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Abstract
Pancreas segmentation has been traditionally challenging due to its small size in computed 
tomography abdominal volumes, high variability of shape and positions among patients, 
and blurred boundaries due to low contrast between the pancreas and surrounding organs. 
Many deep learning models for pancreas segmentation have been proposed in the past few 
years. We present a thorough systematic review based on the Preferred Reporting Items for 
Systematic Reviews and Meta-analyses statement. The literature search was conducted on 
PubMed, Web of Science, Scopus, and IEEE Xplore on original studies published in peer-
reviewed journals from 2013 to 2023. Overall, 130 studies were retrieved. We initially 
provide an overview of the technical background of the most common network architec-
tures and publicly available datasets. Then, the analysis of the studies combining visual 
presentation in tabular form and text description is reported. The tables group the stud-
ies specifying the application, dataset size, design (model architecture, learning strategy, 
loss function, and training protocol), results, and main contributions. We first analyze the 
studies focusing on parenchyma segmentation using datasets with only pancreas annota-
tions, followed by those using datasets with multi-organ annotations. Then, we analyze the 
studies on the segmentation of tumors, cysts, and inflammation. The studies are clustered 
according to the different deep learning architectures. Finally, we discuss the main find-
ings from the published literature, the challenges, and the directions for future research on 
the clinical need, deep learning and foundation models, datasets, and clinical translation.

Keywords  Deep learning pancreas segmentation · Artificial intelligence pancreas 
segmentation · Pancreas segmentation · Pancreas tumor segmentation

1  Introduction

The pancreas is a small J-like-shaped glandular organ, located inside the deep part of the 
abdomen, and subdivided into three regions, namely head, body, and tail. A healthy pan-
creas generally occupies around 0.5% of a computer tomography (CT) abdominal volume 
(Zhou et al. 2023). In some patients, the healthy tissue may be affected by disorders such 
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as inflammation, e.g., pancreatitis, while in more severe cases it may be affected by cysts 
and tumors. The latter are particularly insidious because they generate few symptoms and 
are often diagnosed at an advanced stage. In addition, they are very aggressive and lethal. 
Pancreas tumors are the fourth leading cause of death among all cancer types in the United 
States for the male gender and the third one for the female gender Siegel et al. (2024). A 
five-year survival rate of 13% was reported in the United States in the period 2013–2019, 
which is the lowest one among all cancer types Siegel et al. (2024). Its early-stage diagno-
sis and treatment are notably challenging due to the generally ambiguous symptoms often 
occurring when the disease has already reached an advanced stage, namely III and IV Fal-
coni et al. (2016). The diagnosis of a pancreatic mass involves clinical assessment, labora-
tory testing, and advanced imaging techniques. Patient history and physical examination are 
initially performed to identify symptoms and risk factors. Laboratory tests on blood samples 
are subsequently conducted to measure CA 19-9 marker, before imaging tests. Ultrasound 
is usually the preliminary imaging assessment tool, followed by CT or magnetic resonance 
imaging (MRI) to delineate the tumor size and location in more detail. In particular CT 
scans are pivotal for staging cancer, evaluating its resectability, and planning surgical inter-
ventions. In fact pancreas surgery requires accurate recognition of anatomical variations 
and the spatial relationships of the tumor location with the surrounding vessels and organs 
in order to determine the optimal location of the pancreas resection Miyamoto et al. (2024). 
MRI provides excellent soft tissue contrast, highlighting vascular and ductal details Şolea 
et al. (2024). The recent guidelines of the European Society for Medical Oncology recom-
mended CT as the primary modality for detailing tumor characteristics and spread Conroy 
et al. (2023).

Given the rising demand for enhanced early detection of pancreatic diseases, precise 
segmentation from medical images has become imperative. In this regard, its segmentation 
from medical images is a prerequisite for accurate computer-assisted diagnosis, surgical 
planning, and disease progress monitoring (e.g., post-surgical follow-up, and radiotherapy).

1.1  Methods of abdominal organ segmentation

The methods of abdominal organ segmentation can be divided into human intervention-
based, target-based, region-based, and learning-based. The first type can be further subdi-
vided into manual, semi-automatic, and automatic methods. Traditionally, medical image 
segmentation, including pancreas segmentation, has relied heavily on manual delineation 
by expert radiologists. This poses critical challenges including inter- and intra-observer 
variability, time-consuming labor, and subjective interpretation. Limited availability of 
experts, human error, and scalability issues further complicate the process. Extensive train-
ing requirements and reproducibility concerns hinder the widespread adoption of manual 
segmentation methods (Chen et al. 2022c). Examples of semiautomatic approaches are sta-
tistical shape models and multi-atlas label fusion. The former involves the co-registration 
of images in a training dataset to derive anatomical correspondences, building a statistical 
model of the distribution of shapes and/or appearances of the corresponding anatomy in the 
training data, and fitting the resulting model to new images (Gibson et al. 2018). The latter 
registers images of a training set with new images and combines the reference segmentation 
to generate new segmentations (Gibson et al. 2018). However, they suffer from high vari-
ability in organ position, shape, and appearance among patients, in addition to soft tissue 
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deformation (Gibson et al. 2018). In automatic segmentation models, there is no human 
intervention. An example is the bottom-up approach proposed for pancreas segmentation 
based on simple linear iterative clustering to group similar pixels into superpixels, followed 
by classification of features of superpixels and patches (Farag et al. 2014). Target-based 
approaches are split into multi-organ and single-organ ones. Region-based segmentation 
methods can be divided into direct and two-stage (coarse-fine) methods (Chen et al. 2022d). 
The former approach directly uses labeled images to segment the organ. In contrast, two-
stage methods are cascaded. They first train a localization network to obtain the pancreas 
region (coarse stage), and then use the location result to train a second model for segmenta-
tion (fine stage) (Chen et al. 2022d). For instance, localizing the pancreas CT scans before 
performing segmentation has two advantages. First, the peripheral regions with very similar 
intensity or textural properties to the pancreas can be easily removed. Second, specifying 
the location of the pancreas reduces the sizes of the original CT scans, with a benefit in terms 
of computational costs, especially for 3D CT scans (Qureshi et al. 2022).

Learning-based methods extract meaningful features from annotated CT scans to dis-
tinguish target organs (Ma et al. 2022b). They can be categorized into supervised learning 
methods if the datasets are labeled; partially supervised to learn a multi-organ segmenta-
tion model from different single-organ labeled datasets; semi-supervised learning if a small 
amount of labeled is combined with a large amount of unlabelled data to extract knowledge 
from the unlabelled data, e.g. generating pseudo annotations for unlabeled examples, which 
are used jointly with labeled data to train the model (pseudo-labeling); unsupervised learn-
ing when the model learns the underlying patterns or hidden data structures without labels; 
self-supervised learning, a form of unsupervised learning where input labels are generated 
from unlabeled data without external supervision (it can be realized with a pretext task to 
learn representation features for downstream tasks, or with contrastive learning to maximize 
similarity for positive pairs of data and minimize it for negative pairs); weakly supervised 
learning using weak annotations like scribbles; and continual learning to learn new tasks 
without forgetting the learned ones (Ma et al. 2022b; Chen et al. 2022c).

