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Abstract. Biomedical image segmentation has witnessed a significant
advancement with the emergence of deep learning (DL) technologies,
which become pivotal in medical image analysis. This paper presents a
comprehensive review of the evolution and current state of medical im-
age segmentation (MIS) techniques, with a particular focus on semantic
segmentation enabled by DL. We conduct a critical analysis of various
neural network architectures, including the latest developments in vision
transformers, and their impact on enhancing the accuracy and efficiency
of medical image processing. We identify key advancements, discuss cur-
rent challenges, and suggest potential future directions.
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1 Introduction

Image processing, analysis, and understanding techniques are an integral part
of numerous applications and an active research area in computer vision. Image
segmentation, in particular, is a highly relevant and widely researched topic,
with applications in numerous domains, including the medical field.

Semantic segmentation of medical images and the specificl o calization o f le-
sions from medical images of various types is a very important area of focus,
given the sensitivity and importance of this area. In the past, medical images
were segmented to determine the shapes and sizes of organs, as well as the
types and locations of tumors within them, based on traditional methods that
use domain knowledge to achieve good segmentation and rely heavily on fea-
ture selection such as Thresholding (P-tile Method, Otsu Method), Edge-Based
(Gradient Based Method and Gray Histogram Technique), and Region-Based
techniques (Region Growing and Region Splitting and Merging). After a while,
machine learning methods became the dominant technology for a long time such
as Neural Networks, K-means, Support Vector Machine (SVM), but the need to
accurately extract features manually was an obstacle to the development of these
technologies [2,13]. With the improvement of equipment and the advancement
of medical treatment, all kinds of new medical imaging devices have become
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more common, and the types of medical imaging widely used have evolved, the
most prominent of which are computed tomography (CT), magnetic resonance
imaging (MRI), and positron emission tomography (PET). ), X-ray, and ultra-
sound (UT). With the abundance of very useful information in modern medical
images, they have become the main basis for clinical diagnosis for doctors, but
machine learning techniques can no longer keep up with them, which led to
the emergence of DL techniques in the 2000s, which showed tremendous ability
and surpassed all its predecessors in terms of segmentation accuracy and speed,
greatly reducing the workload of doctors [2,13]. This prompted us to undertake
a comprehensive review of DL technologies, starting with the oldest and ending
with the newest, focusing on the shortcomings of the technologies and the rea-
sons for the emergence of new ones, as well as their strengths presenting some
research papers that used every mentioned technique, where transformers, in
particular hybrid transformers, are currently the subject of extensive research
and are witnessing a significant increase in the number of publications.

This paper commences with an introduction that outlines the historical develop-
ment of MIS techniques, before elucidating the various types of medical images
and the associated MIS. This is then followed by the presentation of a number of
published medical datasets, accompanied by an analysis of the most commonly
employed evaluation metrics in the context of DL techniques. Subsequently, an
explanation of DL techniques used for MIS was presented, with a focus on the
most prominent published works. Furthermore, we present an explanation of DL
network training techniques, with a particular emphasis on the most prominent
challenges in this field and suggestions for addressing them. Finally, the research
is concluded with a conclusion.

2 Medical Imaging

Medical imaging is a non-invasive technology whose objective is to create visual
images of the internal tissues of the human body by acquiring signals through the
utilisation of the physical principles of sound, light, electromagnetic waves, and
so forth. Several widely used medical imaging modalities produce different types
of medical images, including ultrasound, digital radiography, computed tomog-
raphy (CT), magnetic resonance imaging (MRI), optical coherent tomography
(OCT), mammograms, and positron emission tomography (PET) [19, 21].

1. X-ray Imaging: is a significant repository of medical data for use by doctors
and researchers. X-ray images are obtained through the use of radiation that
is part of the electromagnetic spectrum and which passes through the body
to produce informative images of the tissues and internal structure of the
body. X-rays are a relatively inexpensive, convenient, and widely applicable
imaging modality in the field of medical imaging [18, 22].

2. Computed Tomography (CT) Scans: is a computerized X-ray imaging
technique that employs a narrow beam of radiation, which is then rapidly
rotated around the body in order to capture detailed internal images. This
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process relies on the high contrast between gas and tissue [23,22]. CT pro-
duces detailed cross-sections of bones, soft tissues, and organs that can be
formatted in multiple frames to generate three-dimensional images of a seg-
ment of the body [18].

Optical Coherence Tomography (OCT) Images: employs light waves
to create cross-sectional images of the retina, which can be utilized to ex-
amine the distinct layers of the retina that facilitate mapping and measure-
ment of their thickness. It plays a pivotal role in the diagnosis of retinal
diseases [22].

