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Abstract
During the last few decades, a convolutional neural network (CNN) has become a very popular deep learning technique in 
automatic tumor segmentation of medical images of cancer patients. However, unlike for semantic segmentation of regu-
lar photographs, there are few publicly available datasets that can be used to train a CNN to perform tumor segmentation 
in medical images. Consequently, it is difficult to compare these methods or tell how well they should work for a specific 
combination of cancer type and imaging modality when trained with a certain amount of data. To answer this question, we 
analyzed 325 recent articles about CNNs trained for tumor segmentation in order to give a comprehensive overview of the 
current state of research. The articles study several different types of cancer, including brain tumors and breast, liver, lung, 
skin, head and neck, prostate, thyroid, cervical, colorectal, pancreatic, kidney, and bladder cancer, imaged with magnetic 
resonance imaging (MRI), computed tomography, positron emission tomography, ultrasound, and other similar modalities. 
According to our analysis, the most popular CNN for tumor segmentation is U-Net and its new modifications. Conversely, 
Mask region-based CNNs are rarely used outside of MRI images. Out of the other CNN designs, SegNet and DeepLabV3 
are most common but still significantly less studied than U-Net. Furthermore, several methods have not yet been tested for 
rarer types of cancer.
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1  Introduction

Cancer is a leading cause of death globally, responsible of 
nearly one in six deaths in the world (Debela 2021). It is 
a complicated disease whose successful treatment often 
requires multiple medical imaging scans to monitor the dis-
ease, create individualized treatment plans, and estimate the 
treatment response. To analyze these medical images in an 
efficient way, several image processing tasks are required.

In clinical oncology, tumor segmentation is one of the 
necessary routine tasks performed after imaging of a cancer 
patient. It means denoting tumor segments in the image by 
creating a tumor mask, which is typically a matrix in the 
same size as the original image with all the elements labelled 

as cancerous or non-cancerous according to the correspond-
ing pixels or voxels. Since tumor segmentation is both time-
consuming and relatively monotonic, several automatic, 
deep learning-based applications have been developed for 
this purpose (Jiang et al. 2022).

The most popular method for automatic tumor segmen-
tation, a convolutional neural network (CNN), is a special 
type of machine learning technique commonly used for 
image processing because it is able to understand the spa-
tial relationships between adjacent data points instead of 
treating them as separate variables without a meaningful 
order. The signature features of CNNs were introduced by 
several researchers on different decades during the 20th cen-
tury, though the most notably of the persons involved is per-
haps Yann LeCun, who coined the term "convolution" and 
developed CNNs capable of interpreting hand-written digits 
in 1989 (Li et al. 2021). Since then, CNNs have become 
increasingly popular with numerous applications related to, 
for instance, face recognition (Lawrence et al. 1997), self-
driving vehicles (Farag 2018), and video surveillance (Dhi-
yanesh et al. 2021).
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CNNs have been applied to medical purposes from very 
early on Zhang et al. (1994). However, due to the privacy 
concerns, there are a quite limited number of publicly avail-
able datasets (Anwar et al. 2018) and the research of medical 
CNNs is focused on the hospitals and research centers that 
are able to collect their own image data to evaluate the mod-
els used. While the CNNs trained to perform segmentation 
and object detection in typical photographs can be evaluated 
in large open-source datasets and therefore easily compared 
with each other, it is more difficult to say how well a CNN 
should work for medical images in a specific task, whether 
certain modifications significantly improve its performance, 
or which CNN architecture could truly be considered the 
state-of-the-art.

To address this issue, we analyze CNNs used for tumor 
segmentation in different medical images. Our review 
includes articles based on brain tumors, head and neck can-
cer (HNC), and breast, liver, lung, skin prostate, thyroid, 
cervical, colorectal, pancreatic, kidney, and bladder cancer. 
The main imaging modalities considered include magnetic 
resonance imaging (MRI), computed tomography (CT), 
positron emission tomography (PET), and ultrasound (US). 
We select 325 articles in total for our systematic review syn-
thesis and, based on the reported results, choose 54 of them 
for a more careful review. In this way, we form a representa-
tive collection of the best CNNs for each cancer type and 
modality combination.

The structure of this review is as follows. First, we briefly 
explain our methods of article selection and analysis. Then 
we introduce necessary concepts related to medical imaging, 
CNNs, and the evaluation of segmentation results, together 
with the results obtained during our systematic review syn-
thesis. After that, we introduce a few accurate CNN methods 
for each cancer type separately. In Discussion, we summa-
rize our key findings and consider the future prospects of this 
area of study. At the end, we also present a brief conclusion.

2 � Article selection

We performed literature analysis according to the Preferred 
Reporting Items for Systematic reviews and Meta-Analyses 
(PRISMA) reporting guidelines of year 2020 (Page et al. 
2021). The articles for this review were chosen among the 
810 search results on the three-year time period 1.4.2021−
31.3.2024 for the search phrase cancer tumor segmentation 
convolutional neural network from PubMed. We screened 
the titles and abstracts of these search results and excluded 
466 articles as shown in Fig. 1.

Our exclusion criteria were to leave out such articles that 
1. only studied diagnosis, classification, outcome predic-
tion, or some task other than segmentation, 2. performed 
only organs-at-risk type segmentation without denoting the 

cancer, 3. performed segmentation either for non-cancerous 
targets such as cysts or only for metastases outside the organ 
with the primary tumor, 4. tested the CNN on datasets on 
several fully different cancer types, 5. used histopathological 
images, 6. did not use CNNs for the actual segmentation, 7. 
did not use human patients, or 8. were reviews or editorials. 
However, we included articles about segmentation of breast 
tumors and pulmonary or thyroid nodules, even though a 
majority of them are benign.

