar to that 
of the control electrode (100 ℃). The effective 
welding area (96.27 mm2) of the SA electrode 
was about 39.29% of the effective welding 
area of the control. The effective welding area 
(136.21 mm2) of the C electrode was about 
55.59% of that of the control. That is to say, the 
hollow area is large enough, so the heat dissi-
pation rate of the SA electrode is faster than 
the C electrode. These results correspond to 
the mean temperature variation at the intestine 
of the welding area in three electrode models. 
The mean temperature of the SA electrode was 
the lowest and that of control electrode was the 
highest due to the hollow structure.

The mean temperature was calculated to ana-
lyze the whole temperature variation of intes-
tine in the welding area. Therefore, temperature 
probes were inserted into two different points 
of intestine in the welding area. When the input 
energy was constant, a larger proportion of ef-
fective area led to higher temperatures in the 
entry part. Point a is close to the hollow part 
and point b is at the connection of electrode 

symmetric structures in the welding area. In 
consequence, the temperature of point b of the 
two novel electrodes were higher than that of 
point a. Besides, as getting closer to the elec-
trode entity, there is more necrotic tissue in the 
welding area. Therefore, the rate of tissue ne-
crosis in the SA electrode model was the lowest 
compared with the other two electrode models.

V. Conclusion

Two novel electrodes (C and SA electrodes) 
were designed in this study to investigate the 
effects of electrode structure on RF tissue weld-
ing. Finite element analysis was used to ana-
lyze the mechanical property of designed elec-
trodes and thermal damage to tissue, which 
are important indices to evaluate the welding 
quality. The results of simulations show that the 
SA electrode is better than the C electrode, and 
also provide a strong support for facilitating RF 
tissue welding technology by optimizing elec-
trode structures. Even so, further in vitro and 
in vivo experiments are required to ensure the 
feasibility and safety of this technology.
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Abstract

Background: Irreversible electroporation (IRE) is an emerging tissue ablation technique that offers advantages 
over traditional catheter ablation, such as minimal thermal damage and reduced treatment time. However, as this 
technique also involves delivering energy through a catheter to target tissue, there are still challenges regarding 
the contact between the catheter and the targeted tissue, and there is a lack of relevant studies. In this study, 
we examined this issue using potato models with three groups of experiments. Methods: First, the relationship 
between the effect of biphasic and monophasic output modes and contact force (CF) was studied. Next, the effect 
of different voltages on biphasic output mode was examined. Finally, impedance analysis was conducted to test 
the contact impedance under different CFs. Results: The IRE ablation efficacy increased with the increase of CF 
in both monophasic and biphasic output modes, and there was a strong correlation between the ablation efficacy 
and the CF. In addition, at three voltage levels, the IRE ablation efficacy increased with increasing CF, and there 
was a strong correlation between the ablation efficacy and the CF. Conclusion: The results indicate that, under 
common IRE electrical parameter configuration, the effect of IRE on the tissue has a positive response to the CF of 
the electrode in the potato model. This finding has important implications for the design of electrodes used in IRE 
for the treatment of atrial fibrillation.

Keywords: Irreversible electroporation ablation, tissue-electrode contact force, atrial fibrillation, catheter ablation, 
potato

Highlights
● A strong positive correlation was identified in the investigation of the relationship between contact force and

irreversible electroporation (IRE) efficacy for tissue ablation.
● This research conducted on potato models highlights the importance of optimizing electrode contact force in

IRE for applications in atrial fibrillation treatment.
● Our findings provide insights into the design of advanced IRE ablation protocols and facilitate the clinical

development and translation of this technology for effective atrial fibrillation treatment.

Introduction

Atrial fibrillation (AF) is a prevalent cardiac ar-
rhythmia, affecting up to 4% of the global pop-
ulation. While the incidence of AF in individuals 
under 40 is very low (less than 1%), it drastical-
ly elevates with the increase of age, affecting 
17% of individuals over 80 years old [1]. This 
escalating prevalence in older individuals pos-
es a significant challenge to the extension of 

life expectancy globally. AF not only significantly 
impacts the body’s functioning but also leads 
to emotional distress and reduced quality of 
life [2]. It is estimated that by 2050, there will 
be 6-12 million individuals with AF worldwide, 
with an estimated 17.9 million people in Europe 
alone affected by this disease by 2060 [3, 4].

The management of AF involves anticoagu-
lation, rhythm control, and heart rate control 
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through various means. The most commonly 
used strategies include medical therapy and 
catheter ablation [5, 6]. Additionally, lifestyle 
modifications can also aid in AF management 
and reduce its incidence [7]. Radiofrequency 
ablation  and Cryoballoon ablation are the main 
clinical catheter ablation methods for AF. How-
ever, both of these catheter ablation techniques 
rely on temperature transmission, leading to 
three practical problems. The first problem aris-
es due to blood flow in the target area, causing 
a heat sink effect that can result in incomplete 
treatment. The second issue is non-selective 
killing of cells due to high or low temperature 
during treatment, which may cause unneces-
sary thermal damage to tissues adjacent to the 
target area [8, 9]. Lastly, the treatment efficacy 
depends on the contact force (CF) between 
electrode and tissue, leading to incomplete 
treatment due to the contact problem [9, 10]. 
Owing to these issues, there is an urgent need 
for a clinical novel therapeutic modality.

The irreversible electroporation (IRE) causes 
nanometer-sized irreversible micropores on 
the cell membrane under the influence of a 
high-voltage electric field. The presence of 
these micropores leads a loss of cell homeosta-
sis resulting in cell death. This is the principle 
behind IRE tissue ablation. This technique was 
initially used in the industrial and food sectors 
[11-13], and was later introduced into tumor 
ablation therapy, where it proved its non-ther-
mal properties and safety. It is now being ap-
plied in AF ablation therapy [14-16]. Compared 
to other catheter ablation techniques, IRE ab-
lation has less thermal damage to surrounding 
tissues and selectively kills cardiomyocytes [17, 
18].

Like radiofrequency ablation and Cryoballoon 
ablation, IRE ablation also delivers energy to 

the target tissue via a catheter. 
Therefore, achieving proper CF re-
mains a challenge [19, 20]. How-
ever, the relationship between CF 
and IRE ablation efficacy is not ex-
plicit, and there are few relevant 
studies [21, 22]. Therefore, fur-
ther in-depth research is warrant-
ed to understand the correlation.

The concept of CF in the field of 
robotic surgery is a significant 
and common topic, and the re-
search methods employed in this 
area hold substantial reference 
value for this study [23-25]. The 
aim of this study is to investigate 
the relationship between CF and 

IRE ablation efficacy in a potato model and to 
provide insights into catheter design for IRE ab-
lation of AF. Potato model is a commonly used 
plant model in IRE ablation experiments due to 
its capacity for visually representing the effects 
of IRE ablation. It also offers practical advan-
tages, such as easy access to experimental 
materials and the absence of ethical concerns 
[26-28]. This study utilized potato model and 
initially examined the relationship between CF 
and the IRE ablation efficacy under both bi-
phasic and monophasic pulse sequences, and 
then changed the amplitude to evaluate the 
response of efficacy and CF.

