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Abstract. As one of the important steps in medical image processing, medical image segmentation 
plays a pivotal role in clinical surgery and is widely used in application scenarios such as preoperative 
diagnosis, intraoperative navigation, and postoperative evaluation. In this paper, medical image 
segmentation technology is studied, and a variety of medical image segmentation methods are 
categorized and compared in an attempt to explore the development law of medical image 
segmentation technology. Firstly, the medical image segmentation technology is classified and 
studied according to its different methods, and this paper mainly researches and organizes the deep 
learning method for medical image segmentation; secondly, the principle, advantages and 
disadvantages, and applicable scenarios of each model are analyzed; and lastly, the latest progress 
of the medical image segmentation technology is objectively described. inherent deficiencies and 
solutions of the existing techniques, and provides a direction for continued improvement in the future. 
As one of the important steps in medical image processing, medical image segmentation plays a 
pivotal role in clinical surgery and is widely used in application scenarios such as preoperative 
diagnosis, intraoperative navigation, and postoperative evaluation. In this paper, we explore the 
critical role of medical image segmentation in medical image processing, particularly in clinical 
surgery and its various applications such as preoperative diagnosis, intraoperative navigation, and 
postoperative evaluation. Our study focuses on categorizing and comparing different medical image 
segmentation methods, with a special emphasis on deep learning techniques. We delve into the 
principles, advantages, disadvantages, and suitable scenarios for each model. Additionally, we 
objectively present the latest progress in medical image segmentation technology, addressing 
existing deficiencies and proposing potential solutions. This research provides valuable insights to 
foster continuous advancements in the field. 
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1. Introduction 

Image segmentation techniques are usually used to determine the boundary range of objects in an 

image for the purpose of simplifying or changing the expression of image information to make the 

image easier to understand and analyze. Medical image segmentation is a major application in this 

field and has a key role in medical diagnosis. Medical image segmentation is to process and analyze 

certain feature information in an image, which plays an important application in preoperative 

diagnosis, intraoperative navigation, and postoperative evaluation. Medical image segmentation 

technology has been developing rapidly in the last 20 years, and it can provide effective and clear 

insight into the diseased parts of the human body, thus helping clinicians to make diagnosis. 

Image segmentation techniques are commonly employed to identify object boundaries within an 

image, with the aim of simplifying or altering image information expression, thereby enhancing 

image comprehension and analysis. Among the various applications of image segmentation, medical 

image segmentation holds a prominent position, playing a critical role in medical diagnosis. This 

technique involves processing and analyzing specific features within medical images, proving 

valuable in preoperative diagnosis, intraoperative navigation, and postoperative evaluation. Over the 

past two decades, medical image segmentation technology has experienced rapid development, 

enabling clinicians to effectively and clearly discern diseased areas within the human body, thereby 

facilitating accurate diagnosis. 
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In the development process of medical image segmentation, numerous segmentation algorithms 

have been generated, such as: threshold-based segmentation algorithm and region growth-based 

segmentation algorithm and other traditional. Meanwhile, with the rapid development of computer 

vision field, deep learning-based segmentation algorithms have been widely studied. Deep learning-

based segmentation method is to train a multilayer perceptron to get a linear objective function, and 

then use the decision function to classify the pixel points. Due to the powerful computational ability 

of deep learning [1][2]in image processing tasks, applying it to the medical field not only improves the 

accuracy of image segmentation, but also provides a solid foundation for position detection, 

segmentation extraction, and 3D reconstruction and display. In the field of medical images, there are 

numerous methods for image segmentation, such as convolutional neural network (CNN), fully 

convolutional network (FCN), etc. Due to the ultra-high performance of deep learning, segmentation 

methods based on deep learning provide a lot of convenience for tasks such as medical image 

classification, detection, etc., and at the same time, it can easily cope with a variety of medical images 

in medical image segmentation algorithms. 

This study consists of two main parts: Methods and Summary. The methods section describes the 

main, popular segmentation models used for medical images, along with their advantages and 

disadvantages. The summary section compares the current medical image segmentation techniques 

in various application scenarios, outlines the challenges faced by each current method, and also 

provides an outlook on the field of medical image segmentation. 