Fundus Images: is a sophisticated two-dimensional imaging modality that
captures the rear of the eye and is employed for the diagnosis of a multitude of
medical conditions, including the detection and classification of hypertensive
retinopathy [22, 18].

Magnetic Resonance Imaging (MRI): is capable of capturing highly
detailed two-dimensional and three-dimensional anatomical images due to
its powerful, non-invasive, and effective imaging technology, which does not
utilize radiation. This makes it the optimal choice for image capture when
frequent imaging is required in the treatment process. In terms of image qual-
ity, it is considered the best available option; however, it is more expensive
than X-rays and CT scanning and requires a longer examination time [18,
23,22|.

Ultrasound: is a non-invasive medical procedure that uses sound waves
without any radiation to create an image of the internal organs, tissues, and
other structures within the body [22].

Histopathology or Whole-Slide Imaging (WSI): refers to the capture
of microscopic tissue samples from a biopsy glass slide or surgical specimen.
This involves the acquisition of small, high-resolution squares or strips of
images, which are then montaged to create a complete high-resolution digital
image of the histological section. This image can be stored as efficiently high-
resolution digital files, which can be accessed, analyzed, and shared with
scientists via the Internet using slide management techniques [22].

Medical Image Segmentation

The first development of image segmentation techniques dates back to 1965,
when the Roberts operator or Roberts edge detector was introduced in [3], which
is the first step towards decomposing the image into its basic components, after
which many techniques and algorithms followed [5].

Image Segmentation is defined as the process that divides an image into its
component parts, objects, or non-overlapping regions that have certain proper-
ties where the level of this segmentation varies according to the problem to be
solved and stops when the elements of interest are isolated.

More formally, suppose the image is represented by R, the segmentation of R
for a uniformity predicate P is the division of R into disjoint non-empty parts

Ri7

where i = 1,2, ...,n so that [4, 5]:
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%03 all ¢ and j ,i # j there exits R; N R; = @;

for i = 1,2,...,n, it must have P(R;) = TRUEF,

for all ¢ # j, there exits P(R; UR;) = FALSE;

Where @ represents an empty set and P(R;) is a uniformity predicate for
all elements in set R;.

Others thought that the following condition is important also:

5. Foralli=1,2,...,n, R;, is a connected component.

W e

The first condition means that the sum of the segmented regions contains all
pixels in an image. The second condition means that the different segmented
regions do not overlap. The third condition means that there are some similar
properties between the pixels in the same segmented regions. The fourth condi-
tion refers to the difference in some properties between the pixels belonging to
different segmented regions, and finally, the fifth condition means that the pixels
in the same region are connected to each other [5].

Image Segmentation can be separated into two categories: Instance Segmen-
tation, which distinguishes between different instances of the same object in ad-
dition to classification and localization, and Semantic Segmentation, which is
a classification process for each pixel, where there are two challenges in this task
that must be dealt with simultaneously, namely classification and localization.
For the classification, each object associated with a specific semantic concept
must be distinguished correctly, and in the localization, the classification of pix-
els must be aligned with the appropriate coordinates in the output score map [1,
2].

The process of analyzing and processing 2D or 3D images for segmentation, ex-
traction, 3D reconstruction, and 3D display of human organs, soft tissues, and
sick bodies using computer image processing technology is known as accurate
MIS [6]. It is a crucial stage in the process of computer-assisted diagnosis, image-
guided surgery, and treatment planning. Furthermore, early diagnosis of certain
diseases can help to avoid serious consequences, such as permanent disabilities
like vision loss, so methods have varied to meet this need, ranging from CNNs
to Vit-Based, which are among the best image segmentation techniques.

MIS is different from other image segmentation since the background of medical
scans is typically scattered and we are not only searching for objects in the image
but also for different organs or the segmentation of an organ. MIS techniques
are typically divided into two categories: organ-specific and multi-organ. This
distinction is based on the differing levels of context modeling required by each
approach [20].

— Organ-Specific Segmentation: This approach considers a certain feature
of the underlying organ in the design of architectural components or loss
functions. The approach is divided into two categories based on the type of
input: 2D and 3D [20].

1. Brain: The field of brain disease analysis encompasses the detection of
a range of conditions, including brain tumors, strokes, traumatic brain
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injuries, brain metastases, Alzheimer’s disease, epilepsy, and other dis-
eases. This is typically accomplished through magnetic resonance imag-
ing (MRI), where the images are divided into pre-treatment and post-
treatment scans. Each patient is examined using instruments with vary-
ing magnetic field intensities and protocols. Four main types of MR im-
ages can be distinguished: The imaging techniques employed in this con-
text include T1, Tlc, T2, and FLAIR [6, 24].