Material and methods

Laboratory prototype pulse generator and its 
output waveform

The high-voltage pulse generator used in this 
experiment is a laboratory prototype pulse gen-
erator (University of Shanghai for Science and 
Technology, China). The circuit design is based 
on the H-bridge biphasic pulse generator using 
MOSFETs (G3R30MT12J, GeneSiC Inc., USA) 
with the ability to withstand 1200 V. The gener-
ator can output monophasic and biphasic puls-
es up to 2000 V with a pulse repetition rate of 
up to 800 Hz. The duration of the output pulse 
is about 800 ns, providing a waveform output 
that meets the experimental requirements. 
The generator comprises a human-computer 
interface, a high-voltage generation module, an 
alternating current  to direct current  module, 
a fast-switch module, and a low-voltage control 
module, as illustrated in Figure 1.

In the first experiment, we delivered two IRE 
pulse sequences: a monophasic pulse se-
quence and a biphasic pulse sequence, as 
illustrated in Figure 2. The monophasic pulse 

Figure 1. Laboratory prototype pulse generator and its components.
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sequence consisted of 3,000 monophasic puls-
es, with an amplitude of 800 V, a pulse width of 
800 ns, and a repetition rate of 400 Hz (Figure 
2A). The biphasic pulse sequence comprised 
3000 biphasic pulses, with an amplitude of 
800 V, a pulse width of 800 ns, a repetition 
rate of 400 Hz, and a biphasic interval of 500 
μs (Figure 2B). To investigate the relationship 
between CF and IRE ablation at different volt-
ages, we conducted experiments with 800 bi-
phasic pulses, using amplitudes of 350 V, 500 
V, and 800 V, a pulse duration of 800 ns, a rep-
etition rate of 400 Hz, and a biphasic interval 
of 500 μs.

Electrode design and its clamp

Due to the presence of inherent variability in 
each potato model and the potential induction 
of artificial errors during processing, the resul-
tant effect plane of the models cannot remain 
entirely parallel to the electrode plane, thereby 
causing an incongruity in the contact area be-
tween the electrode and the divergent model 
surfaces of multiple potatoes. To mitigate this 
inconsistency, we shortened the length of the 
contact part between the electrode and the 
potato model. This approach lessens the de-

pendency of the experimental results on the 
parallel relationship between the potato mod-
els’ action surface and the electrode plane.

The electrode, as shown in Figure 3A, is made 
of 304 stainless steel with a convex pattern 
that allows only partial of the electrode to con-
tact with the potato model during pulse deliv-
ery. The diameter of the electrode is 0.7 mm. 
The length of the contact area between the 
electrode and the potato model was set to be 1 
cm.

The electrode clamp used in this experi-
ment was a white PLA 3D printed model. It 
is equipped with holes of different sizes on 
the side to accommodate fixed electrodes of 
varying sizes and allow for adjustment of the 
distance between two electrodes as required, 
which is set at 0.7 cm in this study, as present-
ed in Figures 3B and C. The clamps are se-
cured in place using screws and can be mount-
ed onto a lifting platform. 

Process of the potato models and assessment 
of the efficacy

Potatoes have been used as a common plant 

Figure 2. Two representative types of output waveform for the pulse generator. (A) Representative biphasic 
pulse; (B) Representative monophasic pulse.

Figure 3. Design schematic of the electrode and its clamp. (A) Front view of the electrode; (B) Side view of the 
electrode clamp; (C) 3D design schematic of the electrode clamp.
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model in IRE experiments to verify the efficacy 
of pulses, evaluate the efficacy of novel elec-
trodes, and measure the superiority of pulse se-
quences [26-28]. Due to the advantages of low 
cost, easy evaluation of results, and no ethical 
issues, it is widely used in IRE research [26-28]. 
Typically, black areas of melanin accumulation 
arising from intracellular polyphenol oxidation 
can only be observed in the potato model 12 to 
48 h after the experiment is conducted. The re-
sults are evaluated using comparisons among 
the black metrics under various parameters, 
which is a convenient, fast, and economical 
method for hypotheses testing [26]. Other eval-
uation methods, such as MRI scan and TTC 
staining, are also available [26, 29].

In this experiment, we employed direct obser-
vation to assess the validity of the experimental 
results. To ensure the experiment’s validity and 
eliminate the interference of factors such as 
individual variability and tissue uniformity, a 
potato model is cut into 2 pieces. Each piece is 
divided into 2 regions. And on each region, we 
applied different CF with the same pulse. The 
potato processing method and experimental 
procedure are presented in Figure 4. The po-
tatoes used in this experiment were procured 
from a nearby supermarket (RT-Mart, China) 

and utilized within 4 h of procurement. To ob-
serve the output waveform, an oscilloscope 
(AFG3022B, Tektronix Inc., USA) was used in all 
experiments. Impedance was detected using 
an impedance analyzer (IM3570, Hioki Inc., Ja-
pan).

Pressure control lifting platform

To regulate the CF output, a pressure-controlled 
lifting platform, manufactured in our laboratory, 
was employed in this study. This platform com-
prises a motor-driven arm, a control module, 
and a human-computer interface, as illustrated 
in Figure 5. Using PID control outputs, the de-
vice could output various pressures up to 70 
N, while pressure data were sampled using the 
AD5933 (Analog Inc., USA). In the experiment, 
we set the CF to 0.098 N (10 g), 0.49 N (50 g), 
0.98 N (100 g), and 2.94 N (300 g), respective-
ly, with G taking a value of 9.8 m/s2.

Overview of experimental design

The study comprised three experiments, using 
a total of 55 potato models. The first experi-
ment (20 potato models) examined the rela-
tionship between CF (0.098 N, 0.49 N, 0.98 
N, and 2.94 N) and IRE ablation efficacy under 

Figure 4. Schematic diagram of potato processing method and experimental steps. IRE, irreversible electropora-
tion.
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both monophasic and biphasic pulse sequenc-
es at the same voltage amplitude. The second 
experiment (30 potato models) assessed the 
relationship between CF and IRE ablation effica-
cy with different output voltage amplitudes (350 
V/500 V/800 V). A reference group was set, 
which was subjected only to CF without pulse 
(5 potato models). The inclusion of a reference 
group was intended to exclude mechanical 
damage caused by the electrode to the potato 
model and to prevent it from affecting the final 
experimental results. Prior to commencing with 
this experiment, a biphasic pulse output mode 
was confirmed with CF set at 0.098 N, 0.49 N, 
0.98 N, and 2.94 N. Finally, 15 potato models 
were selected from the above experiments to 
determine the relationship between the imped-
ance and different CF by gradually increasing 
the CF under the observation of the impedance 
analyzer.

Image processing

The potato model was photographed using a 
camera (Lumix S5, Panasonic Inc., Japan) fixed 
on a tripod, with a constant distance. The im-
age data was processed using MATLAB 2020 
(MathWorks Inc., USA). The processing method 
involved importing the color image into MATLAB 
and selecting the reference area (potato mod-

el’s original color) as the benchmark. The RGB 
value of the color block of reference region was 
used to set a threshold value of 100. Pixels 
were considered to belong to the reference re-
gion (non-oxidized region) when the difference 
between the RGB value of the target region 
and the benchmark RGB value was within the 
threshold value. Otherwise, the area was cate-
gorized as the action region (oxidized region).