For the 325 included articles in the systematic review 
synthesis, we collected the following details from abstract 
if mentioned: cancer type according to the organ with the 
primary tumor (i.e. breast cancer instead of the specific sub-
type of breast cancer), imaging modality, CNN architecture, 
name of the public dataset if used, and the numeric values 
of the evaluation metrics from the segmentation results of 
the test set. From the 325 articles, we selected 54 articles 
for more careful analysis. This choice was made to include 
articles that 1.) composed a diverse collection of imaging 
modalities and cancer types and 2.) reported high segmen-
tation accuracy when compared to other studies about the 
same modality and cancer type combination. The details of 
the all 810 articles, including the reason for excluding them 
or the details collected from the systematic review synthesis, 
can be found from the excel file included in the supplemen-
tary material of this article.

3 � Cancer types

According to our systematic review synthesis from 325 
articles, CNN-based tumor segmentation has been studied 
for brain tumors, breast, liver, lung, skin, head and neck, 
prostate, thyroid, cervical, colorectal, pancreatic, kidney, and 
bladder cancer. There are notably discrepancies between the 
popularity of certain cancer types in the reviewed articles 
and their global prevalence and mortality rates, as illustrated 
in Fig. 2. In particular, brain tumor segmentation is very 
commonly studied despite the relatively low prevalence of 
brain tumors whereas the amount of research of colorectal 
cancer segmentation is very limited when considering its 
high prevalence.

4 � Imaging modalities

For this review, we focus on 3D imaging modalities such as 
MRI, CT, PET as well as 2D US and photographs. Out of 
these modalities, MRI is a very common medical imaging 
method that uses strong magnetic fields and radio waves. 
Dynamic contrast enhanced MRI (DCE-MRI) measures 
changes in spin–lattice relaxation of tissue caused by a 
gadolinium contrast bolus and can be used to assess tumor 
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perfusion (Berman et al. 2016). CT is another common 
imaging technique, which uses rotating X-ray tube to gain 
anatomic information about different tissue types. MRI and 
CT both typically result in three-dimensional (3D) images, 
but it is also possible to record their dynamic sequence, giv-
ing us four-dimensional (4D) data.

PET is a nuclear medicine imaging method that uses 
short-lived radioactive isotopes to extract information about 
the function of the human body (Townsend et al. 2004). 

During imaging, a patient is first injected with a tracer 
substance and then a scanner device records how the sub-
stance travels in the body based on the radioactive decay 
(Townsend et al. 2004). The results are presented either 
as a 3D static image or a 4D dynamic image. In oncology, 
18F-fluorodeoxyglucose ( 18F-FDG) is the most common 
tracer because it accumulates in the cancer tumors due to 
their higher metabolism. Single photon emission computed 
tomography (SPECT) is another nuclear medicine imaging 

Fig. 1   The article selection process of this review visualized as a flow diagram according to the PRISMA 2020 guidelines
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method, though less common than PET and based on meas-
uring radioactive decay through gamma rays instead of 
positrons.

US imaging is used especially for breast cancer patients, 
and, unlike MRI, CT, and PET images, US images are typi-
cally two-dimensional (2D). An exception to this is auto-
mated whole-breast US (ABUS) and automated breast vol-
ume scanner (ABVS), which both give 3D images. More 
traditional imaging methods for breast cancer patients 
include a special type of an X-ray image called a mammo-
gram which can sometimes be 3D but is typically 2D.

Additionally, there are several methods based on 2D 
photographs. Depending on the location of the cancer, 
images taken during endoscopy, laparoscopy, colposcopy, 
or colonoscopy can be of interest. Furthermore, dermoscopic 
images are commonly analyzed for skin cancer and intraoral 
photographs can show HNC tumors located in the mouth.

The stacked bar chart of Fig. 3 shows the distribution of 
the selected articles between different imaging modalities 
within each cancer type of Fig. 2. Given imaging modalities 
are better suited for certain cancer types than other modali-
ties, it is expected that certain combinations, such MRI for 
brain tumors and US for thyroid cancer, are more common. 
However, this distribution is also affected by the publicly 
available datasets.

5 � Convolutional neural networks

A CNN is a special type of an artificial neural network 
(NN). In general, NNs are complex models consisting 
of several, even millions, of neurons divided on differ-
ent layers and connected to each other in such a way that 
they can transmit instances of data from the input layer to 
the output layer. The connections between neurons have 

numerical values called weights and, while the layer-spe-
cific transformations are fixed by the chosen NN architec-
ture, these weights are optimized during the training of the 
NN. Namely, a loss function is first used to estimate the 
difference between the ground-truth values and the outputs 
given by the NN with a specific choice of weights in the 
training data and an optimizer then determines how the 
weights should be updated in order to minimize this loss. 
The NN is typically trained with suitable data until the loss 
function converges. Given the training requires annotated 
data, the NNs are considered a form of supervised learning 
techniques, and they are typically also evaluated by using 

Fig. 2   The global incidence 
and mortality rates in 2022 
according to Global Cancer 
Observatory (2025) for the 
most common cancer types in 
CNN-based tumor segmentation 
articles. The percentage is the 
relative prevalence of the cancer 
type in the 325 articles selected 
for this review. The incidence 
and the mortality of head and 
neck cancer (HNC) are obtained 
as the sums of cases in lips, oral 
cavity, larynx, nasopharynx, 
oropharynx, hypopharynx, and 
salivatory glands

Fig. 3   The numbers of articles based on a specific imaging modality 
for different cancer types among the 325 selected tumor segmentation 
articles
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a special test set of unseen data instances after the training 
(O’shea and Nash 2015).