Deep learning (DL) approaches have been proposed to reduce inter-reader variation, 
and the resources in terms of time and costs related to the involvement of skilled clinicians 
(Shamshad et al. 2023). With the recent advancements in DL, convolutional neural net-
works (CNNs) were introduced as a learning-based method and applied to different tasks of 
medical imaging, e.g. classification, detection, and segmentation (Chen et al. 2022c). The 
CNNs for medical imaging segmentation can be categorized into 2D, 2.5D, and 3D models. 
In 2D networks, the data are sliced along one of the three image planes (axial, sagittal, and 
coronal). Then, the 2D slices are sent as the input to the DL model (Zhang et al. 2021d). 
They are computationally efficient but lack the spatial context to extract the interslice infor-
mation embedded in volumetric CT data (Wang et al. 2021c). In contrast, 3D models use 
the entire CT volume as the input of the network, which can capture 3D spatial information 
of the CT volume. However, they are computationally expensive (Yan and Zhang 2021). In 
2.5D models, three 2D models segment the input image separately in three image planes. 
Then, the segmentation is obtained by fusing the results of the three 2D models, for instance 
through voting (Zhang et al. 2021d). 2.5D models represent a compromise between 2D and 
3D ones, by making up for the lack of spatial context information of 2D models, but at the 
same time reducing the computational cost of 3D models (Dai et al. 2023).
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1.2  Challenges in deep learning for pancreas segmentation

From a medical imaging perspective, the segmentation of the pancreas is very challenging, 
but it is even more difficult in the case of tumors and inflammations since the conditions are 
exacerbated. Firstly, whereas the pancreas is very small, typically representing a small frac-
tion of the CT volume, pancreatic tumors are even smaller, with most of them accounting 
for less than 0.1% of the entire CT abdominal volume. The tiny size of the pancreas and its 
lesions raise the issue of class imbalance where the positive class (parenchyma or tumors) 
occupies an extremely low number of positive pixels in contrast with the negative class 
(background). Secondly, the contrast between the pancreas and its surrounding organs in CT 
scans is weak, which is caused by the similar range of voxel intensities. As a consequence, 
the boundaries of the pancreas and tumors are blurred, and the contrast with surrounding 
tissues is low, especially at the head of the pancreas. As a result, it is difficult to distinguish 
not only between the pancreas and the duodenum but also between the tissue (parenchyma) 
and tumors of the pancreas Zhou et al. (2023); Dai et al. (2023). Likewise, the segmentation 
of an inflamed pancreas is more challenging than a normal one since it invades the surround-
ing organs causing blurry boundaries, and it has higher shape, size, and location variability 
than the normal pancreas Deng et al. (2023). As such, boundary errors remain critical in 
preoperative planning of the pancreas, such as tumor resections and organ transplantation. 
Thirdly, the pancreas exhibits an irregular shape and susceptibility to deformation, compli-
cating accurate segmentation. Anatomical variations in size, shape, and tumor positioning 
among patients, particularly the diverse locations of pancreatic tumors, pose challenges in 
distinguishing parenchyma from cancerous masses Zhou et al. (2023); Dai et al. (2023). 
Lastly, differences in commercial CT scanners and CT phases can lead to significant vari-
ances in organ appearances Ma et al. (2022b).

From a DL perspective, the learning-based models for segmentation face several chal-
lenges. First, since supervised learning models need pixel-level annotations they rely on 
manual annotation from expert clinicians, thus sharing the same challenges as manual anno-
tation. Second, a common problem for semi-supervised learning is the violation of the same 
statistic distribution for both labeled and unlabeled data (Chen et al. 2022c). Moreover, the 
performances can degrade due to incorrectly generated pseudo-labels (Chen et al. 2022c). 
Third, for self-supervised learning, designing pretext tasks for medical imaging can be chal-
lenging (Chen et al. 2022c). On the other hand, contrastive learning requires relatively large 
unlabeled datasets, which are difficult to obtain to maintain patient privacy. Lastly, weakly 
learning struggles to segment the organ boundaries accurately due to the limited information 
contained in weak annotations, e.g. scribbles and bounding boxes (Shi et al. 2023).

1.3  Work motivation

Progress in the past decade in DL has led to continuous improvements in medical imaging, 
including pancreas segmentation. An overview of pancreas segmentation based on DL is 
depicted in Fig. 1. Even though in the last years several reviews have delved into pancreas 
segmentation from CT scans using AI (Ghorpade et al. 2023; Kumar et al. 2019; Huang et 
al. 2022a; Yao et al. 2019; Aljabri and AlGhamdi 2022; Rehman and Khan 2020; Senky-
ire and Liu 2021), our preliminary literature search has unearthed a significant number of 
studies overlooked by them. These considerations underscore the necessity for an updated 
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systematic review to comprehensively cover the latest advancements in the field. Conse-
quently, the goal of this review is to present systematically an in-depth analysis of DL for the 
segmentation of the parenchyma, tumors, cysts, and inflammation of the pancreas starting 
from CT scans.

1.4  Structure and contribution of the work

The review is structured as follows. In Sect. 2 we describe the method to perform the litera-
ture search and extract the included studies. We also report the limitations of the published 
reviews in the field. In Sect. 3 we illustrate the main DL architectures, the available public 
datasets, metrics, and loss functions for pancreas segmentation. In Sect. 4 we present the 
studies, by grouping them into those using datasets with only pancreas annotations, and 
those with datasets with multi-organ annotations. We further clustered them according to 
the DL architectures described in the previous section. Likewise, in Sect. 5 we present the 
studies on DL for the segmentation of pancreas tumors. In Sect. 6 and Sect. 7 we report the 
studies on cysts, and inflammation, respectively. In Sect. 8 we discuss the main findings of 
the review along with challenges and future directions. In Sect. 9 we present the conclu-
sions. Our major contributions are the following:

	● description of the main DL architectures used for pancreas segmentation;
	● systematic and extensive review on the technical advancements of DL for pancreas 

segmentation (parenchyma, tumors, cysts, and inflammation);
	● visual presentation of all retrieved studies in tabular form in terms of application, data-

set size, DL architecture, learning strategy, loss functions, training protocol, results, and 
main contributions;

Fig. 1  Overview of pancreas segmentation based on DL. Radiological images are processed by neural 
network models outputting masks of the organ or lesions (e.g. cysts, and tumors). Applications include 
diagnosis, surgical planning, postoperative follow-up, and chemo/radiotherapy follow-up
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	● comparison of the performances of the DL approaches for the various applications;
	● discussion of challenges and future directions from the clinical and technical perspec-

tives.

2  Methods

2.1  Research questions

The Sample, Phenomenon of interest, Design, Evaluation, and Research type (SPIDER) 
tool was used to formulate the research questions and to frame a thorough analysis of the 
published literature (Cooke et al. 2012). 

RQ1:	 Which datasets (publicly available and/or private) were used for pancreas segmen-
tation based on DL?

RQ2:	 What are the applications of DL for pancreas segmentation?
RQ3:	 Which DL models were specifically designed?
RQ4:	 What are the performances of these models?
RQ5:	 What are the main contributions of the studies?
RQ6:	 By considering the application, datasets, and DL models how the studies can be 

classified effectively?
RQ7:	 How the reviewed studies can be presented for a thorough analysis?
RQ8:	 What are the challenges and future directions on DL for pancreas segmentation?

2.2  Literature search

In October 2023, a literature search was conducted on PubMed, Web of Science, and Sco-
pus following the Preferred Reporting Items for Systematic Reviews and Meta-analyses 
(PRISMA) statement (Page et al. 2021). The search was limited to articles in the English 
language with an abstract and published from January 1st, 2013 to October 31st, 2023. The 
following search terms were used: (“artificial intelligence” OR “deep learning” OR “convo-
lutional neural network” OR “segmentation” OR “self-supervised learning” OR “supervised 
learning” OR “generative artificial intelligence” OR “encoder” OR “decoder”) AND (“pan-
creas” OR “surgical planning pancreas” OR “preoperative planning pancreas”). Reviews, 
letters, non-peer-reviewed articles, conference abstracts, and proceedings were excluded 
from the analysis.