This study consists of two main parts: Methods and Summary. The methods section describes the 

main, popular segmentation models used for medical images, along with their advantages and 

disadvantages. The summary section compares the current medical image segmentation techniques 

in various application scenarios, outlines the challenges faced by each current method, and also 

provides an outlook on the field of medical image segmentation. 

2. Medical image modalities 

Common medical images include: ultrasound, X-rays, computed tomography, MRI images, and 

positron emission tomography. 

Ultrasound imaging [3][4][5]technology applies high-frequency sound waves (ultrasound) to scan 

human organs and tissues, so as to obtain information on the internal structure of the human body 

image, which is widely used in a wide range of medical images of the kidneys, breasts, cardiology, 

thyroid, liver, blood vessels, musculoskeletal, obstetrics and gynecology, prostate and other medical 

images It is a very important medical imaging technique. In the meantime, with computer science and 

technology, 3D ultrasound imaging techniques [ 6 ]are gradually coming into the limelight and 

overcoming the numerous drawbacks of 2D ultrasound imaging. 

X-ray imaging utilizes the physical and chemical properties of X-rays, such as penetration and 

light sensitivity, to examine the internal organs of the human body, and X-ray diagnostic technology 

is the world's earliest non-invasive internal organ examination technology. Since the density and 

thickness of human tissues vary, the number of X-rays absorbed by individual tissues that pass 

through the body may also vary. Therefore, the difference in light intensity can be used to reflect the 

imaging information of the tissues. Literature [7]X-rays in their largest application: medical diagnostic 

imaging and image-guided therapy. 

The principle of computed tomography imaging is to use X-rays to scan the human body, the 

detector receives X-rays through the human body and converts them into visible light, which is 

converted into electrical signals, and then converted into digital signals by analog-to-digital 

converters and input into the computer for processing. According to different shades of gray reflecting 

the degree of absorption of X-rays by human organs and tissues, thus displaying the images of human 

organs and tissues. In order to improve the quality of CT images, the literature [8]has reviewed the 

reconstruction of CT images, noise in CT images, and CT denoising techniques. CT imaging systems 

are widely used, especially in the diagnosis of lung diseases [9][10]. 
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MRI images are a powerful non-invasive medical imaging diagnostic technique [ 11 ], which 

visualizes the body's tissues and organs based on the difference in the rate of decay of the released 

energy in different structures, which is detected by magnetic resonance instrumentation for precise 

localization and differentiation. The resolution is excellent for soft tissues such as the brain [12]bladder, 

uterus, and muscles. 

Positron emission tomography integrates PET and CT, providing more accurate diagnostic 

information than PET or CT alone, and is an important imaging tool in oncology [13].The literature 

[14]provides important methods as well as examples of PET-CT techniques for lung detection. 

3. 2D medical image segmentation technology 

Convolutional Neural Network (CNN) 

A CNN is a very important network structure for deep learning, consisting of various layers in 

which each neuron in a layer responds to only one region of the previous layer. The sequence of 

successive convolutional, activation and pooling layers is called a hidden convolutional unit (Fig. 1). 

The convolutional layer presents the result of convolving a certain number of filters with the input 

data and acts as a feature extractor. The size of the filter layers is arbitrary and can be personnel 

defined depending on the size of the kernel. Each neuron responds only to a specific region of the 

previous layer, which is called the "receptive field". The output of each convolutional layer is 

considered an activation map, which highlights the effect of applying a specific filter on the input. 

The pooling layer reduces the size of the input and guarantees shift invariance for feature detection. 

[1][15]. 

 

Fig. 1 CNN structure diagram[15] 

Yang[16]et al. proposed a joint CNN-Swin Transformer model and applied it to segmentation of 

breast lesions in ultrasound images. The visualization of the segmentation results on the dataset shown 

in Fig. 2 is compared. Transformer-based methods outperform traditional CNN methods. He [17]et al. 

proposed a hybrid CNN-Transformer network for breast ultrasound image segmentation. The encoder 

of this network combines the inductive bias of CNN for spatial association modeling and the power 

of Transformer for remote dependency modeling, which makes up for the lack of CNN in obtaining 

global context information and the lack of Transformer in developing local details. In the decoder 

part, the method utilizes the SCA module to fuse the feature mappings in the encoder and decoder 

sub-networks, thus solving the problem of inconsistent semantic information. Che [18]et al. proposed 

a new deep learning model that utilizes a multi-feature-guided multi-scale residual Convolutional 