Data and Statistical Analysis

Statistical analysis was performed using SPSS 
software (IBM Inc., USA). Data were expressed 
as mean ± standard deviation (SD) unless 
otherwise stated. Oxidation areas of different 
regions within the single potato in the same 
experimental group were compared using one-
way repeated measures ANOVA. Post hoc pair-
wise comparisons were conducted using Tukey 
test (*P<0.05, **P<0.01, ***P<0.001). Pearson’s 
correlation analysis was used to determine the 
correlation between CF and ablated area within 
the same potato.

Results

Relationship between CF and IRE ablation 
ef-ficacy under monophasic pulse and 
biphasic pulse

In this experiment, 20 potato models were pre-
pared according to the methodology illustrated 
in Figure 4 and were subsequently divided into 
two groups. Each potato model was subjected 
to four IRE ablation experiments with varying 
CFs. While keeping the output electrical param-
eters constant, different pulse output modes 
(monophasic and biphasic) were employed 
in each experimental condition. Following the 
completion of the experiments, all potato mod-
els were left for 24 h under room temperature 
(20 °C), and their results were recorded by a 
camera. Moreover, all potato models underwent 
the same after-treatment procedure following 
the experiment.

The results of the ANOVA test under different 
output modes are presented in Table 1. It was 
evident that significant differences existed in 
the mean effects of various CFs for both output 
modes. Furthermore, there was a significant 
difference in matching effects under monopha-

Table 1. ANOVA Test Results for one-way repeated measures under different output modes
Output mode F P-value matching F Matching  P-value
Monophasic 23.75 2e-7*** 2.993 2e-3**

Biphasic 22.94 2e-9*** 13.05 1e-10***

Note: **P<0.01, ***P<0.001.

Figure 5. Pressure control lifting platform and its 
components.
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sic output and a highly significant difference 
under biphasic output.

The experimental results of the potato model 
are shown in Figure 6A. After the experiments, 
surface oxidation areas caused by IRE could 
be observed on all potato models. Figure 6B 
depicts the relationship between the size of 
the IRE ablation areas and the CF within the 
same experimental group. The results of the 
Turkey post-hoc test are annotated in Table 2. It 
was evident that, regardless of whether mono-
phasic or biphasic modes, there was a highly 
significant difference in the size of the ablation 
zone at 0.098 N compared to the other CFs. 
Under both output modes, there was no signifi-
cant difference in the size of the ablation zone 
at 0.49 N and 0.98 N. However, for the 0.49 N 
and 2.94 N CFs, the size of the ablation zone 
exhibited an extremely significant difference 

in the monophasic output mode and a more 
noticeable difference in the biphasic output 
mode. Similarly, at the CF of 0.98 N and 2.94 
N, there was a highly significant difference in 
the size of the ablation zone in the monophasic 
output mode and a significant difference in the 
biphasic output mode.

Figure 6C illustrates the correlation between 
CF and IRE ablation areas under both operating 
modes. The correlation coefficients under both 
operating modes were greater than 0.5, which 
implies a robust relationship between the elec-
trode’s CF and the ablation effect.

Relationship between CF and IRE ablation with 
different amplitudes under biphasic pulse

In this experiment, 30 potato models in three 
groups were ablated using three different 

Figure 6. Experimental results and data evaluation in biphasic pulse output mode and monophasic pulse output 
mode. (A) Experimental results of biphasic and monophasic pulse on potato models; (B) Statistics data showing 
effect of different output mode on oxidation area under different CFs; (C) Correlation coefficient of CF and oxida-
tion area under different output modes. CF, contact force. *P<0.05, **P<0.01, ***P<0.001; ns represents P>0.05.

Table 2. Turkey Post-hoc Test Results for every two CF under both output modes
0.098 N
& 0.49 N

0.098 N
& 0.98 N

0.098 N
& 2.94 N

0.49 N
& 0.98 N

0.49 N
& 2.94 N

0.98 N
& 2.94 N

Monophasic 7e-4*** 2e-5*** 8e-6*** 0.94 4.6e-2* 6e-3**

Biphasic 1.9e-3** 8e-6*** 1e-9*** 0.29 3e-3** 4.5e-2*

Note: *P<0.05, **P<0.01, ***P<0.001. CF, contact force. 
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amplitudes (350 V, 500 V, and 800 V) with 
the same pulse sequence. IRE ablation exper-
iments were conducted on the cross-sections 
of each potato model under four different CFs. 
Subsequently, all potato models were kept at 
room temperature (20 °C) for 24 h and photo-
graphed with a camera. Following the experi-
ment, uniform disposal was performed on all 
the potato models.

The results of the ANOVA test for different out-
put voltage amplitudes are presented in Table 
3. It could be observed that, irrespective of the
output amplitude, significant differences exist-

ed among the various CFs. Furthermore, there 
was a significant difference in matching effects 
at a voltage amplitude of 350 V, and a highly 
significant difference at output voltages of 500 
V and 800 V.

The experimental outcomes of the potato 
model are depicted in Figure 7A, which dis-
plays visible surface oxidation areas resulting 
from IRE ablation on all the potato models 
after the experiment. Figure 7B delineates 
the alteration in the size of IRE ablation areas 
with respect to CFs applied within the same 
output voltage. The results of the Turkey post-

Figure 7. Experimental results and data evaluation in different output amplitudes. (A) Experimental results of the 
300V,500V, and 800V groups; (B) Statistics data showing effect of different output amplitudes on oxidation area 
under different CFs; (C) Correlation coefficient of CF and oxidation area under different output amplitudes. CF, 
contact force. *P<0.05, **P<0.01, ***P<0.001; ns represents P>0.05.
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hoc test are annotated in Table 4. It could be 
observed that, the oxidation area exhibited a 
growth trend with increasing CF at the same 
voltage. At the voltage of 350 V, there was a 
highly significant difference between 0.098 N 
and 0.49 N, and a significant difference was 
also observed at voltages of 500 V and 800 V. 
At 0.098 N and other two CFs (0.98 N, 2.94 N), 
all three output voltage amplitudes exhibited 
significant differences. For the CFs of 0.49 N 
and 0.98 N, there was no significant difference 
at 350 V, a significant difference at 500 V, and 
a more noticeable difference at 800 V. Under 
the CFs of 0.49 N and 2.94 N, highly significant 
differences existed for all three output voltage 
amplitudes. For 0.98 N and 2.94 N CFs, there 
were noticeable differences at 350 V and 500 
V, and a significant difference at 800 V. More-
over, Figure 7C reveals the connection between 
CF and ablation efficacy under varied voltage 
output conditions. Intriguingly, the correlation 
coefficients between CF and ablation area were 
greater than 0.5, indicating a robust relation-
ship between the two variables.