2. Eye: The eye is the most sensitive organ in the human body, and the
segmentation of the blood image in the retina is a challenging process.
There are numerous unsolved segmentation problems, including the loss
of small and weak blood vessels and over-segmentation [6].

3. Chest: In the case of chest lesions, X-rays are frequently employed as a
diagnostic tool, as they are the most commonly used imaging technique.
Chest lesions can be broadly categorized into several distinct groups,
including lung lesions such as pneumothorax and pneumonia, cardiac
lesions such as ventricular hypertrophy, and bony lesions such as rib
fractures [24].

4. Abdomen: Abdominal imaging is frequently conducted using computed
tomography (CT) and magnetic resonance imaging (MRI) techniques,
which permit the visualization of a range of abdominal structures, in-
cluding solid organs such as the liver, kidneys, spleen, and pancreas, as
well as the lower abdominal organs [6, 24].

— Multi-organ Segmentation: It attempts to segment multiple organs si-
multaneously, which is challenging due to inter-class imbalance and the di-
verse sizes, shapes, variances, and contrasts among the organs [20].

4 Medical Images Segmentation: Datasets and Evaluation
Metrics

4.1 Medical Datasets

To achieve optimal results, DL models require a substantial quantity of data.
In the current era, a plethora of data types are readily available, except med-
ical data, which is subject to privacy regulations and the necessity for expert
processing. Consequently, alternative techniques have been employed to com-
pensate for this deficit, including data augmentation and generation, transfer
learning, and so forth. Medical images are classified into three distinct cate-
gories: two-dimensional (2D) images, two-and-a-half-dimensional (2.5D) images
(RGB images), and three-dimensional (3D) images [2].

Some Known Datasets are present in the following table 1.

4.2 Evaluation Metrics

As usual, any DL model needs evaluation metrics. Accuracy and precision are
some such metrics, but in medical segmentation algorithms, doctors’ hand-drawn
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Table 1. Popular Medical Images Segmentation Datasets.
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Dataset Name Organ Modality Dimension
Pancreas-CT abdominal CT 3D
3D-IRCADb-01 liver CT 3D
Kaggles Data Science|Chest CT 2D
Bowl (DSB) 2017

LUng Nodule Analy-|Lung CcT 2D
sis LUNG16

SIIM-ACR Pneu-|Chest X-ray 2D
mothorax Kaggle

Synapse multi-organ|Multi-organ CT 2D
CcT

LiTS2017 Liver CcT 2D
BraTs 2020 Brain MRI 3D

annotations are usually used as the gold standard (ground truth, GT). Other
results of the segmentation algorithm are the prediction results (Rseg, SEG),
which means that accuracy or precision alone is not sufficient to determine the
quality of the segmentation, other methods have been invented [6]. The popular
metrics employed are represented in terms of the following [2]:

— True positive (TP) represents that the actual data class and the predicted
data class are true.
— True negative (TN) represents that both the actual data class and the

predicted data class are false.

— False positive (FP) represents that the actual data class is false while the
predicted data class is true.
— False negative (FIN) represents that the actual data class is true while the

predicted data class is false.

Some famous evaluation metrics that were mentioned in the literature are:

1. Intersection over Union (IoU): IoU or Jaccard index is the amount of

intersecting area between the predicted image segment and the ground truth
mask, divided by them [2].

|AN B|
|AU B
. Dice index or coefficient Is twice the amount of intersection area between

the segment predicted and the ground truth divided by the total number of
pixels in both [2].

IoU = (1)

2|AN B|

Al + |B]
. Precision: Is the proportion of input data cases that are reported to be true
and represented [2].

dice

TP

PR= 55T FP

(3)
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4. Recall: Is the percentage of the total relevant results correctly classified by

the model [2].

TP
Recall = m (4)

5. F1 Score: Is the harmonic average of the precision and recall values [2].

2 x Precision x Recall
F158 = 5
core Precision + Recall (5)

6. Pixel Accuracy: Is the percentage of correctly classified pixels in the input
image by the model [2].

no. of pixels properly classified

(6)

Pixel A =
ppet Aecuracy total number of pizels

5 Deep Learning Medical Images Segmentation
Techniques

The advent of DL techniques and their demonstrated superiority over previous
approaches has led to the development of a multitude of deep neural network
architectures. Below we will mention those used in image segmentation.
Among the most powerful DL networks, we find convolutional neural net-
works (CNN), which combine DL with image processing technology, which
made it the leader in the field of image analysis and processing and attend many
achievements, such as extracting image features, classifying them, and recogniz-
ing patterns where the fully convolutional network (FCN) was the first successful
DL network for image semantic segmentation. It was regarded as the pioneering
work of utilizing convolutional neural networks (CNNs) for image segmentation.
Subsequently, other noteworthy segmentation networks were identified, including
U-Net, Mask R-CNN, RefineNet, and DeconvNet. These networks demonstrated
a notable proficiency in processing fine edges [6].