Neural Network (CNN) architecture to capture the features of different receptive fields. Images are 

combined with corresponding local phase filtered images and radial symmetry transformed images 

as multi-feature inputs to the network.  
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Fig. 2 Visual comparison of segmentation results of different segmentation methods on the dataset 

(a) - (d) represent four different breast ultrasound images[16] 

Fully Convolutional Network (FCN) 

FCN was first proposed by Long [19]et al. who combined layers of the feature hierarchy and 

improved the spatial accuracy of the output (see Figure 3). This significant improvement allows the 

network to have dense pixel-by-pixel predictions. For better localization performance, high-

resolution activation maps are combined with the up sampled output and passed to the convolutional 

layers to assemble a more accurate output. This improvement allows the FCN to make pixel-by-pixel 

predictions from full-size images instead of patch-by-patch predictions, and also performs predictions 

on the entire image in a single forward pass. 

 

Fig. 3 FCN network structure [19] 

Bi[20]et al. proposed a dual-path adversarial learning (DAL)-based method for FCN medical image 

segmentation. DAL learns ROI features with different levels of difficulty, which improves the 

diversity of features in the training data. Hemalatha [ 21 ]et al. proposed a new Fractal CovNet 

architecture to segment chest CT scan images using fractal blocks and U-Net to localize lesion regions. 

Qian [22]et al. proposed a new method for ultrasound image segmentation based on improved multi-

scale unfolded convolutional FCN. The method improves the full convolutional neural network by 

constructing four expansion convolutions with different expansion rates to capture the multi-scale 

contextual feature information. 

U-Net 

The UNet network was originally proposed by Ronneberger [23]and others for cell segmentation 

tasks. This symmetric model structure transforms an image from a high to a low dimension, 

downscaling a constant-size image so that its size matches the corresponding display region. The 

network architecture is shown in Fig. 4, which includes a contraction path (left side) and an expansion 

path (right side). In the contraction path, the model acquires the image as input and applies multiple 

3x3 convolution, maximum pooling, and ReLU activation functions to double and expand the number 

of channels in the contraction path to obtain the feature map, aiming to extract more detailed image 

features. In the expansion path, the network uses transposed convolution operations to decode feature 

information from the image and produce a segmentation mask of the image, and the rest of the 

operations are similar to those in the contraction path. The difference with the normal network model 

with contraction and expansion paths is that the U-Net network uses jump connections, a set of jump 

connections between symmetric paths allowing for precise localization in the output image. The low-

resolution layers in the contraction path are fused with the high-resolution layers obtained in the 
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expansion path through cropping and copying operations, allowing rich contextual information to be 

propagated into the higher-resolution layers, which helps the network to capture sharper image details 

and obtain a more accurate output image. In addition, the U-Net network allows segmentation of 

images of arbitrary size, which is suitable for a variety of biomedical image segmentation tasks[24]. 

 

Fig. 4 U-Net network structure model[23] 

Amiri[25]et al. propose a two-stage ultrasound image segmentation method based on U-Net and 

test time enhancement. The method demonstrates the impact of the detection phase added to the 

segmentation workflow by comparing the results of this two-stage strategy with the results of the one-

stage strategy. A schematic of these two approaches is shown in Fig. 5. Gaál [26]et al. propose a new 

deep learning method for lung segmentation that uses state-of-the-art fully convolutional neural 

networks combined with an adversarial critic model. It generalized well to CXR images with unseen 

datasets with different patient profiles. Maayan [27]et al. improved chest film anatomical structure 

segmentation using U-Net and ImageNet pre-trainer encoders. One of the best performing 

architectures by Maayan's team was an improved U-Net that benefited from pre-trained encoder 

weights. Ahmed [28]et al. propose a two-dimensional network consisting of two CNN models called 

CU-Net. The approach is a dual segmentation model, where the first U-Net model segments the liver 

and passes this data to the second model, and then the second model detects the tumors on the liver.  

 

Fig. 5 Schematic diagram of the Amiri method [25]  

4. 3D medical image segmentation technology 

This has been exacerbated by the rapid development of convolutional neural network (CNN)-based 

architectures, which have been adopted by the medical imaging community to assist clinicians in 

disease diagnosis [29]. 