Impedance of potato model under different 
CFs 

The experiment revealed that the contact im-
pedance of various potato models differed 
under constant CF. An impedance analyzer was 
utilized to assess the contact impedance of the 
potato models, and Figure 8 depicts the differ-
ences in contact impedance among the various 
models under different CFs. Despite the dis-
crepancies observed in the contact impedance 
among different potato models, an identifiable 
pattern emerged and was consistent across all 
the models: an increase in CF corresponded 
with a decrease in contact impedance.

Discussion

We hypothesized that the CF between the elec-

trode and tissue could potentially influence the 
effectiveness of IRE treatment. To examine this 
relationship, experiments were performed on 
potato models.

To ensure that the experimental outcomes were 
not influenced by temperature, a thermal im-
aging camera (323 pro, Fotric Inc., China) was 
utilized to monitor and record the temperature 
in real-time during the experiment. The thermal 
imaging outcomes are depicted in Figure 9A. 
Following the application of pulses, the tem-
perature near the electrode increased maximal-
ly to 29.7 °C , which is insufficient to cause cell 
death. Hence, the impact of temperature on the 
findings can be disregarded. This finding aligns 
with previous investigations, indicating that pro-
longing the biphasic interval beyond 1 ms can 
drastically reduce thermal damage during the 
treatment process [30].

To prevent the mechanical damage caused by 
the CF between the electrode and potato from 
influencing the tissue, a control group was es-
tablished. As shown in Figure 9B, the control 
group did not exhibit enzyme-catalyzed brown-
ing under varied CF (0.098 N, 0.49 N, 0.98 N, 
2.94 N) in the absence of pulse output.

It is important to acknowledge that even 
though we ensured uniformity in the size and 
variety of the purchased potatoes, variations 
in the impedance response among different 
potato models at the same CF may still exist 
due to individual differences. The differences 
in impedance response could be attributed to 
various factors such as water content, cutting 
position, or uniformity of measurement posi-
tion in the potato models. Figure 8 depicts the 
variations in impedance among different potato 
models. Notably, we conducted the impedance 
detection at a frequency of 400 Hz as the rep-
etition frequency of the output pulse was 400 
Hz. Therefore, the output energy was primarily 

Table 4. Turkey Post-hoc Test Results for every two CF under three amplitudes
0.098 N
& 0.49 N

0.098 N
& 0.98 N

0.098 N
& 2.94 N

0.49 N
& 0.98 N

0.49 N
&2.94 N

0.98 N
& 2.94 N

350V 9e-4*** 3e-6*** 1e-9*** 0.138 3e-5*** 9e-3**

500V 4.7e-2* 4e-5*** 3e-10*** 1.3e-2* 4e-8*** 2e-4*

800V 2.7e-2* 3e-6*** 1e-9*** 7e-3** 2e-6*** 1.5e-2*

Note: *P<0.05, **P<0.01, ***P<0.001.

Table 3. ANOVA Test Results for one-way Repeated Measures under different output voltages
Output Voltage F P-value matching F Matching P-value
350 V 35.37 2e-9*** 3.074 1.1e-2*

500 V 41.70 3e-10*** 54.45 5e-15***

800 V 36.05 1e-9*** 4.773 <7e-4***

Note: *P<0.05, ***P<0.001
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focused on the 400 Hz frequency in the spec-
trum.

In recent years, the IRE ablation technique has 
undergone rapid development in both clinical 
and basic research. The output pulse sequence 
in IRE has evolved from a monophasic pulse 
sequence to a biphasic pulse sequence. In cur-
rent practice, monophasic and biphasic pulse 
sequences have become the most frequently 
used types of ablation pulse sequences [31-
34]. Our study provides clear evidence that the 
efficacy of IRE is positively correlated with the 
CF between the electrode and potato tissue 
under both biphasic and monophasic output 
modes. Interestingly, while our results show 
no significant differences in the correlation for 
both monophasic and biphasic output modes, 
Figure 6A illustrates that the ablation area un-
der monophasic output mode is greater than 
that under biphasic output mode at the same 
CF. The diminished efficacy of IRE ablation un-

der the biphasic output mode could be 
attributed to the cancellation effect [35]. 
However, our potato model experiment 
conducted under current parameters 
did not reveal a significant difference 
in the efficacy of IRE ablation at CFs of 
0.98 N and 0.49 N. This suggests that 
the present output electrical parameters 
may have saturated the IRE effect on the 
potato model. To mitigate the potential 
influence of the saturation trend in fu-
ture experiments, we plan to reduce the 
pulses to 800 and use the biphasic out-
put mode.

The output pulse amplitude is a critical 
electrical parameter for IRE, as it deter-
mines whether IRE can occur. Research 
has demonstrated that the electric 
field threshold for IRE in a potato mod-
el is approximately 475 V/cm, using 
a monophasic pulse sequence [36]. 
Literature suggests that reducing pulse 
width or using biphasic pulses results 
in an increased electric field threshold 
needed for tissue ablation, compared 
to monophasic or millisecond pulse 
width methods [30]. Therefore, in our 
experiment, we employed three voltage 
configurations: 350 V, 500 V, and 800 V, 
corresponding to electric field thresholds 
of 500 V/cm, 715 V/cm, and 1142 V/
cm, respectively. 

These voltage configurations are repre-
sentative of three treatment scenarios 
in clinical and experimental settings: 

slightly above the IRE threshold, above the IRE 
threshold, and above twice the IRE threshold. 
Our study revealed that, in a fixed output mode 
(biphasic), the trend of increasing treatment 
efficacy along with increasing CF remains 
unchanged when only the output voltage is 
changed. Notably, we found no significant dif-
ferences in this correlation across changes in 
amplitude. This suggests that during treatment, 
manipulation of the output voltage does not 
modify the dependence of treatment efficacy 
on CF.

Changes in the electrode-tissue coupling factor 
have a significant impact on the contact imped-
ance between the electrode and the tissue. For 
instance, in a potato model, a loaded contact 
site will cause elastic deformation of the pota-
to tissue within a specific load range [37, 38]. 
However, if the load surpasses that range, the 
potato tissue will undergo plastic deformation 
[37, 38]. Given that the rigidity of the electrode 
is substantially higher than that of the potato 

Figure 8. Contact impedance of different potato models under 
different contact forces.

Figure 9. Thermal image and image of the control group. (A)
Thermal image recorded during the experiment; (B) Control group 
with no pulse.
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tissue, when the electrode firmly contacts the 
potato tissue, the contact area between them 
will increase due to the elastic deformation of 
the potato tissue at the point of contact. Con-
sequently, the contact impedance will decrease 
as the contact area increases. This phenome-
non reinforces the need for proper electrode-tis-
sue coupling in electroporation procedures 
to achieve desired outcomes. As the load is 
further increased, the cells at the contact point 
of the potato tissue begin to rupture, and the 
cellular fluid begins to seep out gradually, lead-
ing to a further increase in the contact area be-
tween the electrode and the tissue, as well as 
a subsequent decrease in contact impedance. 
The direct impact of the decrease in contact 
impedance is an increase in the output current. 
As a result, the increase in current leads to an 
increase in the oxidation area on the surface 
of the potato model, and results in a positive 
response of the potato surface oxidation area 
to the CF.