2.3  Data extraction

Identified articles were screened by title and abstract, followed by full-text review, data 
extraction, and review of references. Two reviewers (AM and MC) independently screened 
titles and abstracts for relevance. In case of insufficient information, the correspond-
ing authors of the articles concerned were contacted for further details. References were 
checked to retrieve further studies.
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2.4  Data analysis

For each group, a table was prepared to visually present the data of the studies. A cus-
tomized SPIDER tool was applied to the studies of each group, reporting: the dataset size 
(Sample), the application (Phenomenon of Interest), the model architecture, the learning 
strategy, loss function, the training/validation/test split, the name of GPU, and the training 
time (Design), the results (Evaluation), and the main contributions of the study (Research).

2.5  Results of the literature search

The database search retrieved 2,851 results. After title and abstract screening, the full 
texts of 206 reported studies were analyzed, but only 140 were found eligible for inclu-
sion. Twenty studies using imaging acquisition other than CT (magnetic resonance imag-
ing (MRI), positron emission tomography (PET), and ultrasound) were excluded. The list 
of excluded articles and the reasons for exclusion are reported in Sect. 2.6. Ten additional 
studies were retrieved after a manual check of the references. A total of 130 studies were 
included for full-text analysis (Fig. 2). By considering the involved countries (Fig. 3, left 
panel), China led the ranking with a share of 54.4%, followed by the United States (17.1%), 
the United Kingdom (5.3%), Canada (3.5%), and Japan (3.5%). In the majority of stud-
ies, 3D neural networks (Fig. 3, central panel) were used (51.4%), followed by 2D models 
(42.7%), and 2.5D (5.8%). By considering the learning type, the vast majority concern stud-
ies on supervised learning (83.8%), followed by semi-supervised learning (9.5%), and unsu-
pervised learning (4.4%). Other types of learning (reinforcement, weakly, and continual) are 
reported in 2.2% of the studies (Fig. 3, right panel). Overall, there is a positive trend in the 
number of published articles in peer-reviewed journals, included in the present review, even 
though the data for the year 2023 are available until October 31st (Fig. 4). Notably, there 
has been a surge in the number of studies on DL for the segmentation of pancreas tumors in 
2023. The mean impact factor of the journals where the included studies were published is 
5.4 according to the 2023 statistics by the Journal Citation Reports TM.

2.6  Excluded studies on MRI, PET, and ultrasound

The retrieval of the full-text articles included also 13 studies on MRI (Mazor et al. 2024; 
Yang et al. 2022a; Ding et al. 2022; Zhang et al. 2022; Kart et al. 2021; Chen et al. 2020a; 
Fu et al. 2018; Li et al. 2023g; Jiang et al. 2023; Liu et al. 2023; Li et al. 2023e, 2022b; 
Liang et al. 2020), one on PET (Zhang et al. 2023a), and six on ultrasound (Yao et al. 2021; 
Fleurentin et al. 2023; Iwasa et al. 2021; Tang et al. 2023b, a; Seo et al. 2022). After analy-
sis, they were all excluded since they did not introduce technical advancements in terms of 
DL architectures, design of loss functions, semi-supervised, or unsupervised learning. In 
contrast, one study combining CT and MRI (Li et al. 2022c), and two combining CT and 
PET (Sundar et al. 2022; Wang et al. 2023) were included.

2.7  Limitations of published reviews

The published reviews are reported in Table 1. The most recent one was performed by 
(Ghorpade et al. 2023) and published in 2023. It is a narrative review of 44 studies (32 on 
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Fig. 3  Share of reviewed studies by country of affiliated institutions of authors (left), class of network 
(middle), and type of learning (right). USA United States of America, UK United Kingdom, JP Japan, CA 
Canada, O Other, S supervised, SeS semi-supervised, U unsupervised

 

Fig. 2  Flow chart of the study selection process according to the Preferred Reporting Items for Systematic 
Reviews and Meta-analyses (PRISMA) 2020 statement (Page et al. 2021)
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parenchyma and 12 on tumors of the pancreas). The only systematic review on pancreas 
segmentation was performed by Kumar et al. (2019), which may be considered obsolete 
given the surge of published articles since 2020. It analyzed 19 studies (16 on CT and three 
on magnetic resonance). The review by Huang et al. (2022a) concerned artificial intelli-
gence (AI) on pancreas cancer. Out of the included studies, only seven pertain to DL for 
pancreas segmentation. The review by Yao et al. (2019) discussed different approaches to 

Table 1  Published reviews
Reference Type of 

review
Databases Covered 

years
Reviewed stud-
ies on CT

Pancreas 
specific

Aljabri and Al-
Ghamdi (2022)

Systematic Google Scholar 2014–2021 4 (parenchyma) No

Ghorpade et al. 
(2023)

Narrative PubMed and Web of 
Science

2013–2023 32 
(parenchyma)
12 (tumors and 
cysts)

Yes

Huang et al. 
(2022a)

Narrative PubMed, Embase, and 
Web of Science

Until 2022 7 (tumors) Yes

Kumar et al. (2019) Systematic MEDLINE, Espacenet, 
Google Patents, and the 
United States Patent and 
Trademark Office Patent

Until 2018 16 
(parenchyma)

Yes

Rehman and Khan 
(2020)

Narrative – Until 2019 8 (parenchyma) No

Senkyire and Liu 
(2021)

Narrative PubMed, Scopus, and 
Web of Science

Until 2020 13 
(parenchyma)

No

Yao et al. (2019) Narrative Web of Science 2012–2018 12 
(parenchyma)

Yes

Fig. 4  Annual distribution of the 130 reviewed articles. Studies on parenchyma (in green), tumors (in 
pink), cysts (in brown), and inflammation (in yellow). Note: some studies concerned more than one ap-
plication, e.g. parenchyma, and tumor. *Data for the year 2023 are available until October 31st. (Color 
figure online)
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pancreas segmentation, with 12 studies on AI. The other reviews reported the published 
literature on DL on medical images of several anatomical structures (organs, and bones) 
in addition to the pancreas (Aljabri and AlGhamdi 2022; Rehman and Khan 2020; Senky-
ire and Liu 2021). As can be seen from Table 1 the number of the included studies on the 
published reviews on pancreas segmentation is considerably lower than the results of our 
literature search.

3  Technical background of deep learning techniques in pancreas 
segmentation

In this section the DL architectures specifically used for pancreas segmentation are illus-
trated. They are foundational to the interpretation of the results of the reviewed studies.

3.1  UNet and its variants

UNet is a U-shape fully connected network (FCN) with an encoder and decoder. The encoder 
extracts features through convolutions, while the decoder restores the initial resolution of 
the input image through deconvolutions. The key innovation of UNet is represented by skip 
connections between opposing convolutional and deconvolutional layers (Ronneberger et 
al. 2015). Skip connections successfully concatenate features learned at different levels to 
improve the segmentation performance, especially at the level of localization (Chen et al. 
2022c). 3D UNet is the counterpart of UNet, where the 2D operations were replaced by the 
corresponding 3D implementation (Çiçek et al. 2016). In V-Net the forward convolutions 
were replaced by residual convolution units (Milletari et al. 2016). DenseVNet introduced a 
cascade of dense feature stacks. In dense blocks, the feature maps are concatenated enabling 
a streamlined gradient backpropagation (Gibson et al. 2018). A convolution is inserted into 
each skip connection to reduce the number of features. The maps generated in the decoding 
path are then concatenated and convolved. The result is added to a spatial prior, a low-reso-
lution 3D map of trainable parameters bilinearly upsampled to the segmentation resolution, 
to generate the final result (Gibson et al. 2018). DRINet was developed by merging dense 
blocks, residual inception blocks, and unpooling blocks (Chen et al. 2018).