5.1 CNN

CNNs are supervised DL models that consist of several linked layers, each with
a specific function, passing information and sharing weights of feature map-
ping in different locations between them to get the final output [13]. One of
the earliest CNN architectures is LeNet5, proposed by Lecun et al. [25] which
was successfully applied to handwriting recognition. Subsequently, a deeper net-
work, AlexNet, was proposed in 2012 by Krizhevsky et al. [26], this network was
the most successful at image classification of the ImageNet dataset then Zeiler
and Fergus [27] subsequently presented ZFNet, a fine-tuning of the AlexNet
structure. For 2D input images, ResNet [28] and VGGNet [29] were employed.
Additionally, GoogleNet was introduced by Szegedy et al. [30] with an Incep-
tion module, and subsequently, Szegedy et al. [31] introduced two new modules,
Inception V2 and Inception V3. In their work, Szegedy et al. [32] proposed
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Inception-ResNet-v1, Inception-ResNet-v2, and a pure inception variant, incep-
tion V4. Chollet et al. [33] proposed a module named Xception, which translates
as "extreme inception". There are other networks, such as SequeezeNet [34],
DenseNet [35], and others. The distinction between these networks lies in the
number of convolutions and pooling layers, with crucial process blocks situated
between them. In other instances, even the concept of convolution and pooling
is transformed [6, 2, 14].

In the study by Zhang et al. [36], deep convolutional neural networks (CNNs)
were employed to segment brain tissue in the isointense stage into white matter
(WM), grey matter (GM), and cerebrospinal fluid (CSF) using multi-modality
MR images. The performance of the proposed approach was then compared to
that of commonly used segmentation methods. The results demonstrated that
the model significantly outperformed previous methods for segmenting infant
brain tissue. The overall Dice ratios achieved for CSF, GM, and WM were 0.835,
0.852, and 0.864, respectively.

In [37], the authors proposed a system comprising three 2D CNNs for the seg-
mentation of tibial cartilage in MRI scans of low field knee joints. The system
was tested on 114 unseen scans. The model demonstrated superior performance
compared to the state-of-the-art methods, utilizing 3D multi-scale features. The
triplanar CNN was tested on 114 unseen scans, with a mean Dice Similarity
Coefficient (DSC) of 0.8249, an accuracy of 99.93%, a sensitivity of 81.92% and
a specificity of 99.97%. The standard deviation was 4.26% for DSC, 1.86% for
accuracy, 7.62% for sensitivity, and 1.74% for specificity.

In [38] a single convolutional neural network (CNN) was trained to segment six
tissues in brain magnetic resonance imaging (MRI), pectoral muscle in breast
MRI, and coronary arteries in heart computed tomography angiography (CTA).
The combined training procedure resulted in segmentation performance equiva-
lent to that of a CNN that was trained specifically for that task for each.
Despite the excellent performance of CNN segmentation models, there are still
limitations. One such limitation is the inability of fully connected layers to man-
age different input sizes. Additionally, it is not possible to use CNN with a fully
connected layer for the object segmentation task, as the number of objects of
interest in the image segmentation task is not fixed. Consequently, the length of
the output layer cannot be fixed [2].

5.2 FCN

To overcome the limitations of CNN, Long et al. [39] proposed a new architec-
ture called Fully Convolutional Network (FCN), which was the first DL network
to be applied to the semantic segmentation of images. This achieved impressive
results. The FCN architecture was inspired by the VGG network architecture.
The main difference between it and CNN is that the last fully connected layer of
the CNN is converted into a fully convolutional layer in the FCN, enabling it to
accept input images of any size. Other significant alterations include the incorpo-
ration of a deconvolution layer, which serves to upsample the feature map of the
final convolution layer and restore it to the same dimensions as the input image.
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This process generates a dense pixel-wise prediction while preserving the spatial
information present in the original input image. The final image segmentation
was completed by performing pixel-by-pixel classification on the upsampled fea-
ture map. The FCN varies according to the upsampling to FCN-32s, FCN-16s,
and FCN-8s [6, 2].