CNNs are distinguished from other NNs due to their use 
of operations called convolutions to transform the data. On a 
convolutional layer, a filter matrix is placed over a receptive 
field of the same size in the input matrix, the dot product 
between the filter and the receptive field is computed, and 
the filter is then shifted by a stride along the input matrix 
onto another receptive field. A feature map is the series of 
these dot products in an order corresponding with the filter 
locations. The larger the stride is, the smaller the feature map 
is and, if several filters are used, the output will have an addi-
tional dimension to contain all the resulting feature maps. 
For dimension reduction, the CNNs have pooling layers on 
which a maximum or an average value of a receptive field is 
chosen for output instead of the dot product. Additionally, 
upsampling is possible through transposed convolutions, for 
instance. At the end of the CNN, there is typically also a 
fully-connected layer whose each neuron is directly con-
nected with to every neuron of the previous layer (O’shea 
and Nash 2015).

The dimension of the data affects the CNN architecture 
and, in particular, the dimension of the filter. 2D CNNs 
can be re-designed for 3D data or even such data that has 
higher dimensions than this. However, due to the increased 
depth and complexity, 3D CNNs require more training data 
to avoid overfitting. If 3D medical image is given to a 2D 
CNN instead, they are typically divided into transaxial slices 
that are treated as separate images, which also means that 
one 3D image gives more data instances for training and test 
sets. Furthermore, it is possible to include information about 
the location of the slice in the 3D space or use some sort of 
a multi-view CNN that is given images of the same target 
from several directions. CNNs developed for processing 
color photographs use commonly three channels to process 
the RGB values of each pixel and, while medical images are 
typically grayscale, this channel structure can easily be used 
to input multimodality images instead.

U-Net introduced by Ronneberger et al. (2015) in 2015 
is an example of a CNN commonly used for medical image 
segmentation. The idea behind the U-Net architecture is 
that a CNN needs to first see the whole image to under-
stand the context before focusing on the details to perform 
accurate segmentation. The U-Net therefore consists of an 
encoder and a decoder. The encoder is a constricting path 
with some number of sequences, each of which contains 
two convolutional layers followed by a max-pooling layer. 
The decoder is correspondingly an expanding path with 
equivalently many sequences of two convolutional layers 
followed by an up-convolutional layer and there is a few 
additional convolutional layers at the end. Furthermore, 
before the ith max-pooling operation of the encoder for 
i = 1, ..., n , the data matrix is copied to be later combined 

with the output of the ( n − i)th up-convolutional layer on 
the decoder. Between convolutions, U-Net uses the recti-
fied linear unit defined as the function ReLU(x)=max{0, x}

.
U-Net is an improvement of an earlier CNN called Fully 

convolutional network (FCN) by Long et al. (2015). FCN 
does not have fully-connected layers and, instead, it only 
performs convolution and downsampling or upsampling 
operations. U-Net has also been developed further: Its newer 
versions include UNet++ by Zhou et al. (2018), Attention 
U-Net by Oktay et al. (2018), ResU-Net by Diakogian-
nis et al. (2020), and nnU-Net by Isensee et al. (2021). In 
addition to U-Net and its modifications, other well-known 
CNNs for segmentation are DeepMedic by Kamnitsas et al. 
(2016), V-Net by Milletari et al. (2016), SegNet by Badri-
narayanan et al. (2017), DeepLab by Chen et al. (2017), and 
RefineNet by Lin et al. (2017). Furthermore, AlexNet by 
Krizhevsky et al. (2012), VGG by Simonyan and Zisserman 
(2014), ResNet by He et al. (2016), DenseNet by Huang 
et al. (2017), and MobileNet by Howard et al. (2017) are 
also all very popular CNNs and, while they are perhaps more 
commonly used for classification, their architecture can be 
modified for segmentation.

While the common CNNs work very well for image seg-
mentation and classification, they have limitations when it 
comes to object detection tasks. Girshick et al. (2015) pro-
posed a region-based convolutional neural network (R-CNN) 
that first uses a selective search algorithm to choose such 
bounding boxes that might contain objects of interest, then 
gives these region proposals separately for a typical CNN 
architecture, and finally uses a support-vector machine 
(SVM) to classify the outputs. While R-CNNs are mainly 
for object detection, He et al. (2017) introduced a modified 
version called Mask R-CNN that uses the CNN architecture 
of an R-CNN to perform segmentation for each region pro-
posal, enabling instance segmentation. Huang et al. (2019) 
developed this instance segmentation method further by 
introducing Mask-Scoring R-CNN that scores the segmen-
tation mask rather than only evaluating it based whether the 
region proposal is correctly classified.

Given there are often limited amount of medical image 
data available to train the CNNs, different augmentation 
methods are common. While simple transformations such 
as reflections or rotations can be employed, one option is a 
generative adversarial network (GAN) which was introduced 
by Goodfellow et al. (2014) as a method to create synthetic 
data based on real images. The structure of GAN consists 
of both a generator producing new images and a discrimi-
nator evaluating how much they resemble the instances in 
the original dataset. Another possibility is a practice called 
transfer learning, which means that a CNN is first pre-trained 
to process similar data before it is trained to the actual task 
of interest.
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In our systematic review synthesis, we were able to col-
lect some details about the CNN from either the abstract or 
the full text-version for 207 articles. Out of these 207 arti-
cles, 22 articles (10.6%) used a standard 2D or 3D U-Net, 
15 articles (7.2%) proposed either a well-known modified 
version of the U-Net such as ResU-Net or nnU-Net, and 77 
articles (37.2%) introduced either a new modified version of 
the U-Net or a new CNN based on the U-Net architecture. 
In other words, at least 114 articles (55.1%) out of these 207 
articles utilized the U-Net architecture in some way.