However, the optimal depth of an encoder-decoder in the traditional UNet architecture 
can vary from one application to another, depending on the task complexity. A solution 
would be to train models of different depths separately and then aggregate the resulting 
models at inference time. However, this approach is inefficient since the separate networks 
do not share a common encoder. Moreover, the design of skip connections requires the 
fusion of the same-scale encoder and decoder feature maps. UNet++ was designed to over-
come these limitations. It is based on an ensemble of several UNet networks with differ-
ent depths partially sharing the same encoder but retaining their specific decoder. Densely 
connected skip connections enable dense feature propagation along horizontal and verti-
cal skip connections and more flexible feature fusion at the decoders (Zhou et al. 2020). 
The nnU-Net (Not a New UNet) framework is a cutting-edge DL framework for automat-
ing configuration across the segmentation pipeline, encompassing pre-processing, network 
architecture, training, and post-processing, adapting seamlessly to new datasets (Isensee 
et al. 2020). nnU-Net configuration method starts with the extraction of dataset properties 
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(image size, voxel spacing) and execution of heuristic rules. nnU-Net by default generates 
three different UNet configurations: a 2D UNet, a 3D UNet, and a 3D UNet cascaded in 
which the first UNet operates on down-sampled images, and the second is trained to refine 
the segmentation maps created by the former. After cross-validation nnU-Net empirically 
chooses the best performing configuration or ensemble. The outputs of nnU-Net are fully 
trained models that can be deployed to make predictions on unseen data. With open-source 
accessibility, nnU-Net stands as a pivotal tool, delivering state-of-the-art performance and 
driving advancements in automated medical image analysis (Isensee et al. 2020).

3.2  Attention and its variants

The concept of attention drew inspiration from human biological systems. For instance, the 
visual system focuses on some parts of an image rather than others (Chaudhari et al. 2021). 
Basically, attention in DL can be explained as a mechanism incorporating the concept of 
relevance to pay attention to only certain parts of an input (Chaudhari et al. 2021). The first 
use of attention in DL was presented by Bahdanau et al. (2014) for the encoder-decoder 
architecture for sequence-to-sequence tasks, like language translation. These models were 
based on recurrent neural networks for encoder and decoder, with the encoder compressing 
the input sequence into a single vector of fixed length at the last step of the encoding pro-
cess, called hidden state. Unfortunately, in the case of long sequences, the compression may 
lead to loss of information (Chaudhari et al. 2021). To overcome this limitation the key idea 
of attention was to introduce a structure called context vector equivalent to a weighted sum 
of the hidden states of the decoder (one for each encoding step) and the corresponding atten-
tion weights. This enables the decoder to access the entire sequence of the encoder and focus 
on the relevant positions in the input sequence thanks to the attention weights (Chaudhari et 
al. 2021). Several types of attention were proposed for computer vision (Guo et al. 2022a). 
Attention gate was developed to learn to suppress irrelevant regions in an input image while 
highlighting salient features useful for a specific task (Oktay et al. 2018). Spatial attention 
can be performed by spatial transformers that are able to transform feature maps (Jaderberg 
et al. 2015). The spatial transformers include three submodules: a localization network with 
feature maps as input and the predicted transformation parameters by regression as output; 
a grid generator to use the regressed transformation parameters to create a sampling grid, 
consisting of a set of points where the input feature map should be sampled to produce the 
transformed output; and a sampler using the input feature map and sampling grid to create 
the output map (Jaderberg et al. 2015). Channel attention can be realized by squeeze and 
excitation (SE) block (Hu et al. 2017). SE was designed to perform feature recalibration. 
Essentially, SE adds a parameter to each channel of a CNN block to adjust the relevance of 
each feature map. In the first part, the squeeze operation performs global average pooling 
to reduce each feature map along width and height to a numeric value, obtaining a channel 
descriptor. In the excitation part, the numeric values are then fed to two fully connected 
layers with ReLU and sigmoid activation functions to obtain new numeric values which 
are used to weigh the original feature maps and assign each channel a specific relevance 
(Hu et al. 2017). The residual attention network is composed of a stack of several attention 
modules that generate attention-aware features (Wang et al. 2017). Each attention module 
is divided into a trunk branch and a mask branch. Each trunk branch has its mask branch 
to learn attention specialized for its features. The trunk branch performs feature extraction 
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and can be integrated into any network. The mask branch weighs output features from the 
truck branch (Wang et al. 2017). The attention mask serves as a feature selector during 
forward inference and as a gradient update filter during backpropagation. Moreover, the 
mask branches prevent wrong gradients from updating trunk parameters. Inside each atten-
tion module, both spatial and cross-channel dependencies are modeled (Wang et al. 2017). 
The convolutional block attention module (CBAM) was designed to emphasize meaningful 
features along channels and spatial axes in CNNs (Woo et al. 2018). The idea behind CBAM 
is that the channel attention module solves the problem of learning “what” since each chan-
nel of a feature map can be considered a feature detector, while the spatial attention module 
solves the problem of learning “where” since it is based on the inter-spatial relationship of 
features (Woo et al. 2018). Instead of computing the 3D attention map directly as in residual 
attention, CBAM decomposes the process of learning channel attention and spatial attention 
separately (Woo et al. 2018). In addition to global max-polling as in SE, CBAM uses also 
max-pooling (Woo et al. 2018). These two pooling methods are applied to an intermediate 
feature map. The results of both are forwarded to a shared network to produce a channel 
attention map. During the spatial attention process, average pooling and max-pooling are 
applied along the channel axis, and the results are concatenated. A convolution layer is 
then used to generate a spatial attention map. Channel and spatial attention can be arranged 
sequentially or parallelly, although the former provided better results (Woo et al. 2018).

3.3  Transformer and its variants

Although CNNs achieved impressive results, they generally suffered by modeling long-
range sequences due to the locality of convolutional operations (Azad et al. 2024; Chen 
et al. 2022c). Transformers were introduced to address the challenge of processing long 
sequences. They were initially developed for natural language processing tasks. The origi-
nal transformer consisted of an encoder and a decoder. The encoder converted an input 
sequence of tokens into a sequence of embedding vectors, called hidden state or context. 
The decoder used the encoder’s hidden state to iteratively generate an output sequence of 
tokens, one token at a time (Vaswani et al. 2017). The encoder was a stack of modules each 
of which included multi-head self-attention (MSA), layer normalization, feedforward layers, 
and a second layer normalization. MSA refers to the fact that these weights are computed for 
all hidden states in the same sequence, e.g., all the hidden states of the encoder. Positional 
embedding is added to retain positional information (Vaswani et al. 2017). The decoder has 
several modules consisting of mask MSA and encoder-decoder attention blocks. The former 
ensures that the generated tokens are based on the past outputs and the current token being 
predicted, while the latter learns how to relate tokens from two different sequences, e.g. two 
different languages (Vaswani et al. 2017).