[40] utilized FCN on the same modalities and dataset as [36], and the results
demonstrated the superiority of FCN over CNN. This was evidenced by the
mean Dice coefficient of 0.885, in comparison to 0.864, achieved by the multi-
FCNs (mFCNs) architecture, which involved training one network per modal-
ity, then fusing multiple-modality features from the high layer of each network
demonstrated superior performance to the FCN model, which combined three
modalities as input feature maps for networks. The average Dice ratios for the
three modalities were 0.855 for CSF, 0.873 for GM, and 0.887 for WM, derived
from eight subjects.

The authors in [41] trained a multi-class 3D FCN on manually labeled CT scans
of seven abdominal structures (artery, vein, liver, spleen, stomach, gallbladder,
and pancreas) on 281 clinical CT images and validated it on 50 clinical CT
images. The models were tested on a completely unseen dataset obtained at a
different hospital, which included 150 CT scans with three anatomical labels
(liver, spleen, and pancreas). The hierarchical approach yielded a mean Dice
score of 82.2%, representing a significant improvement over the previous mean
of 68.5%. This represents the highest reported average score on the aforemen-
tioned dataset.

Other researchers employed variations of FCN, such as the fully convolutional
DenseNet (FC-DenseNet), as described in [42]. This approach was used to seg-
ment and detect pneumothorax on chest X-rays, with the researchers achieving
a mean pixel-wise accuracy (MPA) of 0.934+0.13 and a dice similarity coeffi-
cient (DSC) of 0.92+0.14. The overall accuracy was 93.45%, with an F1 score of
92.97%.

The conventional FCN model is subject to certain limitations, including a ten-
dency to be slow for real-time inference and a lack of efficiency in the incorpora-
tion of global context information. Additionally, it may result in the generation
of low-resolution predictions with blurring in the object boundaries due to the
downsampling of the resolution of feature maps generated at the output, which
occurs as a consequence of the propagation of information through alternative
convolution and pooling layers [2].

5.3 U-Net

The U-Net is an encoder-decoder network proposed by Ronneberger et al. [43]
that employs the concept of deconvolution introduced by [27] and is constructed
upon the FCN’s architectural framework. The encoding component comprises
convolutional and pooling layers, while the decoding component comprises al-
ternating upsampling, which increases the size of a feature map, and pooling
layers. The features are concatenated with the feature retained at the corre-
sponding level in the encoder after the upsampling, thus combining the location
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information obtained from the downsampling path with the contextual infor-
mation obtained from upsampling. This structure enables the model to identify
both the detailed and general features of objects, thus enabling pixel-wise clas-
sification for segmentation. Consequently, U-Net has become the gold standard
for MIS, inspiring a plethora of meaningful enhancements (2,24, 13, 44].

In [45], the authors employed a network based on the U-Net architecture for the
segmentation of lungs in 2D chest X-rays, using both the original JSRT dataset
and the BSE-JSRT dataset. The results demonstrate the high efficiency of the
U-Net structure, particularly when utilizing GPUs.

In [46], the authors proposed an extension of the U-Net architecture to handle
3D data for volumetric segmentation. This was achieved by replacing all 2D op-
erations with their 3D counterparts. The network was tested on highly variable
3D structures, including the Xenopus kidney, and achieved satisfactory results
for both use cases.

The limitations of the U-Net model can be briefly described as follows: the in-
put image size is constrained to 572, and the learning process is slow in the
middle layers of the model, which causes the network to ignore the layers with
abstract features [2|. Several variants of the U-Net architecture have been pro-
posed, the most notable of which are: U-Net ++ [47], Attention U-Net [48] and
SD-UNet [49].

5.4 V-Net

Although the performance of 3D U-Net was satisfactory, it is still limited in that
it cannot effectively extract deep layer image features due to the constraints of its
computational resources, which permit only three down-sampling operations. A
variant, designated V-Net, was proposed by [50] that incorporates compression
and decompression networks, as well as residual connections, which facilitate
accelerated network convergence and prevent gradient vanishing. This results in
a deeper network architecture and enhanced performance [2,44].

In [51], the researchers used V-Net with a larger, multiscale receptive field for
automatic segmentation of abdominal anatomy on CT images for 8-organ. They
compared it to current DL methods and found that it yielded significantly higher
dice scores for all organs and lower mean absolute distances for most organs,
including Dice scores. The results were 0.78 Dice Score versus 0.71, 0.74, and
0.74, for the pancreas 0.90 versus 0.85, 0.87, and 0.83 for the stomach, and for
the esophagus 0.76 versus 0.68, 0.69, and 0.66.