Convolutional Neural Network (CNN) 

Fausto[30]et al. proposed a new method for segmentation that utilizes the abstraction capabilities 

of convolutional neural networks. The method is based on Hough voting for fully automated 

localization and segmentation of anatomical structures of interest, not only using CNN classification 

results, but also by exploiting features generated in the deepest part of the network. The method is 

modality independent, scalable to multiple regions, and leverages the impressive classification 

capabilities of CNN and deep learning for applications in clinical settings. Farnaz[31]et al. proposed 

an Adapt Ahead optimization algorithm for deep CNN learning for MRI segmentation. The algorithm 

features deep and hierarchical extraction during model training. Fu[32]et al. proposed a convolutional 

neural network (CNN) deep learning (DL) model for accurate segmentation of liver, kidney, stomach, 
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intestine and duodenum in 3D MR images. The model contains a voxel label prediction CNN and a 

correction network consisting of two sub-networks. The parameters of each subnetwork are trained 

independently using a segmented training method. Jose [33]et al. proposed a new method based on a 

deep CNN ensemble for segmenting isointense infant brains in multimodal MRI images. The method 

utilizes a semi-dense architecture in which the features of each convolutional layer are aggregated as 

inputs to the first fully connected layer.  

Fully Convolutional Network (FCN) 

Sun[34]et al. proposed a new model based on a 3D fully convolutional network. The method applies 

multipath architecture to feature extraction, and uses 3D dilated convolution to extract different 

feature acceptance fields on each path, thus effectively extracting features from multimodal MRI 

images. Meanwhile, the method extracts features from the input data stream over multipath 

convolutional layers and then fuses these multipath feature maps into transposed convolutional layers. 

Zeng[35]et al. proposed a multistream 3D FCN multimodal equal-intensity infant brain Mr image 

segmentation method based on multiscale depth supervision, which can directly map the whole 

volume data to its volume label after training. Meanwhile the method is designed with multi-scale 

depth supervision so as to alleviate the problem of potential gradient vanishing during the training 

process. Zhou [36]et al. propose a deep learning anatomical structure segmentation method based on 

the FCN voting method for 3D CT image sections. The method is analogous to a fully convolutional 

network consisting of "convolutional" and "anti-convolutional" layers in 2D semantic image 

segmentation, and extends the core structure to adapt to 3D CT image segmentation by 3D-2D-3D 

transformation. The intermediate results of chest CT images delivered by the trained network are 

shown in Fig. 6. Li [37]et al. proposed a deep learning based variational segmentation method for 

automatic fusion of multimodal information in PET/CT images. The method proposes a fuzzy 

variational model to combine the probability map with PET intensity images for accurate multimodal 

tumor segmentation using the probability map as an affiliation prior. 

 

Fig. 6 Effectiveness of FCN network[36] 

U-Net  

Ibtehaz[38]and others studied the classical U-Net architecture and confirmed that it lacks in some 

aspects and proposed some modifications to improve the U-Net model, on five different datasets, 

each with its own unique challenges, and relative performance improvements of 10.15%, 5.07%, 

2.63%, 1.41%, and 0.62% were obtained, respectively. Literature[39]proposes non-local U-Nets which 

are equipped with flexible global aggregation blocks for biomedical image segmentation. These 

blocks can be inserted into the U-Net as size-maintaining processes, as well as downsampling and 

upsampling layers. SONG [40]et al. proposed a network architecture n-fold based on Un-Net.In the 

Un-Net model, the convolutional units are connected to the output features as jump connections. Thus, 

the Un-Net network utilizes the output features of the convolutional units in the nodes. Meanwhile, 

the team investigated U2-Net and U3-Net for segmentation of liver and liver tumors, will the network 

nodes also use the extended convolution (DC) and dense structure. Seo [41]et al. proposed a deep 

learning segmentation network with more robustness, for both liver region or tumor region, for 

effective segmentation. The network is designed by including residual paths and object-related up-

sampling, the network avoids duplication of low-resolution information, estimates higher-level 

feature mappings that are more representative of the high-resolution edge information of large object 
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inputs, and learns to extract higher-level global features of small object inputs. The method does not 