Inspired by the design of transformers for natural language processing, vision transform-
ers (ViT) were proposed for imaging tasks (Dosovitskiy et al. 2020). In this architecture, the 
image is split into a sequence of flattened 2D patches which are projected to obtain the patch 
embeddings. Positional embeddings are added to the patch embeddings to retain positional 
information. The resulting sequence of embeddings is fed as input to the encoder consisting 
of a series of standard transformer blocks with normalization, MSA, and a second normal-
ization. A multi-layer perceptron is then added for the classification task (Dosovitskiy et al. 
2020). Since transformers lack translation equivariance and locality, they do not generalize 
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well when trained on insufficient amounts of data. For this reason, ViT was pre-trained 
on ImageNet-21k to obtain satisfying results (Dosovitskiy et al. 2020). In order to solve 
this issue data efficient image transformers (DeiT) were developed (Touvron et al. 2020). 
Another limitation of ViT is its unsuitability when the image resolution is high due to the 
quadratic computation complexity of MSA w.r.t image resolution (Liu et al. 2021). In fact, 
in standard transformers, MSA is obtained by computing globally the relationship between 
a token and the other tokens (Liu et al. 2021). To solve this issue Shifted Window (Swin) 
Transformer was proposed (Liu et al. 2021). This architecture builds hierarchical feature 
maps by starting from small-sized patches and gradually merging neighboring patches in 
deeper layers. The linear computational complexity is ensured by computing self-attention 
locally within non-overlapping windows that partition an image (Liu et al. 2021). Addition-
ally, the window in a layer is shifted w.r.t. the previous layer, causing the self-attention com-
putation in the new window to cross the boundaries of the previous window, thus providing 
connections among them (Liu et al. 2021).

In computer vision, transformers can be divided into pure and hybrid ones. In pure trans-
formers, the MSA modules are used in both the encoder and decoder. Hybrid transformer 
architectures fuse the ViTs with convolution modules in the encoder, bottleneck, decoder, or 
skip connections to combine information about the global context and local details (Azad et 
al. 2024). Swin-UNet is a pure transformer with a UNet-like architecture (Fig. 5) employ-
ing the Swin transformer block in the encoder, bottleneck, and decoder (Cao et al. 2023a). 
CTUNet is a hybrid network (Fig. 6) for segmentation of the pancreas parenchyma with 3D 
channel transformer blocks inserted into the skip connection of a 3D UNet (Chen and Wan 
2022). A pancreas attention module with a project and excite block was designed and added 
to each encoder to enhance the ability to extract context information, while cross attention 
was inserted between the output of each transformer and decoder to eliminate semantic 
inconsistency (Chen and Wan 2022).

Residual transformer UNet (RTUNet) is a UNet-like network for pancreas parenchyma 
segmentation with convolutional blocks consisting of residual blocks, residual transform-
ers, and dual convolution down-sampling. The residual transformer block adds progressive 
up-sampling to the basic transformer (Qiu et al. 2023). UMRFormer-Net is a U-shaped 
encoder-decoder architecture (Fig. 7) with a hybrid CNN and transformer for segmentation 
of the pancreatic parenchyma and tumors (Fang et al. 2023). It has five 3D CNN layers and 
a double transformer module inserted into the bottleneck and skip connection of the fourth 
layer to encode the long-range dependencies semantic information in a global space (Fang 
et al. 2023).

Convolutional pyramid vision is a hybrid network of CNN and hierarchical transform-
ers for tumor segmentation. It generates multi-scale features by incorporating multi-kernel 
convolutional patch embedding and local spatial reduction to reduce computational cost. In 
this way, the model is able to capture the local information of multi-scale tumors (Viriyasa-
ranon et al. 2023).

3.4  Generative adversarial network and its variants

Generative Adversarial Networks (GANs) are generative models with a generator and a dis-
criminator network which are trained to compete and overcome each other. In GANs there 
is a minimax two-player game, where the generator network tries to fool a discriminator 
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which has to distinguish between real images (coming from the training dataset) and false 
ones (generated by the discriminator starting from a random noise distribution (Goodfellow 
et al. 2014)). CycleGAN networks were proposed for the image-to-image translation task, 
converting an image from one domain to another one (Zhu et al. 2017). In contrast with pre-
vious approaches for image translation in computer vision with pair data between the two 
domains, in CycleGANs the the images are not paired (Zhu et al. 2017).

3.5  Dilated convolutions

The max-pooling and strides (downsampling) on CNNs layers result in feature maps with 
considerably reduced spatial resolution (Chen et al. 2016). Inspired by the efficient com-
putation of the undecimated wavelet transform, known as "algorithm a trous", Chen et al. 
(2016) proposed atrous convolution, replacing the downsampling in the last max pooling 

Fig. 5  Architecture of Swin-UNet from Cao et al. (2023a)
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layers of CNNs with upsampling the filters by inserting holes (“trous” in French) between 
nonzero filter values. As a result, the feature maps are computed at a higher sampling rate 
than in conventional CNNs. Atrous convolutions enable the enlargement of the field of 
view of filters without increasing the number of parameters or computational burden. Atrous 
convolution was later called “dilated convolution”. By adopting multiple parallel atrous 
convolutional layers with different sampling rates it is possible to capture objects at differ-
ent scales, in a way similar to spatial pyramid pooling. For this reason, this technique was 
named Atrous Spatial Pyramid Pooling (ASPP) (Chen et al. 2016).

Fig. 7  Architecture of UMRFormer-Net from Fang et al. (2023)

 

Fig. 6  Architecture of CTUNet from Chen and Wan (2022)
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3.6  Datasets

Ten open datasets for pancreas segmentation are available online (Table 2). Seven were 
largely adopted in the reviewed studies. The Cancer Image Archive (TCIA) from the 
National Institute of Health (NIH) is an online service1 hosting medical imaging archives. 
The most investigated dataset for pancreas segmentation comes from this source and con-
sists of 82 CTs. It is known as the NIH dataset. There are also published studies using 43 CTs 
from TCIA-NIH. From here onward it will be referenced as TCIA dataset. The NIH dataset 
includes only labeled images of the pancreas parenchyma, while the Medical Segmenta-
tion Decathlon (MSD) dataset also annotations of tumors (Fig. 8). The others incorporate 
the segmentation of multiple abdominal organs, namely 15 (AMOS-CT), 13 (Beyond the 
Cranial Vault (BTCV)), four (AbdomenCT-1k), and four for the Fast and Low GPU memory 
Abdominal oRgan sEgmentation (FLARE). Only AMOS-CT, AbdomenCT-1k, and FLARE 
are multi-vendor and multicenter, with data from two, 12, and 11 centers, respectively (Ji et 
al. (2022); Ma et al. (2022b)). In the NIH dataset, the pancreas was manually labeled by a 
medical student and then verified by an experienced radiologist (Roth et al. (2015); Ma et al. 
(2022b)). The images of the MSD dataset were provided by the Memorial Sloan Kettering 
Cancer Center (New York, NY, United States). The pancreatic parenchyma and pancreatic 
mass (cyst or tumor) were manually annotated by an expert radiologist (Simpson et al. 
(2019)). In the AMOS-CT dataset, 50 out of 500 CTs were initially annotated by humans. 
Then, one 3D UNet was trained using these 50 CTs to pre-label the remaining ones (coarse 
stage). Five junior radiologists refined the segmentation results. To further reduce errors, 
three senior radiologists with more than 10 years of experience checked and validated the 
results (fine stage). The process was iterated several times to reach a final consensus on the 
well-labeled annotations (Ji et al. (2022). For the AbdomenCT-1k dataset, 15 junior anno-
tators (one to five years of experience) used the ITK-SNAP tool to manually segment the 
organs under the supervision of two board-certified radiologists. Then, one senior radiolo-
gist with more than 10 years of experience checked the annotations. After annotation, UNet 
models were trained to find the possible errors, which were double-checked by the senior 
radiologist (Ma et al. (2022b)). The dataset grouped the MSD Pancreas (420 cases), the 
NIH (80 cases), tumors of the liver (201 cases), tumors of the kidneys (300 cases), spleen 
(61 cases), and 50 CT scans from Nanjing University of patients with pancreas cancer (20 
cases), colon cancer (20 cases), and liver cancer (10 cases) for a total of 1,112 CTs (Ma et 
al. (2022b)). The BTCV is a medical dataset for the MICCAI 2015 Multi-Atlas Abdomen 
Labelling Challenge. It consists of 50 CTs, manually labeled by two experienced undergrad-
uate students, and verified by a radiologist. The annotations are multi-organ. The Synapse 
dataset includes 30 CT scans of BTCV (Landman et al. 2015).