Overall, in the commonly used output configu-
rations of IRE ablation pulses, there is a posi-
tive response of the treatment efficacy to the 
electrode-potato model CF in IRE.

Limitations

It is important to recognize the limitations of 
this study, which include the following:

1. The experiment was conducted only on a
potato model, which may not accurately reflect
the properties of human tissues.

2. The image processing was performed using
an algorithm which selects pixels based on
the difference between the RGB values of the
reference and target regions. Therefore, noise
generated during recording the potato oxidation
areas may result in missed or erroneous detec-
tions. However, all potato models were photo-
graphed under the same light source, so this
error is considered a systematic error and does
not affect the trend analysis of the final data.

3. During the experiment, only the effects of
biphasic and monophasic output modes at dif-
ferent output voltages were considered, while
other potential factors that might affect the
results were ignored, such as interphase inter-
val, pulse frequency, and pulse width. However,
although these potential factors can affect the
IRE effect, their influence is limited due to the
ensured consistency of the parameters across
all experiments.

4. The experiment was conducted only on bi-

phasic electrode configurations, so our results 
only apply to these configurations.

Conclusion

IRE ablation is a promising technology for treat-
ing AF because it offers several advantages 
over traditional catheter surgeries, including 
reduced thermal damage and reduced nerve 
damage caused by off-target treatment. De-
spite these advantages, the widespread clinical 
adoption of IRE for AF ablation is still hindered 
by several challenges, such as complex an-
esthesia protocols and ambiguous treatment 
outcomes that are influenced by multiple 
factors. These challenges must be addressed 
to ensure the efficacy and safety of IRE as a 
viable alternative to traditional catheter surger-
ies for AF ablation. The findings of this study 
indicate that the efficacy of IRE ablation in a 
potato model is positively correlated with the 
CF, regardless of whether the output pulse is bi-
phasic or monophasic. Furthermore, our results 
demonstrate a positive correlation between CF 
and treatment efficacy under different output 
voltage amplitudes of a fixed biphasic mode. 
These observations highlight the importance of 
optimizing electrode-tissue coupling to achieve 
optimal outcomes in IRE ablation procedures. 
Our experimental findings have confirmed the 
importance of optimizing electrode-tissue cou-
pling and highlight the need to consider the is-
sue of electrode-tissue contact in the design of 
electrodes for IRE ablation. Poor electrode-tis-
sue contact could lead to insufficient ablation, 
resulting in postoperative AF, underscoring the 
significance of improving electrode-tissue cou-
pling for successful IRE ablation procedures. In 
addition, our experiment highlights the impor-
tance of considering the impact of coupling fac-
tors when conducting verification experiments 
on plant models. To further investigate the 
relationship between CF and treatment efficacy 
in IRE ablation, our future research will focus 
on animal models. These studies will provide 
more insights into the design of advanced IRE 
ablation protocols and facilitate the clinical 
promotion and translation of this technology for 
effective AF treatment.
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Abstract

In contrast to conventional oximeters, near-infrared spectroscopy-based brain tissue oximetry monitoring devices 
are capable of non-invasive, continuous, and real-time quantitative monitoring of cerebral oximetry parameters. 
Initially, these devices were utilized for intensive care or surgical monitoring of oxygen saturation. Due to the rapid 
advancement of optoelectronic sensing and measurement technologies over the past decade, the derived func-
tional near-infrared brain imaging devices have been widely used in a variety of fields. This paper first introduces 
the basic principles of near-infrared spectroscopy-based cerebral oxygenation parameter detection, then focuses 
on the most recent developments in this field of study. Finally, a prospect on their future application in practical 
settings is also provided.

Keywords: Near-infrared spectroscopy, cerebral oximetry, non-invasive measurement

Highlights
● Near-infrared spectroscopy (NIRS) technology transmits a beam of near-infrared light through a transmitter to the 

brain. 
● The changes in hemoglobin concentration and cerebral blood oxygen levels can be estimated using near-infrared 

light, by comparing the changes in light attenuation over time.
● This paper introduces the basic concept of measuring blood oxygen levels in brain tissue using NIRS technology, 
   and presents the potential applications of the most recent developments in this field of study.

Introduction

Brain, a very energy-intensive organ, has a 
much higher oxygen demand and consumption 
than its oxygen reserves. Even at rest, the brain 
consumes 25% of the body’s total oxygen, 
making it particularly susceptible to ischemic 
and hypoxic conditions. Prolonged hypoxia may 
cause irreversible neurological damage [1]. 
According to previous literature, the hypoxia-re-
lated mortality rate can reach 90% in cases of 
fatal brain injury [2]. Numerous studies have 
demonstrated that regional cerebral oxygen 
saturation (rSO2) is a valid indicator of severe 
cerebral hypoxia [3].

These years, patients with brain injuries are 
clinically diagnosed using cutting-edge imaging 

technologies like CT, MRI, and positron emis-
sion tomography-computed tomography (PET-
CT). Yet, devices to accurately monitor blood 
oxygenation and hemodynamic changes in 
real time in brain tissue is urgently needed in 
clinical practice. Near-infrared spectroscopy 
(NIRS), a novel method for measuring oxygen 
saturation, enables non-invasive, continuous 
monitoring of rSO2 in local brain tissue [4]. This 
technique can assess the balance of oxygen 
metabolism in brain tissues as well as early im-
balances in blood flow and blood oxygen supply 
and demand. Through real-time monitoring of 
changes in the oxygen saturation of specific 
brain tissues, NIRS can quickly reveal patho-
logical changes in patients with craniocerebral 
injuries [5]. For surgery, treatment, prognosis, 
and patient monitoring, this information is in-
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structive. In recent years, NIRS has developed 
rapidly in fields of biomedical engineering like 
neonatology, cardiothoracic surgery, and neu-
rosurgery. The goal of this study is to give a 
general overview of the monitoring principles, 
the current status of the research, and possible 
future directions for this technology.

Methods

Lambert-Beer Law

Lambert-Beer’s law describes the relationship 
between incoming and outgoing light, the con-
centration of the light-absorbing material, and 
the distance a photon travels. The amount 
of absorption during photon propagation in a 
light-absorbing medium depends only on the 
photon’s length and the concentration of the 
light-absorbing material; it is independent of 
the intensity of the incident light. During photon 
transmission, each layer of the light-absorbing 
medium absorbs photons at the same rate. 
The formula is OD = ε*C*L, where ε is the co-
efficient of light extinction, C is the concentra-
tion of light-absorbing material, L is the linear 
separation between the light source and the 
detector, and OD, optical density, is the amount 
of light attenuation. It only works when the me-

dium’s absorbing substance is 
constant, and the path taken by 
the light is straight.

However, due to the fact that 
the actual path of photons pass-
ing through the brain is more 
complex and there exists other 
substances absorbing minute 
amounts of photons, the original 
law is updated. The modified 
formula is OD = ε*C*DPF*L+G, 
which expresses the actual opti-
cal path in terms of the product 
of the distance L and the path-
length correction factor DPF (i.e., 
the path length amplification 
factor), and G is the total attenu-
ation of the light intensity caused 
by all other variables aside from 
oxyhemoglobin (HbO2) and he-
moglobin (Hb).