require any preprocessing and can therefore be generalized to other organs or other images with poor 

contrast, as well as extended to other medical images such as MRI, PET, or ultrasound. Rehman[42]et 

al. proposed a BU-Net based method for region segmentation and classification of brain tumors with 

modifications to the encoder structure, which resulted in explicit segmentation of brain tumors. The 

method introduces two new blocks, Residual Extended Skip (RES) and Wide Context (WC), to the 

existing U-Net architecture. The increase in the effective acceptance field is realized using the RES 

block, improving the overall performance. BU-Net shows a good improvement over other existing 

efficient segmentation models such as the baseline U-Net architecture (shown in Fig. 7). 

 

Fig. 7 Cutting Comparison of Segmented Irregular Image[42] 

Fully automated segmentation methods have become an important direction in the field of medical 

image segmentation due to the expensive, tedious and error-prone steps of manual segmentation 

during segmentation. Chen[43]et al. proposed a novel separable 3D U-Net architecture S3D-UNet 

using separable 3D convolutions. The architecture divides each 3D convolution in a parallel manner 

into three branches, each with a different orthogonal views, i.e., axial, sagittal, and coronal. Lee[44]et 

al. proposed a patch-based U-net architecture for automatic segmentation of brain structures in 

structural MRI. The method uses a patch-based U-net without overlap, which preserves more 

localized information. For slices from MRI scans are segmented into non-overlapping patches that 

will be fed into the U-net model along with the corresponding ground truth patches to train the 

network. Fabian[45]et al. propose a robust adaptive framework, U-Net, based on 2D and 3D vanilla 

U-Nets. The framework puts the focus on performance and generalization with leaky ReLU (negative) 

replacement of the ReLU activation function and using instance normalization instead of batch 

normalization. Feng[46]et al. proposed a cascaded U-Net-based method for automated segmentation 

of CT livers and tumors. The first U-Net of the method is used to segment the liver, and the liver is 

the input to the second U-Net. The experimental results show that as shown in Fig. 8 the accuracy of 

this method is 91.3% and 89.8% for liver segmentation and 82.4% and 86.6% for tumor segmentation, 

respectively. 

 

Fig. 8 Experimental effect diagram of Feng's method[46] 
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Higher accuracy is often required in the field of medical image segmentation, where errors in edge 

segmentation may cause poor results in clinical procedures and may lead to significant bias in 

subsequent computerized diagnosis. Therefore, there is a need to design more effective image 

segmentation architectures to efficiently recover the fine details of target objects in medical images. 

To meet the need for more accurate segmentation of medical images, Zhou et al. proposed a new 

segmentation architecture, U-Net++, based on nesting and dense jump connections [47]. After that, 

many others applied and improved on the basis of U-Net++.Wu [48]et al. found that as the depth of the 

network increases, especially for U-Net++ which has a complex structure and many parameters, the 

extra computation time and memory consumption may be immeasurable and unaffordable. So they 

use extended conclusions to replace the traditional convolution without increasing its depth. The 

results show that better multi-organ segmentation performance can be obtained by applying extended 

convolution in U-net ++. NEIL [49]et al. proposed a variant of the U-Net++ model and evaluated its 

brain tumor segmentation capability. The method differs from the standard U-Net++ model in a 

number of ways, including the loss function, the number of convolutional blocks, and the use of deep 

supervision, while data augmentation and post-processing techniques were also implemented and 

observed to significantly improve model predictions. Li [50]et al. proposed a nested attention-aware 

segmentation network UNet++. The method features a deeply supervised encoder-decoder 

architecture and a redesigned dense skip connection, while introducing an attention mechanism 

between nested convolutional blocks that allows features extracted at different levels to be merged 

with task-relevant choices. In addition, due to the introduction of deep supervision, which speeds up 

the prediction of the pruned network at the cost of a moderate performance degradation, the learning 

results are shown in Fig. 9 ((a1) and (a2) are CT images, which are real in LiTS. (b1) ~ (f1) are the 

attention coefficients of the first layer of attention gates for different training periods. (b2) ~ (f2) are 

the attentional coefficients of the second layer of attentional gates for different training epochs). 