Conversely, the rest 93 articles (44.9%) used neither 
U-Net nor its modifications to perform the tumor segmen-
tation task. Instead 22 articles (10.6%) used an unmodi-
fied existing CNN other than U-Net, 13 articles (6.3%) 
proposed a modified version for some existing CNN other 
than U-Net, and 58 articles (28.0%) introduced a new CNN 
without directly stating that it is a modification of some 
specific existing CNN. In the 22 articles proposing the use 
of an unmodified CNN other than U-Net, the most com-
mon CNNs were Mask R-CNN (in 6 articles), DeepLabV3 
or DeepLabV3+ (in 4 articles), SegNet (in 2 articles), and 
DeepMedic (in 2 articles). DeepLabV3 and SegNet were 
also popular in the 13 articles proposing modified CNNs, 
though there were multiple times more U-Net based designs 
in the 207 articles.

6 � Evaluation of segmentation results

The segmentation results of a CNN are evaluated by com-
paring the predicted tumor masks of the testing set and the 
related ground-truth tumor masks drawn by a medical doc-
tor. In a binary mask, the pixels or the voxels are classified 
either positive if they contain cancer and otherwise negative, 
and these classifications are either true or false according to 
the ground-truth mask. The most common evaluation met-
ric for segmentation, the Dice score, is defined as (Rainio 
et al. 2024)

where TP, FN, and FP refer to the numbers of true positive, 
false negative, and false positive classifications of the image 
points. The value of Dice score varies on the closed interval 
[0,1] so that the greater the value is the better the segmenta-
tion result is. Alternatively, some papers use the intersection 
over union (IoU), which is the number of points in the inter-
section of the positive segments in the predicted and the real 
mask divided by the number of points in the union of these 
positive segments. The Dice score can be computed from 
IoU with the formula D = 2IoU∕(1 + IoU)  (Rainio et al. 
2024).

D =
2TP

2TP + FN + FP
,

When summarizing our articles during systematic lit-
erature review, we specifically collected the reported Dice 
scores and, if only IoU was reported, we computed the Dice 
score from the IoU to be able to compare different studies 
with a single metric. Figure 4 shows the boxplots of the 
reported Dice scores for the most common cancer type and 
imaging modality combinations. As can be seen, the Dice 
scores are strongly affected by the cancer type and imaging 
modality combination: For brain tumors, the CNNs obtain 
Dice scores of around 90% whereas the segmentation accu-
racy of prostate cancer on MRI images is much lower, on 
average.

7 � Literature review by cancer type

7.1 � Brain tumors

The most common cancer type by far in the all 325 articles 
selected for systematic review synthesis was brain tumors, 
which were studied in 101 articles (31.1%). Despite the fact 
that this is relatively rare cancer type as shown in Fig. 2, 
nearly every third article introduced a method specially 
designed for brain tumors or at least trained and tested with 
brain tumor datasets. The reason for this is at least partially 
availability of brain tumor data: Since 2012, MICCAI has 
organised yearly Brain Tumor Segmentation (BraTS) chal-
lenges and provided MRI data collected from patients with 
brain tumors (Baid et al. 2021). Out of the 101 brain tumor 

Fig. 4   Boxplots of the Dice scores (%) reported in the articles chosen 
for this review for the most common cancer and modality combina-
tions. The Dice score for brain tumors is the Dice score of the whole 
tumor volume rather than the tumor core or the enhancing tumor
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segmentation articles, 54 articles (53.5%) mentioned the use 
of BraTS data in the abstract.

According to Fig. 3, all the articles except two used MRI 
images, which would be likely the cause even without the 
BraTS datasets: MRI is the standard imaging modality brain 
tumors. From Fig. 4, we see that the reported Dice scores 
were very high in comparison with several other cancer 
types except skin cancer. This can be explained by both the 
large datasets provided by BraTS and the great soft-tissue 
separation ability of MRI. While the brain tumor segmenta-
tion is typically also performed for the tumor core and the 
enhancing tumor, we focus here on the whole tumor segmen-
tation results so that the Dice scores are comparable with 
those from the other analyzed cancer types.

The highest Dice score for the brain tumor segmentation, 
98%, was reported both by Gull et al. (2021) and Alqazzaz 
et al. (2022). Gull et al. proposed a simple 2D FCN after 
pre-processing images with median filtering. Alqazzaz et al. 
introduced a hybrid approach with a 2D SegNet to segment 
regions of interest followed by a decision tree to classify the 
pixels in these areas further. Other methods with a reported 
Dice score over 95% included a CNN combined with an 
optimization algorithm by Ranjbarzadeh et al. (2024) and 
a 3D U-Net by Lin et al. (2021). In the work of Lin et al., 
each input of the U-Net was a cube, obtained by transform-
ing a ball-shaped selection of the brain area in the original 
images into a cube, and the voxel dimensions were decreased 
to lessen the computational complexity of the U-Net. The 
methods in all the four articles were evaluated on the BraTS 
data, though on datasets of different years, so the number 
of the patients in the used datasets varies from 477 to 660.

7.2 � Breast cancer

Globally, breast cancer is the second most prevalent cancer 
after lung cancer and it was also very often studied in the 
selected tumor segmentation articles. Both DCE-MRI and 
US were common modalities among the selected articles as 
shown in Fig. 3 and there were also research about certain 
imaging techniques specially designed for breast cancer such 
as mammograms. The most commonly used public dataset 
in the selected articles was BUS-Set (Thomas et al. 2023) 
of US images.