5.5 RNNs

Recurrent Neural Networks are designed to deal with sequences, where they are
used in handwriting, speech recognition, and other natural language processing
applications due to the recurrent connections that enable the network to mem-
orize patterns from recent inputs. In addition, when used in computer vision
tasks such as semantic segmentation and scene segmentation it also achieved
very satisfactory results due to its ability to learn long-term dependencies from
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the sequenced data and its ability to retain memory along the sequence [13-15].
The use of RNNs for segmentation was employed to model the time dependence
of medical image sequences [44].

In [52], the authors proposed a recurrent convolutional neural network (RCNN)
based on U-Net as well as a recurrent convolutional neural network (RRCNN)
based on U-Net models, named RU-Net and R2U-Net respectively. The proposed
models were tested on three different segmentation tasks: blood vessel segmenta-
tion from retinal images, skin cancer lesion segmentation, and lung segmentation
from 2D images. The results demonstrated that the RU-Net and R2U-Net mod-
els exhibited superior performance in segmentation tasks with the same number
of network parameters compared to existing methods including U-Net models
and residual U-Net (or ResU-Net) models, in the three datasets.

In [53], the authors proposed a framework called FCSLSTM for 4D image seg-
mentation. This framework utilizes FCNs for the spatial model and LSTM for
the temporal model. When applied to segment the BRIC clinical dataset, which
contains longitudinal pediatric magnetic resonance imaging (MRI), the approach
yielded promising results.

It is worth noting that other networks have been developed, including Contex-
tual LSTM (CLSTM) [54], recurrent FCN (RFCN) [55] created through the
GRU application on the FCN system, and Clockwork RNN (CW-RNN) [56].

5.6 R-CNN

R-CNNs were employed for object detection and segmentation. The algorithm
generates a region proposal network for bounding boxes through a selective
search process. These region proposals are subsequently warped to standard
squares and forwarded to a convolutional neural network (CNN), which gener-
ates a feature vector map as the final output. The output layer comprises features
extracted from the image, which are then fed to the classification algorithm to
classify the objects within the region proposal network. Additionally, the algo-
rithm predicts offset values to enhance the precision of the region proposal [2].
The primary limitation of the RCN model is its inability to be implemented
in real time, which may result in the generation of inaccurate candidate region
proposals. As a result, alternative approaches were proposed, including fast R-
CNN [57], faster R-CNN [58], and mask R-CNN [59].

5.7 DeepLab

The Deeplab model employs a pre-trained convolutional neural network (CNN)
model, namely Resnet-101/VGG-16. Deeplabvl [60] is based on the VGG net-
work, with additional atrous convolution and conditional random field (CRF)
employed to enhance the accuracy of segmentation boundaries. In the Deeplab
V2 model [61], the authors replaced the Resnet-101 network with a more flexible
use of atrous convolution, which they had previously employed in the atrous spa-
tial pyramid pooling (ASPP) module. In the case of Deeplab V3 [62], the authors
continued to utilize the Resnet-101 network with the parallel atrous convolution
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module and ASPP module, while also beginning to remove CRF. In Deeplab
V3+ [63], the ASPP unit from Deeplab V3 is combined with an encoder-decoder
structure, utilizing the Xception model for semantic segmentation tasks [6, 2].
In their study, Tang et al. [64] proposed a method based on Faster R-CNN and
DeepLab, which they termed the "detection and segmentation laboratory" (DSL)
method. The Faster R-CNN was used to detect the liver area, and the results
were then passed to DeepLab as input for segmentation. The authors evaluated
their work on two datasets: 3Dircadb and MICCAISliver07, In comparison to the
state-of-the-art automatic methods, the approach demonstrated superior perfor-
mance, with the lowest volumetric overlap error observed on the. In addition,
there are other works that may be of interest, including [65], and [66].

5.8 Transformer-Based-Techniques

In recent years, an architecture has emerged that outperforms its predecessors
in both natural language processing and computer vision, called Transform-
ers [16]. Transformers also known as language transformers, are feed-forward
modules in neural networks that compute global representations and dependen-
cies, and they are based on self-attention mechanisms. It first appeared as a
machine translation architecture, and because of its effectiveness in numerous
natural language processing applications, it has replaced recurrent models as the
standard option. Because of its widespread use, researchers began considering
how to apply it to computer vision applications. This resulted in the creation of
Vision Transformer (ViT) [17], the first pure transformer for computer vision
tasks, which made up for CNN networks’ inability to capture long-range depen-
dencies like the extraction of contextual information and non-local association
of objects [18-20]. Due to their impressive results, as they scale up more easily
and are more robust in the face of corruption, as the weak inductive bias that
enables them to outperform CNN networks, has led to their use in segmenting
medical images semantically since these images are more complex than the rest
and results of applying CNN on medical images were limited [19].
Self-Attention The attention mechanism was inspired by the way humans ob-
serve and learn. When we observe and learn, we unintentionally pay attention to
a part of the information while ignoring the rest [18]. Self-attention, also known
as intra-attention, is a mechanism that defines relationships between data, re-
gardless of their position in the sequence, thereby capturing long-term depen-
dencies. The attention function takes a query and a set of key-value pairs as
input vectors and assigns them to an output by computing the weighted sum of
the values. The value weights are calculated as the attention of the query with
its corresponding key [16, 20, 18].