 

Fig. 9 Learning results of Li method[50] 

5. Summary and trends 

Medical image segmentation methods hold immense research significance and social value, as 

they effectively segment lesions to aid doctors in making accurate diagnoses. This paper provides a 

detailed description of various segmentation methods for medical images in both 2D and 3D, all based 

on deep learning techniques. The methods are comprehensively summarized, enabling a swift and 

thorough grasp of the advancements and current state of medical image segmentation. Our findings 

demonstrate that when dealing with extensive data, employing deep learning methods not only 

enhances segmentation accuracy but also mitigates issues like excessive memory consumption and 

computational complexity. Moreover, these methods have paved the way for quantitative analysis 

and 3D visualization research. However, it is essential to acknowledge that deep learning-based 

segmentation may still encounter imperfections due to noise and artifacts, necessitating further 

investigation in future studies. Additionally, most deep learning approaches are focused on specific 
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medical images, warranting research and promotion of these methods across various image types. 

Simultaneously, the deep learning model itself has inherent drawbacks that call for improvements 

and refinements in network structure design, 3D data segmentation model design, and loss function 

design. Addressing these aspects will contribute to the ongoing enhancement of medical image 

segmentation methodologies. 

Reference 

[1] Hesamian, Mohammad Hesam, et al. "Deep learning techniques for medical image segmentation: 

achievements and challenges." Journal of digital imaging 32 (2019): 582-596. 

[2] Liu, Xiangbin, et al. "A review of deep-learning-based medical image segmentation methods." 

Sustainability 13.3 (2021): 1224. 

[3] Zhuang, Z., Lei, N., Joseph Raj, A.N. et al. Application of fractal theory and fuzzy enhancement in 

ultrasound image segmentation. Med Biol Eng Comput 57(2019), 623–632. 

[4] Kristen M. Meiburger, U. Rajendra Acharya, Filippo Molinari,Automated localization and segmentation 

techniques for B-mode ultrasound images: A review,Computers in Biology and Medicine,Volume 

92(2018), 210-235. 

[5] Sonia H. Contreras Ortiz, Tsuicheng Chiu, Martin D. Fox,Ultrasound image enhancement: A 

review,Biomedical Signal Processing and Control,Volume 7, Issue 5 (2012). 

[6] Mohammad Hamed Mozaffari, Won-Sook Lee,Freehand 3-D Ultrasound Imaging: A Systematic 

Review,Ultrasound in Medicine & Biology,Volume 43, Issue 10,(2017). 

[7] Rolf Behling,Medical X-ray sources now and for the future,Nuclear Instruments and Methods in Physics 

Research Section A: Accelerators, Spectrometers, Detectors and Associated Equipment,Volume 

873,(2017). 

[8] Manoj Diwakar, Manoj Kumar,A review on CT image noise and its denoising,Biomedical Signal 

Processing and Control,Volume 42,(2018). 

[9] Ezhil E. Nithila, S.S. Kumar,Segmentation of lung from CT using various active contour 

models,Biomedical Signal Processing and Control,Volume 47,(2019). 

[10] Shengchao Zhang, Yuelong Zhao, Pengcheng Bai,Object Localization improved GrabCut for Lung 

Parenchyma Segmentation,Procedia Computer Science,Volume 131,(2018) 

[11] Vijayalaxmi, Mahsa Fatahi, Oliver Speck,Magnetic resonance imaging (MRI): A review of genetic 

damage investigations,Mutation Research/Reviews in Mutation Research, Volume 764,(2015). 

[12] Ali Işın, Cem Direkoğlu, Melike Şah,Review of MRI-based Brain Tumor Image Segmentation Using 

Deep Learning Methods,Procedia Computer Science,Volume 102,(2016). 

[13] Weber, W., Grosu, A. & Czernin, J. Technology Insight: advances in molecular imaging and an appraisal 

of PET/CT scanning. Nat Rev Clin Oncol 5 (2008), 160–170. 

[14] Zhao, J., Ji, G., Han, X. et al. An automated pulmonary parenchyma segmentation method based on an 

improved region growing algorithmin PET-CT imaging. Front. Comput. Sci. 10 (2016), 189–200. 

[15] Commandeur, Frederic, et al. "Deep learning for quantification of epicardial and thoracic adipose tissue 

from non-contrast CT." IEEE transactions on medical imaging 37.8 (2018): 1835-1846. 