Principle of NIRS

In the NIRS measurement pro-
cess, a brain scalp surface posi-
tioned light source emits near-in-
frared light, which is absorbed 
and scattered as i t  passes 
through brain tissue. Two photo-

detectors are then symmetrically positioned on 
the scalp near the light source emitter to collect 
the light scattered in all directions. The entire 
optical path distribution is shown in Figure 1. 
The human brain’s outer tissues are made up 
of the scalp, skull, cerebrospinal fluid, cerebral 
gray matter, and cerebral white matter in the 
order from the outside to the inside, and the 
near-infrared light has to penetrate all these 
layers to detect brain tissue effectively [6].

The American Society for Testing and Materials 
designated the range of 780 nm to 2,526 nm 
as the near-infrared spectral region after it was 
found by British astronomer Herschel in 1800 
during energy measurements in the infrared 
portion of the visible region of the solar spec-
trum. Since first being introduced by Frans Jöb-
sis in 1977, NIRS has grown into a highly effec-
tive and popular technique for optical diagnosis 
[7]. The technique is based on the optical prop-
erties of biological tissues, specifically the abil-
ity of near-infrared light to extract biochemical 
data from the tissues by penetrating skulls and 
other biological tissues to a particular depth. 
By observing the series of near-infrared light 
absorption and scattering processes that take 
place in biological tissues, this method can be 
used to estimate the oxygen saturation in brain 

Figure 1. Diagrammatic representation of the light source and photode-
tectors mounted on the skull’s median sagittal cross-section.

Figure 2. Spectrum of HbO2 and Hb absorption.
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tissue.

The ‘spectral window’ in tissue optics, in the 
range of 650-1,000 nm, exhibits notable 
near-infrared light penetration ability into 
human tissue. HbO2 and Hb, which can be 
distinguished optically due to their different 
near-infrared absorption coefficients, are the 
main light absorbers in this region, as shown 
in Figure 2. Table 1 displays the near-infrared 
light absorption and scattering characteristics 
of various tissues. It is possible to choose prop-
er light sources and related detectors refer-
ring this table to implement spectral analysis, 
and the oxygen saturation of brain tissue can 
be calculated by applying the modified Lam-
bert-Beer law to the measurements of incident 
and reflected light intensity [8].

NIRS has become a potential method for de-
tecting intracranial injuries as a result of im-
provements in optical fiber and sensor technol-
ogy, as well as their integration with computer 
network technology. This method has important 
clinical applications because it can be used for 
noninvasive and real-time monitoring of blood 
oxygenation parameters in specific localized 
brain tissues [9].

Functional near-infrared spectroscopy (fNIRS)

The capacity of near-infrared light to reach 
deeply into biological tissues and the neuro-
vascular coupling mechanism are prerequisites 
for fNIRS. Functional brain imaging works on 
the same principle as functional magnetic 
resonance imaging (fMRI): local hemodynamic 
changes are caused by neural activity in the 
brain. It primarily uses the variation in the rates 
at which Hb and HbO2 in brain tissue absorb 
various near-infrared light wavelengths to di-
rectly measure the hemodynamic activity of the 
cerebral cortex in real-time. Such hemodynam-
ic alterations allow for the inverse inference of 
brain activity.

The primary distinction between NIRS and 
fNIRS lies in their fields of application and 
goals. The similarity is that they both use NIRS 
to measure light absorption, but the difference 
is the application or focus.

NIRS was first applied to measure physiological 
parameters like tissue blood flow and oxygen 
saturation. The medical and biological scienc-
es make extensive use of it, particularly when 
it comes to blood oxygen level monitoring in 
the brain and muscle tissues. A specific type 
of NIRS called fNIRS measures the concentra-
tions of Hb and HbO2 in the brain to investigate 
cerebral blood flow, neural activity, and cog-
nitive function. The physiological parameters 
that NIRS focuses on include blood oxygen 
saturation, blood flow, and the total Hb concen-
tration in tissues. Understanding changes in 
tissue oxygen metabolism and hemodynamics 
can be aided by this. fNIRS is primarily used 
to measure variations in brain blood oxygen 
levels brought on by neural activity. It can offer 
functional details about particular brain areas 
for research on neurological and cognitive func-
tions.

The benefits of fNIRS include its non-invasive-
ness, relative portability, and increased toler-
ance for small head movements. These attri-
butes make fNIRS applicable for young children 
and infants, as well as individuals with difficulty 
in remaining motionless when using traditional 
fMRI equipment. In contrast to fMRI, fNIRS has 
lower spatial resolution and penetration depth 
and measures activity primarily at the cortical 
surface.

fNIRS, which focuses more on the study of 
brain function, can be considered as a specific 
application of NIRS overall. Despite the fact 
that they both employ NIRS techniques, in ac-
tuality, they differ slightly due to their areas of 
focus and application.

Research progress in NIRS

Current Research Status of NIRS

The ability of near infrared to penetrate bio-
logical tissues, particularly animal skulls, was 
first made known by Jöbsis in 1977 [7]. This 
ground-breaking discovery offered a strong 
foundation for further research into the dynam-
ics of Hb concentration in the cortex of the hu-
man brain. This study pioneered a novel non-in-
vasive measurement of changes in tissue blood 
oxygenation in addition to confirming the via-

Table 1. Absorption coefficient and scattering coefficient of near-infrared light of different wavelength in differ-
ent tissues (Absorption coefficient/Scattering coefficient, Unit: cm-1)
Tissue 690 nm 760 nm 780 nm 830 nm
Scalp 0.159/8.0 0.177/7.3 0.164/7.1 0.191/6.6
Skull 0.101/10.0 0.125/9.3 0.115/9.1 0.136/8.6
Cerebrospinal fluid 0.004/0.1 0.021/0.1 0.017/0.1 0.026/0.1
Gray matter 0.178/12.5 0.198/11.8 0.170/11.6 0.186/11.1
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bility of NIRS in monitoring brain activity. Since 
then, the majority of healthcare professionals 
have expressed great concern about the inter-
action of NIRS technology with cerebral blood 
oxygen monitoring and brain function imaging.

A research team from Hokkaido University in 
Japan discovered the underlying mechanism 
of neurovascular coupling in 1994 [10]. They 
found that neural activity in the brain increases 
oxygen consumption, which in turn results in in-
creased blood flow in the cerebral white matter. 
This finding led to the development of useful 
near-infrared brain imaging tools and the re-
cent emergence of a research hotspot of using 
NIRS to study neural activity in the brain [11].

From their distinct vantage points, various re-
search groups have offered insights into the 
use of near-infrared in tissue testing. Their 
perspectives range from measuring muscle 
blood oxygenation parameters to monitoring 
brain activity. Farrel and Binzoni used it to mea-
sure the parameters of muscle oxygenation 
[12]. Esnault compared the cerebral blood ox-
ygenation parameters measured by NIRS with 
measurements of brain tissue oxygen pressure 
and came to the conclusion that the two mea-
surements cannot be used interchangeably as 
a test for people who have suffered cranioce-
rebral trauma [13]. In patients with cranioce-
rebral trauma, Leal-Noval also investigated the 
relationship between cerebral oxygen param-
eters and brain tissue oxygen pressure and 
discovered a weak correlation between these 
two measurements [14]. Additionally, Esnault’s 
observations were supported by the low accu-
racy of cerebral oxygen parameter values in 
detecting moderate cerebral hypoxia.