The highest Dice score, 99.01%, was reported by 
Mohamed et al. (2022), but the full-text article revealed that 
they studied segmentation of the breast area only, not tumor 
segmentation. The best Dice score for actual breast tumor 
segmentation was 96.34% obtained by Alkhaleefah et al. 
(2022) for mammograms. Their method, called Connected-
SegNets, was a combination of two 2D SegNets modified 
with skip connections. This method was evaluated by using 
both public and private datasets with a total of 1141 images 
of breast tumors. The highest Dice score for breast tumor 

segmentation in US images was reported by Yang et al. 
(2023), who used a 2D U-Net3+ with an attention mecha-
nism originally introduced by Zhong (2022) for brain tumor 
segmentation in MRI images. The best Dice score for DCE-
MRI-based breast cancer segmentation, 93%, was reported 
by Guo et al. (2022) who proposed a relatively simple 2D 
CNN combined with a SVM classifying the pixels in the 
output of the CNN as either positive or negative. Both Yang 
et al. and Guo et al. used private datasets collected from 
1131 and 272 patients, respectively, at their own institutes.

One interesting approach was also introduced by Xing 
et al. (2020). Their aim was to combine the benefits of both 
R-CNNs that divide image into patches and FCNs that per-
form pixel-wise classification. Based the GAN architecture, 
the method used two generators to create both potential seg-
mentation masks from original images and potential origi-
nal images from generated masks and two discriminators 
evaluating their authenticity in a cyclic training process. The 
method reached a Dice score of 92% on a private dataset of 
670 US images.

7.3 � Liver cancer

Among the selected articles, the place of the third most com-
mon cancer type was shared by liver cancer and lung cancer, 
both with 32 articles, even though Fig. 2 shows that liver 
cancer has much lower incidence and mortality rate than 
lung cancer. Over a half (59.4%) of liver tumor segmentation 
articles was for CT images.

Three articles about CT-based liver tumor segmenta-
tion had a Dice score of at least 90% or higher: Wang et al. 
(2021); Gao and Almekkawy (2021), and Shao et al. (2024) 
reported Dice scores of 96.3%, 94.3%, and 90%, respec-
tively. Additionally, all of them studied modified versions 
of U-Net: Wang et al. introduced a 3D U-Net modified by 
integrating octave convolutions to improve segmentation 
while Gao et al. combined atrous spatial pyramid pooling 
with U-Net++ architecture and Shao et al. introduced a 2D 
U-Net modified with axial attention and vision transformer 
modules. Wang et al. and Shao et al. both used the public 
Liver Tumor Segmentation (LiTS) (Bilic et al. 2023) dataset, 
though Shao et al. only chose 130 CT images of the LiTS 
training data rather than the whole data of 200 images and 
supplemented it with private data instead. Gao et al. used 
two private CT datasets and also one private US dataset.

Other modalities had lower segmentation accuracy: The 
highest Dice score for liver tumor segmentation on US 
images solely was 84% reported by Natali et al., who tested 
nnU-Net on a private dataset. For SPECT/CT images, Chai-
chana et al. (2021) proposed a new 3D CNN that performed 
segmentation by processing small 3D patches at a time. 
Their CNN architecture resembled a U-Net with additional 
dense blocks, and they obtained a Dice score of 85% on a 
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private dataset with 56 patients. Furthermore, for DCE-MRI 
images, Zheng et al. (2022) introduced a 3D U-Net with a 
convolutional long short-term memory for time information 
exploitation, resulting in a Dice score of 82.5% when trained 
and tested on a private dataset of 250 patients.

7.4 � Lung cancer

Lung cancer has both the highest incidence and mortality of 
all cancers Global Cancer Observatory (2025). Out of the 
32 selected lung cancer segmentation articles, 22 articles 
(68.8%) were based on CT images. Figure 4 suggests that 
the segmentation accuracy is slightly lower for lung cancer 
than for liver cancer on CT images.

The highest Dice score, 90%, was reported by Momin 
et al. (2021), who studied lung tumor segmentation with a 
4D motion region CNN for 4D CT data obtained by record-
ing typical static 3D CT images of 10 breathing phases. 
Otherwise, the CT-based lung cancer segmentation articles 
used typical static 3D CT images and the highest Dice scores 
for them were reported with 2D CNNs: Wang et al. (2022) 
introduced a new dual-path 2D CNN based on boundary 
enhancement and a hybrid transformer, Riaz et al. (2023) 
modified a 2D U-Net by using MobileNetV2 as its encoder, 
and Zhang et al. (2021) also improved a 2D U-Net but by 
using batch normalization and an �-hull algorithm for cor-
recting the lung contour. They all obtained Dice scores 
between 86.2−89.7%, though they focused on the segmenta-
tion of pulmonary nodules, which are not necessarily cancer-
ous. Wang et al. and Zhang et al. both tested their methods 
on 1010 images from the Lung Image Database Consortium 
and Image Database Resource Initiative (Armato III et al. 
2011) whereas Riaz et al. used 96 images from the Cancer 
Imaging Archive (Clark et al. 2013) instead. For PET/CT 
images, the highest Dice score, 84%, was reported by Lei 
et al. (2023), who proposed a novel Mask R-CNN based 
approach and tested it on both a Cancer Imaging Archive 
dataset and a private one.

7.5 � Skin cancer

Melanoma and non-melanoma skin cancer has high inci-
dence rate but low mortality. All the 20 selected articles 
about skin cancer segmentation perform the segmentation 
task on either dermoscopic images or regular photographs. 
15 (75.0%) of the articles used publicly available data from 
International Skin Imaging Collaboration (ISIC) (Codella 
et al. 2019).

From Fig. 4, we see that the reported Dice scores were 
high in all the skin cancer segmentation articles with very 
little variation between articles. A Dice score of at least 95% 
was obtained in four articles, which all proposed different 
novel CNN architectures: Bukhari et al. (2023) introduced 

a new CNN with multiple parallel depth-wise separable 
and dilated convolutions, Yang et al. (2021) modified to 
U-Net++ by replacing its encoder with Xception and Effi-
cientNet architectures to create a new EfficientUNet++, 
Zheng et al. (2022) introduced a new L-shaped CNN, and 
Kaur et al. (2022) introduced a new CNN based on atrous 
convolutions. All of them tested their proposed CNNs on 
ISIC data and a few additional public datasets were used.