A dataset of 90 CTs with annotations of eight abdominal organs was curated by com-
bining 43 from TCIA and 47 from BTCV (Gibson et al. 2018). The FLARE dataset was 
curated for a medical imaging challenge. It consists of 511 CTs with annotations of the liver, 
kidneys, spleen, and pancreas (Ma et al. 2022a). Some reviewed studies used also the Inter-
national Symposium on Image Computing and Digital Medicine (ISICDM) dataset, initially 
curated for the 2018 Pancreatic Segmentation Challenge. Concerning pancreas cancer, there 
are two open datasets with annotations of tumors. The first is called The Clinical Proteomic 
Tumor Analysis Consortium Pancreatic Ductal Adenocarcinoma Collection and contains 

1 https://www.cancerimagingarchive.net/
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data from CT, MRI, and US with 71 CTs on pancreatic ductal adenocarcinomas (PDACs), 
used in one study. The other is named CTpred-Sunitinib-panNET and includes) and includes 
38 CTs on pancreatic neuroendocrine tumors (PNETs). The last dataset is WORD with 150 
labeled CTs of 16 organs.

3.7  Metrics

This section presents a thorough mathematical formulation of the six distinct metrics iden-
tified in the systematic review for assessing model performance. These metrics are Dice 
Score Coefficient (DSC), Jaccard Index (JI), Hausdorff Distance (HD), 95th percentile Haus-
dorff Distance (HD95), Average Surface Distance (ASD), and Normalized Surface Dice 
(NSD). To formally define the metrics, let us consider that the medical images are rep-
resented by a collection of points X = {x1, x2, ..., xn}, where each xi corresponds to a 
voxel value within the image. The entire set X is organized within a three-dimensional grid, 
such that the total number of points (voxels) is given by |X| = N , where N = w × h × d

. Here, w denotes the width, h the height, and d the depth of the grid, respectively. For each 
voxel x ∈ X , there are corresponding labels in the ground truth segmentation Sg  and in the 
automatic segmentation predicted by the model Sp. We define the labeling function for the 
ground truth segmentation as Sg : X → {0, 1}, where Sg(x) denotes the label assigned to 
voxel x by Sg . Similarly, the labeling function for the predicted segmentation is defined as 
Sp : X → {0, 1}, where Sp(x) represents the label assigned to voxel x by Sp.

3.7.1  Region-based metrics

Building on this premise, this section first defines two metrics classified as overlap-based, 
namely DSC and JI. The first step is defining the four cardinalities that underlie these met-
rics, as delineated below:

	 TP = |{x ∈ X : Sg(x) = 1 and St(x) = 1}| � (1)

	 FP = |{x ∈ X : Sg(x) = 1 and St(x) = 0}| � (2)

	 FN = |{x ∈ X : Sg(x) = 0 and St(x) = 1}| � (3)

	 TN = |{x ∈ X : Sg(x) = 0 and St(x) = 0}| � (4)

where TP stands for true positive, FP for false positive, FN for false negative, and TN for 
true negative. The symbol |·| denotes the count of the set. The DSC, often called Dice 
or overlap index, is the predominant metric for validating medical volume segmentations. 
Beyond facilitating direct comparisons between automated and ground truth segmentations, 
the Dice metric is frequently employed to assess reproducibility and repeatability within 
these analyses (Kamnitsas et al. (2017); Ronneberger et al. (2015); Li et al. (2019)). A score 
of 0 indicates no overlap, while a score of 1 indicates perfect overlap, and its formulation 
is defined by:

1 3
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DSC =

2|Sp ∩ Sg|
|Sp| + |Sg|

= 2TP

2TP + FN + FP
� (5)

Instead, the JI is determined by dividing the intersection of two sets by their union Jaccard 
(1912). This metric quantifies the similarity between the sets, represented mathematically 
as:

	
JI =

|Sp ∩ Sg|
|Sp ∪ Sg|

= TP

TP + FN + FP
� (6)

DSC and JI range between 0 and 1, where 1 means perfect overlap and 0 means null inter-
section between Sp and Sg .

Fig. 8  Six cases of pancreas anatomy, along with a tumor, from the MSD dataset (rows 1–6) to show the 
large morphological variability (Simpson et al. (2019)). Column a: 3D model of parenchyma (in brown) 
and tumor (in green). Columns b,c,d: view on the axial, coronal, and sagittal plane. Case number of MSD 
dataset (from row 1 to row 6): #66, #64, #334, #126, #286, and #81. Pancreas subregions are grouped as 
follows: head (row 1 and row 2), body (row 3 and row 4), and tail (row 5 and row 6)
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3.7.2  Distance-based metrics

The second part of this section defines the set of spatial distance-based metrics: HD, HD95, 
ASD, and NSD. These metrics represent a pivotal dissimilarity measure in evaluating image 
segmentation, especially when the task requires a proper edge delineation. HD was specifi-
cally designed to assess the shape similarity between two point sets within a given met-
ric space Huttenlocher et al. (1993). HD’s evaluation is independent of point correlations, 
focusing only on the pairwise distances between voxels. Nevertheless, it shows a significant 
vulnerability to outliers in the data set. It is defined as:

	 HD(Sg, Sp) = max(h(Sg, Sp), h(Sp, Sg))� (7)

where h(Sg, Sp) is called the directed Hausdorff distance and is given by:

	
h(Sg, Sp) = max

xg∈Sg

min
xp∈Sp

∥xg − xp∥� (8)

where ∥xg − xp∥ represents a norm such as euclidean distance. Nonetheless, the HD95 
introduced by Huttenlocher et al. (1993) is the quantile approach to HD providing a method 
to reduce the influence of outliers by considering the qth quantile of direct Hausdorrf dis-
tances instead of the maximum distance. The choice of qth depends on the specific applica-
tion and the characteristics of the point sets under analysis. Our systematic review focuses 
on the 95th percentile HD95, widely used in literature. This metric is similar to the tradi-
tional HD but is defined as follows:

	 HD95(Sg, Sp) = max(h95(Sg, Sp), h95(Sp, Sg))� (9)

where h95 represents the 95th ranked percentile of the set of minimum distances between 
points from one set to the nearest points in the other. Specifically, h95(Sg, Sp) is defined as:

	
h95(Sg, Sp) = rank

xg∈Sg

95 min
xp∈Sp

∥xg − xp∥� (10)

where ∥xg − xp∥ denotes a norm such as euclidean distance. Another metric belonging to 
the distance-based class is the average ASD (ASSD). It is defined as the average of all the 
distances from points on the boundary of the ground truth segmentation to the boundary 
of the predicted segmentation, and vice-versa (Yeghiazaryan and Voiculescu (2018)). The 
ASSD is defined by:

	
ASD(Sg, Sp) = 1

|Sg| + |Sp|

( ∑
xsg∈S(Sg)

d(xsg, S(Sp)) +
∑

xsp∈S(Sp)

d(xsp, S(Sg))
)