[16] Yang, Haonan, and Dapeng Yang. "CSwin-PNet: A CNN-Swin Transformer combined pyramid network 

for breast lesion segmentation in ultrasound images." Expert Systems with Applications 213 (2023): 

119024. 

[17] He, Qiqi, Qiuju Yang, and Minghao Xie. "HCTNet: A hybrid CNN-transformer network for breast 

ultrasound image segmentation." Computers in Biology and Medicine 155 (2023): 106629. 

[18] Che, Hui, et al. "Liver disease classification from ultrasound using multi-scale CNN." International 

Journal of Computer Assisted Radiology and Surgery 16.9 (2021): 1537-1548. 

[19] Long, Jonathan, Evan Shelhamer, and Trevor Darrell. "Fully convolutional networks for semantic 

segmentation." Proceedings of the IEEE conference on computer vision and pattern recognition. 2015. 

[20] Bi, Lei, Dagan Feng, and Jinman Kim. "Dual-path adversarial learning for fully convolutional network 

(FCN)-based medical image segmentation." The Visual Computer 34 (2018): 1043-1052. 



Highlights in Science, Engineering and Technology MMTCS 2023 

Volume 65 (2023)  

 

197 

[21] Munusamy, Hemalatha, et al. "FractalCovNet architecture for COVID-19 Chest X-ray image 

Classification and CT-scan image Segmentation." biocybernetics and biomedical engineering 41.3 (2021): 

1025-1038. 

[22] Qian, Ledan, et al. "Automatic segmentation method using FCN with multi-scale dilated convolution for 

medical ultrasound image." The Visual Computer (2022): 1-17. 

[23] Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical 

image segmentation." Medical Image Computing and Computer-Assisted Intervention–MICCAI 2015: 

18th International Conference, Munich, Germany, October 5-9, 2015, Proceedings, Part III 18. Springer 

International Publishing, 2015. 

[24] Xu, Guangxian, Feng, Chun, and Ma, Fei. "A Review of UNet-Based Medical Image Segmentation." 

Computer Science and Exploration: 1. 

[25] Amiri, Mina, et al. "Two-stage ultrasound image segmentation using U-Net and test time augmentation." 

International journal of computer assisted radiology and surgery 15 (2020): 981-988. 

[26] Gaál, Gusztáv, Balázs Maga, and András Lukács. "Attention u-net based adversarial architectures for 

chest x-ray lung segmentation." arXiv preprint arXiv:2003.10304 (2020). 

[27] Frid-Adar, Maayan, et al. "Improving the segmentation of anatomical structures in chest radiographs using 

u-net with an imagenet pre-trained encoder." Image Analysis for Moving Organ, Breast, and Thoracic 

Images: Third International Workshop, RAMBO 2018, Fourth International Workshop, BIA 2018, and 

First International Workshop, TIA 2018, Held in Conjunction with MICCAI 2018, Granada, Spain, 

September 16 and 20, 2018, Proceedings 3. Springer International Publishing, 2018. 

[28] Albishri, Ahmed Awad, Syed Jawad Hussain Shah, and Yugyung Lee. "CU-Net: Cascaded U-Net model 

for automated liver and lesion segmentation and summarization." 2019 IEEE International Conference on 

Bioinformatics and Biomedicine (BIBM). IEEE, 2019. 

[29] Singh, Satya P., et al. "3D deep learning on medical images: a review." Sensors 20.18 (2020): 5097. 

[30] Milletari, Fausto, et al. "Hough-CNN: Deep learning for segmentation of deep brain regions in MRI and 

ultrasound." Computer Vision and Image Understanding 164 (2017): 92-102. 

[31] Hoseini, Farnaz, Asadollah Shahbahrami, and Peyman Bayat. "AdaptAhead optimization algorithm for 

learning deep CNN applied to MRI segmentation." Journal of digital imaging 32 (2019): 105-115. 

[32] Fu, Yabo, et al. "A novel MRI segmentation method using CNN‐based correction network for MRI‐

guided adaptive radiotherapy." Medical physics 45.11 (2018): 5129-5137. 

[33] Dolz, Jose, et al. "Deep CNN ensembles and suggestive annotations for infant brain MRI segmentation." 