7.6 � Head and neck cancer

HNC is a common name for a heterogeneous group of dif-
ferent cancer diseases originating from the human head and 
neck area, including for instance lips, oral cavity, larynx, and 
pharynx, but excluding brain tumors and eye cancer. Most 
of the selected HNC segmentation articles study segmen-
tation of PET/CT or MRI images. There are public HNC 
PET/CT datasets available: Medical Image Computing and 
Computer-Assisted Intervention (MICCAI) organized Head 
and neck tumor (HECKTOR) challenge in 2020 and 2021, 
offering PET/CT image datasets with ground-truth HNC 
tumor masks drawn by physicians (Andrearczyk et al. 2021).

The highest Dice score for HNC segmentation, 92.06%, 
was reported by Wang et al. (2023), who tested DeepLabV3 
for segmentation of nasopharynx gross tumor volume on a 
private dataset with MRI images of 200 patients. Wang et al. 
(2021) also studied segmentation of nasopharyngeal cancer 
on MRI images but they proposed a modified 2D Residual 
U-Net that obtained a Dice score of 89.6% on a private data-
set of 45 patients. The highest Dice score for PET/CT data, 
80.2%, was obtained by Zhao et al. (2023), who tested a 3D 
U-Net for the images of the 201 patients in the HECKTOR 
data of 2020.

7.7 � Prostate cancer

Prostate cancer is very common cancer but often undiag-
nosed. As can be seen from Fig. 3, all our selection prostate 
cancer segmentation articles are based on either PET or MRI 
imaging. However, typical 18F-FDG PET is rarely used for 
imaging of prostate cancer due to the low 18F-FDG uptake 
of this cancer type. Instead, specially designed prostate spe-
cific membrane antigen (PSMA) is used imaging of prostate 
cancer patients.

The highest Dice score, 84%, was obtained by Kostyszyn 
et al. (2021), who used a standard 3D U-Net for segmenta-
tion of 68Ga-PSMA and 18F-PSMA PET images in several 
private datasets with a total of 209 patients. This method 
was also externally validated by Ghezzo et al. (2023), who 
reported a Dice score of 74% with the same method on a 
private dataset with 68Ga-PSMA PET images of 85 patients. 
Additionally, Matkovic et al. (2021) studied segmentation 
of dominant intraprostatic lesions in PET/CT images based 
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on an unspecified PET tracer, obtaining a Dice score of 
80.1% on a dataset of 49 patients. They proposed a cas-
caded method that first crops images based on the prostate 
segmentation by another CNN and then uses a Mask-Scoring 
R-CNN.

From Fig. 4, we can see that the MRI-based segmen-
tation methods did not work as well as the PET-based in 
terms of the Dice scores on average. Still, the highest Dice 
score for MRI images was 82.2%: It was obtained with a 
standard 2D U-Net on a private dataset of 171 patients by 
Hong et al. (2023). Also for MRI images, Song et al. (2023) 
tested a modified 3D V-Net with a deep multi-scale attention 
mechanism, obtaining a Dice score of 70.14% on a dataset 
of 97 patients.

7.8 � Thyroid cancer

While thyroid cancer is not especially common cancer and 
has low mortality, 12 of selected articles are related to it, 
most of them studying thyroid nodule segmentation on 2D 
US images. As shown in Fig. 4, the overall performance 
of the used methods is good with little variation between 
articles. The best Dice score, 94.1%, was obtained by Zheng 
et al. (2023), who introduced a 2D U-Net modified by add-
ing atrous spatial pyramid pooling, a residual split-attention 
block, and a deformable convolution and tested it by using 
two private datasets with 5822 US images in total. U-Net-
based methods were proposed by also other researchers: 
Gökmen Inan et al. (2024) modified a 2D ResUNet++ archi-
tecture by integrating feature extraction and upsampling with 
dropout operations while Lin et al. (2022) proposed a new 
2D CNN with several atrous spatial pyramid pooling blocks, 
a multi-scale input layer, a U-Net type architecture but with 
attention blocks, and a parallel atrous convolution module. 
Inan et al. tested their method on US images of 880 patients 
and Lin et al. on a dataset of 1381 US images, obtaining 
Dice scores of 92.4% and 91.9%, respectively. A high Dice 
score, 90.26, was obtained also by Tao et al. (2022), who 
designed a fully new 2D CNN containing a transformers-
based context-attention module, typical convolutions as the 
backbone, and a nodule adaptive convolution and tested it 
on 10781 US images.

7.9 � Cervical cancer

Among the selected tumor segmentation articles, there were 
several articles studying cervical cancer, but all of them used 
private datasets. The highest Dice score, 87%, was reported 
by Wang et al. (2023), who used a 2D U-Net type CNN 
for CT slices of 60 patients to delineate their clinical target 
volume. Xiao et al. (2022) also studied cervical cancer seg-
mentation in CT images but by using a 3D version of the 
RefineNet architecture, obtaining a Dice score of 82% on a 

dataset of 313 patients. For segmentation of MRI images, 
Zabihollahy et al. (2022) proposed a 3D U-Net after extract-
ing suitable 3D blocks of interest with another CNN, Breto 
et al. (2022) tested a 2D Mask R-CNN, and Wang et al. 
(2021) introduced a new 3D CNN consisting of a few con-
volutions and residual units. They obtained Dice scores of 
85%, 78%, and 67% on datasets of 125, 80, and 15 patients, 
respectively. Additionally, Iantsen et al. (2021) studied PET 
images and introduced a modified U-Net with new resid-
ual blocks and non-linear downsampling and upsampling 
blocks, which gave a Dice score of 80% on a dataset of 232 
patients. The CNNs by both Wang et al. and Breto et al. 
performed organs-at-risk segmentation in addition to the 
cancer segmentation.