Multi-Head Self Attention (MHSA) Rather than focusing on a single in-
stance of attention, it has been demonstrated that it is more efficient to apply
multiple instances of self-attention in parallel to the same input in order to cap-
ture hierarchical features. h self-attentions are applied where the output is the
concatenation and projection of all those self-attention blocks [16, 18].

The original ViT was applied straight to the images with very little alteration.
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The sequence of linear embeddings of the patches created from the divided image
was fed into ViT. Tokens and image patches were managed in the same man-
ner [17].

Subsequently, we will present a selection of works that employed pure or hy-
brid transformers and compare them with other structures, which demonstrated
remarkable outcomes.

— Boundary-Aware Transformer (BAT): Boundary-Aware Transformer
(BAT) was proposed by [67] and was used to address the challenges of au-
tomatic skin lesion segmentation. This was achieved by integrating a new
boundary-wise attention gate (BAG) into transformers, which enabled the
whole network to model global long-range dependencies and capture more
local details by fully benefiting from boundary-wise prior knowledge. The
BAT algorithm was trained on the ISIC 2016 dataset and evaluated on the
PH2 dataset. It was then validated on the ISIC 2018 dataset. In the case of
ISIC 2016 and PH2, the Dice coefficient achieved by BAT was 0.921, with
an Intersection over Union (IoU) of 0.858. In the case of ISIC 2018, the Dice
coefficient achieved by BAT was 0.912, with an IoU of 0.843.

— TransBridge: A lightweight model, designated "TransBridge," was devel-
oped by [68]. This model combines a CNN encoder-decoder structure with
a transformer architecture, which was evaluated on the EchoNet Dynamic
dataset for a left ventricular segmentation task. The results demonstrated a
reduction in the total number of parameters and an improvement in the dice
coefficient, which reached 91.4%.

— COTRNet: In their work [69], the authors proposed a convolutional-transformer
network (COTRNet), which comprises a decoder and a decoder structure.
The encoder is composed of several convolution-transformer blocks, while
the decoder contains several up-sampling layers with skip connections from
the encoder [20]. COTRNet was employed for the end-to-end segmentation
of kidneys, kidney tumors, and kidney cysts in the 2021 challenge for kidney
and kidney tumor segmentation (kits21). This approach yielded an average
dice coefficient of 61.6%, a surface dice coefficient of 49.1%, and a tumor dice
coefficient of 50.52%. The resulting segmentation ranked 22nd in the kits21
challenge.

— TransBTS: In [70], the authors proposed a network called TransBTS, which
employs an encoder-decoder architecture with Transformer technology inte-
grated into a 3D convolutional neural network (CNN) for the segmentation
of brain tumors in magnetic resonance imaging (MRI). The encoder employs
a 3D CNN to extract 3D volumetric spatial feature maps, while the trans-
former receives the reformulated feature maps for global feature modeling.
The experimental results on the 2019 and 2020 BraTS datasets demonstrate
that the model achieves comparable or superior outcomes to those of previous
state-of-the-art 3D approaches for the same task. The authors of [71] were
inspired by the TransBTS architecture and proposed the Bi-Transformer U-
Net (BiTr-UNet), which consists of an attention module to refine encoder and

|
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decoder features and two ViT layers. This approach was found to perform
relatively better in the BraTS 2021 segmentation challenge.

Pure Transformer-Based Model: In [72], the authors proposed a model
based on the transformer architecture. Unlike traditional convolutional neu-
ral networks, this model does not involve any convolutional processes. In-
stead, it employs self-attention between adjacent image patches to predict
the segmentation map of the central patch. The proposed model demon-
strated superior segmentation accuracy compared to state-of-the-art convo-
lutional neural networks (CNNs) in three data sets: The data sets comprised
the following: Brain Cortical Panel T2 MRI, Pancreas CT, and Hippocampus

MRI.