Computerized Medical Imaging and Graphics 79 (2020): 101660. 

[34] Sun, Jindong, et al. "Segmentation of the multimodal brain tumor image used the multi-pathway 

architecture method based on 3D FCN." Neurocomputing 423 (2021): 34-45. 

[35] Zeng, Guodong, and Guoyan Zheng. "Multi-stream 3D FCN with multi-scale deep supervision for multi-

modality isointense infant brain MR image segmentation." 2018 IEEE 15th International Symposium on 

Biomedical Imaging (ISBI 2018). IEEE, 2018. 

[36] Zhou, Xiangrong, et al. "Deep learning of the sectional appearances of 3D CT images for anatomical 

structure segmentation based on an FCN voting method." Medical physics 44.10 (2017): 5221-5233. 

[37] Li, Laquan, et al. "Deep learning for variational multimodality tumor segmentation in PET/CT." 

Neurocomputing 392 (2020): 277-295. 

[38] Ibtehaz, Nabil, and M. Sohel Rahman. "MultiResUNet: Rethinking the U-Net architecture for multimodal 

biomedical image segmentation." Neural networks 121 (2020): 74-87. 

[39] Wang, Zhengyang, et al. "Non-local u-nets for biomedical image segmentation." Proceedings of the AAAI 

conference on artificial intelligence. Vol. 34. No. 04. 2020. 

[40] Tran, Song-Toan, Ching-Hwa Cheng, and Don-Gey Liu. "A multiple layer U-Net, U n-Net, for liver and 

liver tumor segmentation in CT." IEEE Access 9 (2020): 3752-3764. 

[41] Seo, Hyunseok, et al. "Modified U-Net (mU-Net) with incorporation of object-dependent high level 

features for improved liver and liver-tumor segmentation in CT images." IEEE transactions on medical 

imaging 39.5 (2019): 1316-1325. 



Highlights in Science, Engineering and Technology MMTCS 2023 

Volume 65 (2023)  

 

198 

[42] Rehman, Mobeen Ur, et al. "Bu-net: Brain tumor segmentation using modified u-net architecture." 

Electronics 9.12 (2020): 2203. 

[43] Chen, Wei, et al. "S3D-UNet: separable 3D U-Net for brain tumor segmentation." Brainlesion: Glioma, 

Multiple Sclerosis, Stroke and Traumatic Brain Injuries: 4th International Workshop, BrainLes 2018, 

Held in Conjunction with MICCAI 2018, Granada, Spain, September 16, 2018, Revised Selected Papers, 

Part II 4. Springer International Publishing, 2019. 

[44] Lee, Bumshik, Nagaraj Yamanakkanavar, and Jae Young Choi. "Automatic segmentation of brain MRI 

using a novel patch-wise U-net deep architecture." Plos one 15.8 (2020): e0236493. 

[45] Isensee, Fabian, et al. "nnu-net: Self-adapting framework for u-net-based medical image segmentation." 

arXiv preprint arXiv:1809.10486 (2018). 

[46] Feng, Xiaorui, et al. "Automatic liver and tumor segmentation of CT based on cascaded U-Net." 

Proceedings of 2018 Chinese Intelligent Systems Conference: Volume II. Springer Singapore, 2019. 

[47] Zhou, Zongwei, et al. "Unet++: A nested u-net architecture for medical image segmentation." Deep 

Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision Support: 4th 

International Workshop, DLMIA 2018, and 8th International Workshop, ML-CDS 2018, Held in 

Conjunction with MICCAI 2018, Granada, Spain, September 20, 2018, Proceedings 4. Springer 

International Publishing, 2018. 

[48] Wu, Su, et al. "Automatical segmentation of pelvic organs after hysterectomy by using dilated convolution 

u-net++." 2019 IEEE 19th international conference on software quality, reliability and security companion 

(QRS-C). IEEE, 2019. 

[49] Micallef, Neil, Dylan Seychell, and Claude J. Bajada. "Exploring the u-net++ model for automatic brain 

tumor segmentation." IEEE Access 9 (2021): 125523-125539. 

[50] Li, Chen, et al. "Attention unet++: A nested attention-aware u-net for liver ct image segmentation." 2020 

IEEE international conference on image processing (ICIP). IEEE, 2020. 