� (11)

where d(xsg, S(Sp)) is defined as

	
d(xsg, S(Sp)) = min

ssp∈S(Sp)
∥ssg − ssp∥� (12)
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with S(Sg) and S(Sp) represent the surfaces (boundary) of Sg  and Sp respectively. HD, 
HD95, and ASD are initially expressed in units of voxels and then converted into millime-
ters (mm) based on the voxel spacing of the medical images. Lastly, the NSD, introduced 
by Nikolov et al. (2021), quantifies the accuracy of segmentation boundaries by measuring 
the proportion that meets a specified deviation threshold, τ . This threshold represents the 
maximum clinically acceptable error in pixels, offering a precise metric for evaluating how 
closely a predicted segmentation aligns with the actual boundary within a tolerable margin 
of error. The NSD is defined as

	
NSD =

|Dg| + |Dp|
|D′

g| + |D′
p| � (13)

where Dg  and Dp are the nearest neighbour distances computed respectively from the sur-
face S(Sp) to the surface S(Sg) and vice-versa, while D′

g  and D′
p are respectively the subset 

of distances in Dg  and Dp that are smaller or equal to acceptable deviation τ  as defined by:

	 D′
g ={dg ∈ Dg | dg ≤ τ} � (14)

	 D′
p ={dp ∈ Dp | dp ≤ τ} � (15)

The NSD ranges between 0 and 1 Seidlitz et al. (2022). A score of 0 signifies either com-
plete inaccuracy, with all measured distances exceeding the predefined acceptable deviation 
threshold τ , or the image’s absence of the predicted class. Conversely, a score of 1 means 
no corrections to the segmentation boundary are needed, as all deviations from the reference 
boundary fall within the acceptable threshold τ .

3.8  Loss functions

This section presents a thorough mathematical formulation of the three most commonly 
used loss functions identified in the systematic review. Following the conventions outlined 
in Sect. 3.7, the mathematical formulations of Binary Cross Entropy loss (LBCE), Focal 
loss (LF ocal), and Dice loss (LDice) will be presented below. Binary Cross Entropy loss 
function belongs to the class of distribution-based losses, designed with the purpose of 
minimizing discrepancies between two probability distributions. The formulation of Binary 
Cross Entropy loss is given by:

	
LBCE = − 1

N

∑
x∈X

[Sg(x) log(Sp(x)) + (1 − Sg(x)) log(1 − Sp(x))]� (16)

Focal loss function also belongs to the class of distribution-based losses. This loss modifies 
the conventional cross entropy by emphasizing misclassified pixels or voxels. It reduces the 
significance of the loss in well-classified samples, allowing it to effectively address imbal-
ances between foreground and background classes. The formula below is an adaptation of 
the multiclass Focal loss of Lin et al. (2017) for binary classification, defined as:
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LF ocal = − 1
N

∑
x∈X

[
(1 − Sp(x))γSg(x) log(Sp(x))+

(1 − (1 − Sp(x)))γ(1 − Sg(x)) log(1 − Sp(x))
]� (17)

Dice loss function belongs to the class of overlap-based losses. This function aims to quan-
tify the degree of overlap between the ground truth segmentation Sg  and the predicted seg-
mentation Sp Isensee et al. (2019). It directly optimizes the DSC defined in section 3.7, and 
its formula is given by:

	
LDice = 1 −

∑
x∈X Sg(x)Sp(x)∑

x∈X Sg(x) +
∑

x∈X Sp(x) � (18)

4  Segmentation of the parenchyma

This section starts by showing the variability of the pancreas parenchyma in terms of size 
and location (Sect.  4.1). Then, the different approaches to the segmentation of pancreas 
parenchyma are analyzed. Overall, a total of 104 out of the 130 reviewed studies fall under 
this topic, with 81 using only pancreas annotations (Sect. 4.2), while the remaining 23 used 
multi-organ annotations (Sect. 4.3). Both sections present a comparison of the performances 
of the different DL models on the publicly available datasets, described in Sect. 3.6, and on 
the private/internal ones.

4.1  Variability of parenchyma size and location

In order to provide an example of the variability of the pancreas parenchyma in terms of 
size and location, a registration was performed on 281 CTs of the MSD dataset using Elastix 
software (Klein et al. 2010), adapting inter-subject registration parameters from the study by 
Qiao et al. (2016) to the CT domain. Subject #29 of MSD was considered a reference image 
by virtue of its high-quality image and centrality within the range of variations observed in 
the dataset. A Hounsfield unit (HU) from 100 to 500 was used for all the images to improve 
the registration process, enhancing bones and brighter abdominal structures. The results are 
illustrated in Fig. 9. A histogram with the frequency distribution is shown in Fig. 10. It was 
created by measuring the volumetric distances from the centroid of the pancreas in subject 
#29 of MSD to the centroids of the pancreas from all other subjects after performing the 
registration.

4.2  Studies on datasets with only pancreas annotations

The 81 studies were clustered according to the network architecture: CNNs (n=6, Table 3), 
UNet and variants (n=48, Table 4), attention applied to CNNs and UNet (n=15, Table 5), 
transformers and hybrid transformers (n=4, Table 6), and GAN (n=8, Table 7). The NIH 
dataset was by far the most used dataset, recurring in 74 out of 81 studies (91.3%), as fol-
lows: in 51 studies it was the only one adopted, while in 24 it was coupled with others (in 
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14 cases with MSD dataset). The MSD was used in 18 studies (22.2%). Although one study 
employed the AbdomenCT-1k dataset, which includes multi-organ annotations, the authors 
kept only those of the pancreas after stripping out those of the other organs (Tian et al. 
2023). For this reason, it was included in this section. Pancreas segmentation was based on 
a two-stage (coarse-fine) approach in 28 works, described in Section 1.1 of the Appendix. 
One study designed a three-stage method (Zhang et al. 2021d). In addition to localization 
and segmentation phases, a 3D level-set was applied for better boundary delineation of the 
pancreas (Zhang et al. 2021d). Six studies designed specific loss functions, described in Sec-
tion 1.4 of the Appendix. The vast majority of the studies (n = 70) used supervised learn-
ing. Seven works were based on semi-supervised, while four were based on self-supervised 

Fig. 10  Frequency distribution 
of centroids distance of the pan-
creas in the MSD dataset with 
281 cases. Case #29 was used 
as a reference to compute the 
distance in voxels

 

Fig. 9  Spatial distribution and frequency of pancreas within the MSD dataset (Simpson et al. (2019)) (281 
cases with case #29 as a reference in the image): most frequent pancreases in the dataset in red, least 
frequent ones in blue. Boundary of case #29 in white
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A
ut

ho
r

A
pp

lic
at

io
n

D
at

as
et

 si
ze

 
(N

am
e)

M
od

el
 a

rc
hi

te
ct

ur
e

Le
ar

ni
ng

 st
ra

te
gy

Lo
ss

Tr
ai

ni
ng

, v
al

id
a-

tio
n,

 te
st

G
PU

Tr
ai

n-
in

g 
tim

e

R
es

ul
ts

M
ai

n 
co

nt
rib

ut
io

ns

Ti
an

 
et

 a
l. 