We end this section with a table summarizing all the previously mentioned net-
works, along with their most important characteristics and shortcomings:

Table 2. Medical Image Segmentation Approaches.

Approach |Architecture |Applications Advantages Limitations
CNN CNN Classification, Automatic feature ex-|Inability of fully con-
Segmentation traction nected layers to manage
different input sizes
FCN CNN Segmentation Generates a dense pixel-|Slow for real-time in-
wise prediction while|ference, Generate low-
preserving the spatial|resolution predictions
information
U-Net 2D and 3D|Segmentation Identify both the de-|Slow learning process in
CNN tailed and general fea-|the middle layers
tures of objects, Gives a
height precision
V-Net 3D CNN Segmentation Suitable for volumetric|High computational
data costs
RNN, RNN Sequential tasks,|Models the time depen-|Gradient vanishing prob-
LSTM, Segmentation dence lem
GRU
R-CNN CNN + RPN|Segmentation, Enhance the precision of|Can be overloaded for
Object Detection [the region proposal and|simple tasks, Inability to
object distinction be implemented in real
time
DeepLab |CNN + CRF|Segmentation, Improvement of borders|High complexity, can be
Contours, etc thanks to CRFs slow
Transformer| Transformers [Sequential tasks,|Excellent ability to cap-|High data and comput-
based Mod- Computer Vision|ture long-distance de-|ing power requirements
els Tasks pendencies
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6 Network Training Methods

In this section, we will discuss some of the most notable training techniques
employed in the training of MIS networks.

1. Deeply Supervised: Direct supervision is given to the hidden layers in
deep supervision, and this is also propagated to the lower layers. The idea
was implemented in [73] and operationalized using the companion objec-
tive function, which GoogLeNet and other well-known networks used in the
hidden layers [13].

2. Weakly Supervised: In supervised approaches for MIS, the requirement
for pixel-level annotation is often unmet, and even when it is available, it is
often a tedious and expensive process. One potential solution to this problem
is to utilize image-labeled data, for instance, a binary label indicating the
presence or absence of a pattern. This approach is exemplified in [74], where
"point labels" are employed to indicate the presence of a nodule, thereby
reducing the system’s reliance on fully annotated images. This approach can
be considered a weakly supervised learning technique [13].

3. Transfer Learning: Transfer learning is the capacity of a system to rec-
ognize and utilize previously acquired knowledge. This can be achieved in
two distinct ways: firstly, by fine-tuning a pre-trained network on general
images, and secondly, by fine-tuning a network that has been pre-trained
on medical images of a different target organ. This is the most widely used
method, and it has been demonstrated to yield superior performance when
the source and target network tasks are analogous. Even transferring weights
is more effective than random initialization [13].

7 Challenges and Future Prospects

One of the biggest challenges in MIS is data, as DL models rely heavily on large
annotated datasets. However, medical image annotation has always been a diffi-
cult task, as it requires expertise in the medical field, making it difficult to find
qualified annotators, and privacy issues make it difficult to obtain large amounts
of data [75].

For a medical image dataset, the image modality affects how it is processed and
changes the used model. Since we may find multi-modality data, it is difficult
and challenging to adapt the model to it [75].

Medical image data often contains classes that appear more than others, called
the class imbalance problem, which leads to great difficulty in training the DL
model and makes the model’s accuracy misleading [13].

Human organs vary in size, shape, and location, and the heterogeneous appear-
ance of the organ to be segmented is one of the major challenges in segmenting
medical images [13].

The problems presented previously can be partially solved with the data aug-
mentation technique, as it allows us to create new data, as well as control the
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distribution of classes in it, as well as using the weakly supervised learning tech-
nique to train models, which reduces the need to annotate the data.

Regarding the future research direction, we suggest focusing on the transformer
model for domain adaptation, as well as attention techniques, to solve the multi-
modality model adaptation problem. We also suggest delving into data augmen-
tation techniques, especially the Generative Adversarial Networks (GANs), and
trying to integrate attention into them to improve the quality and accuracy of
the generated images.

8 Conclusion

The field of disease diagnosis using DL techniques is currently experiencing a
period of rapid progress, driven by the current prevalence of diseases and the
importance of reducing the burden on doctors. This has prompted us to provide
an overview of some of the most widely used models, accompanied by an analysis
of the challenges that have led to the emergence of technologies that are more
advanced than their predecessors. In addition, we have included a discussion
of the evaluation methods used in these models, as well as an overview of the
types of medical data and their sources, the main challenges facing the field, and
a suggestion for future research directions. We focused on the most important
technology, namely transformers and attention techniques which can still be
developed.
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