7.10 � Colorectal cancer

Colorectal cancer is the third most common cancer dis-
ease in the world after lung and breast cancers according 
to Global Cancer Observatory (2025), but there were con-
siderably fewer articles found about colorectal cancer seg-
mentation. Most of the articles were also focused on the 
segmentation of rectal tumors specifically. The highest Dice 
score, 97%, was obtained by Wang et al. (2022), who used a 
modified U-Net with residual blocks instead of convolution 
blocks on a rectal cancer CT image data set provided by 
The Teddy Cup Data Mining Challenge. Dice scores over 
90% for rectal tumor segmentation in CT images were also 
obtained by Li et al. (2023), who tested DeepLabV3+ on CT 
images of 47 rectal cancer patients, and Huiting (Zhang et al. 
2023), who introduced a dual parallel network combining 
CNN and transformer architectures. For MRI images, Kenan 
Zhang et al. (2023) introduced a modified 2D U-Net with 
densely connected convolution blocks and additional atrous 
convolution blocks and reported a Dice score of 94.71% 
from the data of 572 patients.

7.11 � Pancreatic cancer

The found articles about pancreatic cancer were mostly for 
CT images. Both Mukherjee et al. (2023) and Mahmoudi 
et al. (2022) studied segmentation of CT images by using a 
3D nnU-Net and 3D Attention U-Nets, respectively. While 
Mukherjee et al. obtained a considerably higher Dice score 
than Mahmoudi et al. (84% vs 57.3%), Mukherjee et al. had 
a dataset of 1151 patients while Mahmoudi et al. had only 
157 patients. For segmentation of PET/CT images, Wang 
et al. (2023) introduced a modified 3D U-Net with an added 
multi-modal fusion downsampling block and a multi-modal 
mutual calibration block, obtaining a Dice score of 76.20% 
from 93 PET/CT images.
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7.12 � Kidney cancer

For kidney tumor segmentation, the best Dice score, 93.9%, 
was obtained by Yang et al. (2022), who introduced a new 
3D multi-scale residual FCN and tested it on the CT images 
of the public Kidney Tumor Segmentation (KiTS) Challenge 
Heller et al. (2020) and a private dataset. Ji et al. (2021) and 
Gottlich et al. (2023) also studied a similar combination of 
KiTS data and private data, though the private data used by 
Gottlich et al. contained both CT and MRI images and they 
focused on researching the impact of the amount of training 
data on segmentation accuracy. Ji et al. proposed a cascaded 
3D U-Net and DeepLabV3+ using atrous convolution fea-
ture pyramid to adaptively control receptive field, reporting 
a Dice score of 81.72%, whereas Gottlich et al. obtained a 
Dice score of 84% with a standard 3D nnU-Net.

7.13 � Bladder cancer

Varnyú and Szirmay-Kalos (2022) tested several well-known 
CNN architectures for bladder cancer segmentation on a pri-
vate dataset of 2578 cystoscopy images and obtained the best 
Dice score, 91%, with a pyramid attention network originally 
introduced by Li et al. (2018) in 2018. Both Yu et al. (2022) 
and Moribata et al. (2023) proposed modified U-Net designs 
for MRI images: The model by Yu et al. had an additional 
cascade strategy to eliminate the redundant information in 
the background, and Moribata et al. had a slightly deeper 
version of U-Net with five sequences instead of the original 
four. Yu et al. obtained a Dice score of 87.40% from 1545 
MRI images while Moribata et al. reported a Dice score of 
81% by using MRI images of 170 patients.

8 � Discussion

According to our analysis, the U-Net architecture was the 
most popular CNN design by far. Among different cancer 
types, the standard U-Net was especially popular within the 
articles about prostate cancer and HNC segmentation in PET 
images. Since PET imaging often results in blurry-looking 
images where tumors are visible as spots slightly darker or 
lighter than the background, it is quite expected that pixel-
wise segmentation CNNs, such as U-Net, works well for 
them. As PET data is commonly used in the research of 
prostate and HNC tumor segmentation, partially due to the 
HECKTOR challenge, it is likely that the standard U-Net 
was often used for prostate cancer and HNC segmentation 
here because of its suitability for PET images rather some 
characteristic of these specific cancer type.

Additionally, over a third of the analyzed articles pro-
posed a new method that either used the standard 2D or 3D 
U-Net with some additional modification or was introduced 

as a new CNN inspired by the U-Net architecture. In com-
parison, the use of well-known alternative versions of 
U-Net such as nnU-Net or ResU-Net was considerably less 
common in the tumor segmentation articles. Understand-
ably, there is a pressure for the researchers to create new 
methods instead of testing the already existing ones so that 
their results have higher significance and easier to publish, 
though.

One of the most common modifications of U-Net was 
adding some sort of attention mechanism. The point of an 
attention mechanism is to allow the model focus on certain 
areas of the input rather than viewing all parts as equally 
meaningful. In our analyzed articles, the CNNs introduced 
by for instance Yang et al. (2023); Shao et al. (2024); Song 
et al. (2023), and Zheng et al. (2023) included attention 
mechanisms integrated in the U-Net architecture for segmen-
tation of breast, liver, prostate, and thyroid tumors, respec-
tively. The attention mechanism could potentially allow the 
CNN focus on the organ of interest to find the tumor within. 
Another common addition to U-Net was atrous spatial pyra-
mid pooling used by Gao and Almekkawy (2021); Zheng 
et al. (2023), and Lin et al. (2022). This structure allows 
the CNN resample feature layers at multiple rates prior to 
convolution. Other U-Net modifications in our analyzed 
articles included for instance adding residual connections 
as in Zheng et al. (2023) and transformer layers as in Shao 
et al. (2024).