The high sensitivity of NIRS for monitoring brain 
oxygenation has been demonstrated in the 
treatment of cerebrovascular disease. Zweifel’s 
observation using arterial imaging suggested 
that NIRS could synchronize the detection of 
decreased cerebral oxygen secondary to vaso-
spasm with high sensitivity [15]. Arterial spasm 
was significantly correlated with ipsilateral de-
creases in rSO2, and as the degree of spasm in-
creased, ipsilateral rSO2 decreased dramatical-
ly. Taussky found a strong correlation between 
cerebral oxygen saturation and local cerebral 
blood flow in 1,287 patients using both NIRS 
and CT perfusion imaging techniques [16]. 
These suggest the potential of NIRS as a re-
al-time, reliable, non-invasive cerebral oxygen 
monitoring tool that could be used at the bed-
side in intensive care units.

Internationally, non-invasive cerebral oximetry 

monitoring technology has made some early 
strides, and several companies and academic 
organizations have already launched their own 
monitoring programs. China, on the other hand, 
began its investigation into this topic somewhat 
later. But in recent years, a number of Chinese 
institutions, including academic institutions 
and research facilities, have begun to carry out 
in-depth investigations on cerebral oximetry 
monitoring devices using this technology.

In 2005, Prof. Haisu Ding of Tsinghua University 
successfully developed the TASH-100 non-in-
vasive cerebral oximetry monitoring device, a 
brain tissue oximetry detector with independent 
intellectual property rights, and China became 
the third country after the United States and 
Japan to do so [17]. Additional Chinese aca-
demics and researchers have been inspired by 
this innovation and stepped up their research 
on near-infrared cerebral oximetry monitoring. 
According to trial data from more than 900 clin-
ical cases, the device provides relative and ab-
solute values of brain tissue oxygen saturation 
and its trend. However, there are still limitations 
in data sampling frequency and data storage 
capacity of this device.

Universities like Huazhong University of Sci-
ence and Technology and Nanjing University of 
Aeronautics and Astronautics have since con-
ducted studies on cerebral oximetry monitoring 
devices based on NIRS. While researching 
near-infrared brain functional imaging, Luo’s 
team at Huazhong University of Science and 
Technology concentrated on applications like 
cerebral blood flow momentum detection and 
brain-computer interface [18]. Using NIRS, they 
were able to identify the relative alterations in 
HbO2 and Hb concentrations separately. The 
changes in HbO2 and Hb concentrations re-
sponded to stimulation in very different ways, 
with more increased HbO2 concentration than 
Hb concentration. In contrast, as the brain tis-
sue continued to use oxygen, the concentration 
of Hb increased, while the concentration of 
HbO2 decreased. This finding not only adds to 
previous physiology findings, but also opens up 
the possibility of further research into the func-
tional processes that lead to the oxygen deple-
tion in brain tissues.

A non-invasive near-infrared cerebral oximetry 
monitoring system was successfully developed 
by Qian’s research team at Nanjing Univer-
sity of Aeronautics and Astronautics, and its 
effectiveness was first demonstrated through 
prospective blocking experiments and oximeter 
comparison experiments [19]. They discovered 
that when pressure was applied to the upper 
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arm, the blood oxygen concentration changed 
over time. After the value of the blood oxygen 
concentration was collected and stabilized, 
it decreased gradually with an instantaneous 
pressurization to 130 mmHg in 75 seconds. 
Then, after an instantaneous decompression 
to 0 after pressurization for 180 seconds, it 
significantly increased due to the inflow of ox-
ygenated blood and then slowly recovered to 
its initial value over time. Under a pressurized 
situation, they found that this device reacted 
well to changes in the forearm blood oxygen 
concentration in the upper arm.

NIRS technology has been extensively applied 
in numerous clinical scenarios, including func-
tional brain imaging, brain tumor imaging, 
cerebral blood flow detection, and cerebral he-
matoma detection [20-23]. Currently, the three 
imaging techniques that are most commonly 
used by mainstream NIRS cerebral oximetry 
monitoring devices are continuous wave spec-
troscopy (CWS), frequency domain spectrosco-
py, and time resolved spectroscopy detection 
techniques [24]. Table 2 provides a detailed 
comparison of the performance characteristics 
of these three near-infrared detection systems.

CWS employs a direct method that compares 
the difference in light intensity before and after 
the projection of near-infrared light into the 
brain tissues in order to calculate and assess 
the degree of oxygen saturation in the brain 
[24]. It also incorporates a modified version of 
the Lambert-Beer law.

Frequency domain spectroscopy is more 
complex as it involves superimposing high-fre-
quency sinusoids from 50 MHz to 1 GHz 
on the incident light first [25]. Then, it uses 
phase-modulation spectroscopy to measure 
the phase shift and intensity of the light, which 
allows it to calculate precise blood oxygen pa-
rameters.

On the other hand, time resolved spectroscopy 
uses picosecond ultrashort pulse excitation and 
sends these pulses into the brain [26]. Then, 

by measuring the light intensity at various time 
intervals to compute the time dilation function 
and obtain the optical parameters of the tissue, 
the absolute amount of blood oxygen within the 
brain tissue can be precisely determined.

Compared to the latter two, CWS provides 
clearer and more accurate information about 
changes in the relative concentrations of HbO2 
and Hb. This feature makes it an excellent 
choice for continuous monitoring scenarios, 
particularly when equipment cost is an issue. 
Therefore, both in commercial product design 
and in research settings, continuous wave 
measurements are currently the most popular 
technique for measuring cerebral oximetry [24].

NIRS has a wide range of intricate applications 
in biomedical engineering and medical testing, 
particularly in the non-invasive monitoring and 
evaluation of blood oxygen levels in the brain 
and other biological tissues. In addition to pro-
viding new insights into fundamental biological 
processes, this technology encourages innova-
tion in medical diagnostics and therapeutics.

Factors affecting NIRS

The importance of NIRS in clinical diagnosis 
and treatment is gradually increasing as its ap-
plication in a variety of fields deepens. Howev-
er, due to a dearth of prospective studies and 
high-caliber scientific evidence, the technology 
still needs to be improved, given its status as a 
relatively new method of monitoring.