The Mask R-CNN based methods were rare for tumor 
segmentation, appearing as unmodified or modified in only 
8 (3.9%) of the 207 articles analysed in terms of the CNN 
architecture. The cancer type varied much in these arti-
cles but, out of the possible imaging modalities, the Mask 
R-CNNs were mostly used for MRI images and, in case of 
skin cancer, dermoscopic images. Given the R-CNN based 
methods were originally developed for object detection in 
typical photographs, it is natural that they are better suited 
for MRI and dermoscopic images than for other modalities: 
MRI and dermoscopic images have sharp boundaries sepa-
rating different tissue types and extracting specific targets 
from these images is therefore easy, especially in compari-
son with PET images.

Other well-known pixel-wise segmentation architectures 
besides U-Net and Mask R-CNN appeared a few times at 
most. Most commonly, DeepLabV3 or DeepLabV3+ and 
SegNet were used. DeepLabV3+ is a modification of the 
DeepLabV3 architecture based on using spatial pyramid 
pooling module and a simple but effective decoder to refine 
the segmentation accuracy on the object boundaries. Dee-
pLabV3 produced higher Dice scores than U-Net in HNC 
segmentation in research by Yandan Wang et al. (2023) and 
DeepLabV3+ outperformed ResU-Net in rectal tumor seg-
mentation in research by Li et al. (2023). SegNet is quite 
similar to U-Net but, unlike U-Net, SegNet only transfer 
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pooling indices from the encoder to the decoder, therefore 
requiring less computer memory. Despite the simple archi-
tecture, SegNet performed very well for breast cancer seg-
mentation in Alkhaleefah et al. (2022).

However, one important aspect to note is that the results 
clearly depend on the used data. For instance, 2D SegNet 
outperformed 2D U-Net for breast tumor segmentation in 
2D slices of 3D DCE-MRI images in the research by Car-
valho et al. (2021) but 2D U-Net worked better than 2D 
SegNet for this same purpose in the research by Adoui et al. 
(2019). Because of this, it is difficult to say which method is 
actually better and the reported Dice scores are not directly 
comparable.

In fact, it is a common limitation present in the analyzed 
studies that the methods are only analyzed based on a sin-
gle dataset. Still, it is understandable that there are strict 
restrictions about sharing imaging data about patients, espe-
cially if the data includes 3D tomography images of the head 
area, due to the threat to the patient anonymity (Parks and 
Monson 2017). Consequently, segmentation challenges 
such as HECKTOR or BraTS are crucial for fair compari-
son between methods because they allow the researchers to 
evaluate their CNNs by using same training and test datasets 
as their colleagues.

Another common issue with the analyzed articles was a 
lack of available code. We recommend authors sharing the 
code of their new methods. Namely, if it is not possible for 
different researchers to compare their methods on the same 
data, it would be important that the researchers could at least 
compare both their new method and the existing ones to 
their own data. Still, it was noticed during the review that 
the authors typically only compare their new methods with 
unmodified versions of the well-known CNNs such as U-Net 
and SegNet but not with new modifications introduced by 
other researchers studying the same tumor segmentation 
task. The comparison with other CNNs specifically modified 
for tumor segmentation is naturally only possible if these 
CNNs are accessible and it was noted during the analysis 
that relatively few articles included publicly available code 
for the methods.

During the future research, several topics could be con-
sidered. There is a quite little research on certain common 
cancer types, including gastric cancer, ovarian cancer, and 
testicular cancer. Furthermore, for several cancer types, 
automatic tumor segmentation applications have only been 
developed for a single imaging modality, even when the 
cancer is commonly imaged also with other modalities. In 
particular, only one article based on SPECT imaging was 
found so to understand better the potential of automatic 
tumor segmentation from SPECT images, more research 
would be needed.

In this review, there are also certain limitations that 
could be addressed with more study. First of all, we only 

concentrated on the CNN-based automatic tumor segmen-
tation techniques so new methods, such as visual trans-
formers, could be also reviewed to obtain a more com-
prehensive picture of the current state of automatic tumor 
segmentation. Due to our identification of the original 
articles based on a PudMed search only, there is a risk of 
bias caused by potentially missing more technical articles 
not indexed in PubMed. Furthermore, there might be well-
performing techniques introduced in studies published 
prior to our time period of 1.4.2021−31.3.2024, and more 
research would be needed to see any trends in the accuracy 
of the automatic methods with respect of time.

9 � Conclusion

We analyzed 325 articles about CNN-based tumor seg-
mentation for different cancer types. The most commonly 
studied cancer type was brain tumors, followed by breast, 
liver, lung, skin, HNC, prostate, thyroid, cervical, colorec-
tal, pancreatic, kidney, and bladder cancer. Excluding skin 
cancer segmentation nearly exclusively studied for dermo-
scopic images or regular photographs, we found mostly 
articles using MRI, CT, PET, or US images. Based on our 
analysis, the most common CNN for tumor segmentation 
is U-Net and its modifications. The R-CNN based methods 
are rarely used, especially outside MRI images. Much of 
the current research is solely focused on MRI images of 
brain tumors, despite the fact that this cancer is not so 
common. In comparison, there is relatively little research 
about tumor segmentation for colorectal cancer, which has 
much higher global incidence and mortality rate than brain 
tumors. The CNNs for segmentation of brain tumor, skin 
cancer, and thyroid nodules also outperformed the ones 
for other cancer types in terms of segmentation accuracy 
measured by the Dice score. Several methods could yet be 
tested for certain cancer types in the future research and 
also for rarer imaging modalities such as SPECT.
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