NIRS is affected by a variety of factors in re-
al-world applications, such as extracerebral 
blood flow, cerebrospinal fluid, skull thickness, 
and myelin sheaths. The fact that individual 
differences in rSO2 measurements might result 
from the light-absorbing qualities of skin pig-
ments was further supported by a retrospective 
study by Sun using a large number of samples 
[27]. Individual variations in rSO2 measure-
ments might be caused by light-absorbing 
properties, as shown by lower rSO2 values for 
deeper pigmentation and higher rSO2 values for 

Table 2. Comparison of three near-infrared imaging methods
CWS FDS TRS

Distinction between scattering and absorption Minimum Moderate Maximum
Reference measurement Relative changes Absolute changes Absolute changes
Sampling rate (Hz) <100 <50 Around 1
Signal-to-noise ratio Maximum Moderate Minimum
Depth resolution Minimum Moderate Maximum
Equipment cost Both high and low Relatively high Relatively high
Equipment volume Varying sizes Moderate Relatively large
Application scenario Oximetry and Imaging Oximetry and Imaging Oximetry
Note: CWS, continuous wave spectroscopy; FDS, frequency domain spectroscopy; TRS, time resolved spectroscopy.
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lighter pigmentation. Although rSO2 has made 
significant progress in the neonatal population, 
its use in adults has been somewhat con-
strained by adults’ relatively thicker skulls and 
more pronounced attenuation of near-infrared 
light.

In addition to the aforementioned variables, 
different NIRS devices have different detector 
modules with varying degrees of sensitivity. 
Table 3 lists different light sources and de-
tectors that have been used in various NIRS 
systems over the last few years. Among them, 
Yaqub created a cutting-edge system with a 12-
bit successive-approximation analog-to-digital 
converter and used a silicon photodiode set 
up in the photoconductive mode to achieve a 
high sampling rate when processing significant 
amounts of NIRS data [28]. Additionally, a filter 
circuit was specifically included in this design to 
efficiently reduce high-frequency noise brought 
on by the high-voltage power supply. In conclu-
sion, choosing the right photodetectors not only 
significantly improves the detection sensitivity 
of NIRS system, but also improves the overall 
performance of the system. This establishes a 
strong foundation for the use and advancement 
of NIRS technology.

Future outlook for NIRS

Even after over 20 years of research, NIRS still 
has some problems in diagnosing and treat-
ing patients with craniocerebral injuries. The 
relationship between rSO2 and other crucial 
markers of brain function, such as intracranial 
pressure, cerebral perfusion pressure, inter-
nal jugular venous oxygen saturation (SjvO2), 
and partial pressure of oxygen in brain tissue 
(PbtO2), should be further explored in future 
studies. Through the combined use of tran-
scranial Doppler ultrasound, evoked potentials, 
and other multimodal monitoring techniques, 
a comprehensive assessment of the cerebral 
blood oxygen metabolism and other conditions 
can be realized, providing more thorough and 
accurate diagnosis and treatment plan for 
critically ill patients. These comprehensive 
analyses will help to accurately define the rSO2 
threshold at the onset of craniocerebral injury.

Clinical staff can more intuitively evaluate the 
balance of cerebral blood flow and cerebral 
oxygen supply and demand thanks to real-time 
rSO2 monitoring by NIRS. Although this tech-
nology has been widely used in Europe and 
the United States in some clinical areas (such 
as cerebral oximetry monitoring in cardiotho-
racic surgery), its potential in clinical settings 
remains significant. Despite having numerous 
applications, it is important to note that there 
is limited data to support the use of NIRS for 

Table 3. Type and number of light sources and detectors

References
Light 
source 
type

Wavelength number Wavelength 
/nm

Number of 
light sources 
/pcs

Detector 
type

Number of 
detectors
/pcs

Number of 
channels
/pcs

Light source - 
Detector distance 
/mm

Cheng [29] LED Dual- Wavelength 735/850 4 PD 12 30 26
Francis [30] LED Dual- Wavelength 740/850 1 SiPD 4 4 5/10/23/28
Maira [31] LED Dual- Wavelength 700/830 12 SiPM 13 156 20
Yaqub [28] LED Dual- Wavelength 735/850 128 SiPD 1 128 5/20/25/30/35
Tsukasa [32] LED Dual- Wavelength 730/855 2 SiAPD 2 4 30
Danial [33] LED Octa- Wavelength 750-900 1 PD 4 4 36/42
Wathen [34] LD Dual- Wavelength 690/852 32 SiPM 32 32 13
Note: LED, light emitting diode; LD, laser diode; PD, photo diode; SiPD, silicon photo diode; SiPM, silicon photo multiplier; SiAPD, 
silicon avalanche diode.

Table 4. Technical comparison of NIRS and fMRI, EEG, MEG, PET
NIRS fMRI EEG MEG PET

Measurement method Indirect Indirect Direct Direct Indirect

Measured signal Hemodynamic 
response

Hemodynamic 
response

Scalp potential Brain magnetic 
field

Cerebral 
metabolism

Spatial resolution ~1 cm ≥0.5 mm voxel 5~9 cm ~1 cm 3~4 mm
Penetration depth Cerebral cortex Whole head Cerebral cortex Deep structure Whole head
Sampling rate ≤25 Hz ≤3 Hz ＞ 1,000 Hz ＞ 1,000 Hz ＜ 0.1 Hz
Subject population No limit Have limits No limit Have limits Have limits
Outdoor condition Suitable Unsuitable Suitable Unsuitable Unsuitable
Wearability Suitable Unsuitable Suitable Unsuitable Unsuitable
Long-term detection Suitable Unsuitable Suitable Unsuitable Unsuitable
Cost Low High Low High High
Note: NIRS, near-infrared spectroscopy; fMRI, functional magnetic resonance imaging; EEG, electrical encephalo-
gram; MEG, magnetoencephalography; PET, positron emission tomography.
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clinical decision-making and intervention. 
More clinical trials are therefore required in the 
future, particularly to assess the application 
of NIRS in hemorrhage screening in patients 
with craniocerebral injuries. Verifying whether 
the advantages of NIRS technology actually 
translate into better clinical outcomes and 
facilitating further optimization of medical 
decision-making and therapeutic approaches 
should be part of the main research objectives.

Conclusion

Even though modern NIRS is not yet a stand-
alone diagnostic tool, it has clear benefits when 
used in conjunction with noninvasive, portable, 
and reasonably priced imaging methods like 
CT. Especially in the field of cranial brain injury 
detection, the importance of NIRS is unques-
tionable.

In functional brain imaging, NIRS has different 
advantages and limitations compared with oth-
er techniques, such as fMRI, electrical enceph-
alogram, magnetoencephalography, and PET, 
and their technological comparisons are shown 
in Table 4. For example, NIRS outperforms fMRI 
in temporal resolution, outperforms electrical 
encephalogram in spatial resolution, and, more 
importantly, is portable and less disturbed by 
artifacts.

More patients are anticipated to benefit from 
NIRS as it improves. The technique is not only 
being utilized more frequently in the rehabili-
tation of patients with traumatic brain injuries, 
but also allows for continuous and noninvasive 
tracking of changes in the parameters gov-
erning cerebral blood oxygenation. NIRS data 
can be a potent addition to existing monitoring 
measures, providing more thorough informa-
tion on cerebral pathology, even though there 
are still certain technical restrictions. The com-
prehensive performance of NIRS is anticipated 
to be considerably enhanced with the further 
development in detection methods and sys-
tems, which implies that it is anticipated to be 
employed for quick screening of casualties in 
combat or field settings, freeing up crucial time 
for treatment.
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