(2
02

1)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
)

M
ar

ko
v 

ch
ai

n 
M

on
te

 C
ar

lo
 

+ 
U

N
et

Su
pe

rv
is

ed
B

in
ar

y 
cr

os
s 

en
tro

py

88
%

 tr
ai

ni
ng

, 1
2%

 
te

st
N

vi
di

a 
G

TX
 

Ti
ta

n 
X

–
87

.4
9%

 
(D

SC
) 

84
.1

2%
 

(P
re

ci
si

on
) 

93
.8

1%
 

(R
ec

al
l)

M
ar

ko
v 

C
ha

in
 

M
on

te
 C

ar
lo

 a
p-

pl
ie

d 
to

 3
D

 U
N

et
 

fo
r p

at
ch

 se
le

ct
io

n 
du

rin
g 

lo
ca

liz
at

io
n 

an
d 

se
gm

en
ta

-
tio

n.
 T

hi
s m

et
ho

d 
so

lv
ed

 th
ei

ss
ue

 
of

 m
em

or
y 

lim
it,

 
cl

as
s i

m
ba

la
nc

e,
 

an
d 

da
ta

 sc
ar

ci
ty

 in
 

3D
 se

gm
en

ta
tio

n
W

an
g 

et
 a

l. 
(2

02
1a

)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
)

D
ua

l i
np

ut
 +

 v
-m

es
h 

U
N

et
 

+ 
A

tte
nt

io
n 

+ 
Sp

at
ia

l +
 

Tr
an

sf
or

m
at

io
n 

an
d 

fu
si

on

Su
pe

rv
is

ed
B

in
ar

y 
cr

os
s 

en
tro

py

5-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

Te
sl

a 
P1

00

–
87

.4
0%

 
(D

SC
) 

89
.5

0%
 

(P
PV

) 
87

.7
0%

 
(S

en
si

tiv
ity

)

D
ua

l i
np

ut
 F

C
N

: 
or

ig
in

al
 C

T 
an

d 
im

ag
es

 p
ro

ce
ss

ed
 

by
 g

ra
ph

-b
as

ed
 v

i-
su

al
 sa

lie
nc

y 
w

ith
 

sp
ec

ifi
c 

in
te

ns
ity

 
fe

at
ur

es
 to

 g
ra

sp
 

m
or

e 
in

fo
rm

at
io

n 
on

 th
e 

bo
un

da
ry

. 
H

or
iz

on
ta

l a
nd

 
ve

rti
ca

l c
on

ne
c-

tio
ns

 w
ith

 a
tte

nt
io

n 
m

ec
ha

ni
sm

. 
Sp

at
ia

l t
ra

ns
fo

rm
a-

tio
n 

an
d 

fu
si

on
 

fo
r d

ef
or

m
ab

le
 

co
nv

ol
ut

io
ns

Ta
bl

e 
4 

(c
on

tin
ue

d)
 

1 3

Page 39 of 109  220



A. Moglia et al.

A
ut

ho
r

A
pp

lic
at

io
n

D
at

as
et

 si
ze

 
(N

am
e)

M
od

el
 a

rc
hi

te
ct

ur
e

Le
ar

ni
ng

 st
ra

te
gy

Lo
ss

Tr
ai

ni
ng

, v
al

id
a-

tio
n,

 te
st

G
PU

Tr
ai

n-
in

g 
tim

e

R
es

ul
ts

M
ai

n 
co

nt
rib

ut
io

ns

W
an

g 
et

 a
l. 

(2
02

1c
)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
)

U
N

et
 (L

oc
al

iz
at

io
n)

 
V

ie
w

 a
da

pt
iv

e 
U

ne
t 

(S
eg

m
en

ta
tio

n)

Su
pe

rv
is

ed
D

ic
e 

lo
ss

 
W

ei
gh

t-
ed

 fo
ca

l 
lo

ss

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

G
TX

 
10

80
Ti

28
 h

 
fo

r 
lo

ca
l-

iz
at

io
n 

31
 h

 
fo

r 
se

g-
m

en
ta

-
tio

n

86
.1

9%
 

(D
SC

)
D

at
a 

au
gm

en
ta

-
tio

n 
on

 th
re

e 
ax

es
. 

A
xi

al
, c

or
on

al
, a

nd
 

sa
gi

tta
l v

ol
um

es
 

ar
e 

fe
d 

si
m

ul
ta

ne
-

ou
sl

y 
to

 th
e 

ne
tw

or
k

X
ue

 
et

 a
l. 

(2
02

1)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
) 5

9 
(F

uj
ia

n 
M

ed
ic

al
 U

ni
ve

rs
ity

)
U

N
et

 fo
r b

ot
h:

 L
oc

al
iz

a-
tio

n 
an

d 
Se

gm
en

ta
tio

n
Su

pe
rv

is
ed

C
ro

ss
 

en
tro

py
 

R
eg

re
s-

si
on

 lo
ss

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

Ti
ta

n 
X

P

–
N

IH
: 8

5.
90

%
 

(D
SC

) 
75

.7
0%

 (J
ac

-
ca

rd
) 8

7.
60

%
 

(P
re

ci
si

on
) 

85
.2

0%
 

(R
ec

al
l) 

Fu
-

jia
n:

 8
6.

90
%

 
(D

SC
) 

77
.3

0%
 (J

ac
-

ca
rd

) 9
1.

00
%

 
(P

re
ci

si
on

) 
83

.5
0%

 
(R

ec
al

l)

M
ul

ti-
ta

sk
 se

co
nd

 
st

ag
e.

 R
eg

re
s-

si
on

 (t
as

k 
1 

) o
f 

ob
je

ct
 sk

el
et

on
s 

as
 d

es
cr

ip
to

r 
of

 th
e 

sh
ap

e 
of

 
th

e 
pa

nc
re

as
 to

 
gu

id
e 

su
bs

eq
ue

nt
 

se
gm

en
ta

tio
n 

(ta
sk

 
2)

. C
on

di
tio

na
l 

ra
nd

om
 fi

el
ds

 to
 

re
m

ov
e 

sm
al

l f
al

se
 

se
gm

en
ts

Zh
an

g 
et

 a
l. 

(2
02

1a
)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
) 2

81
 (M

SD
)

C
N

N
 (L

oc
al

iz
at

io
n)

 
En

co
de

r-d
ec

od
er

 (S
eg

m
en

-
ta

tio
n)

 P
rio

r p
ro

pa
ga

tio
n 

m
od

ul
e 

(b
ot

h 
st

ag
es

) 
Sc

al
e-

tra
ns

fe
rr

ab
le

 fe
at

ur
e 

fu
si

on
 m

od
ul

e 
(s

ec
on

d 
st

ag
e)

Su
pe

rv
is

ed
D

ic
e 

lo
ss

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

G
TX

 
10

80
Ti

10
0 

h
N

IH
: 8

4.
90

%
 

(D
SC

) M
SD

: 
85

.5
6%

 
(D

SC
)

Sc
al

e-
tra

ns
fe

rr
ab

le
 

fe
at

ur
e 

fu
si

on
 

m
od

ul
e 

to
 le

ar
n 

ric
h 

fu
si

on
 fe

at
ur

es
 

w
ith

 li
gh

tw
ei

gh
t 

ar
ch

ite
ct

ur
e.

 
Pr

io
r p

ro
pa

ga
tio

n 
m

od
ul

e 
to

 e
xp

lo
re

 
in

fo
rm

at
iv

e 
an

d 
dy

na
m

ic
 sp

at
ia

l 
pr

io
rs

 to
 in

fe
r 

ac
cu

ra
te

 a
nd

 fi
ne

-
le

ve
l m

as
ks

Ta
bl

e 
4 

(c
on

tin
ue

d)
 

1 3

220  Page 40 of 109



Deep learning for pancreas segmentation on computed tomography: a…

A
ut

ho
r

A
pp

lic
at

io
n

D
at

as
et

 si
ze

 
(N

am
e)

M
od

el
 a

rc
hi

te
ct

ur
e

Le
ar

ni
ng

 st
ra

te
gy

Lo
ss

Tr
ai

ni
ng

, v
al

id
a-

tio
n,

 te
st

G
PU

Tr
ai

n-
in

g 
tim

e

R
es

ul
ts

M
ai

n 
co

nt
rib

ut
io

ns

Zh
an

g 
et

 a
l. 

(2
02

1d
)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

36
 (I

SI
C

D
M

) 8
2 

(N
IH

) 2
81

 (M
SD

)
M

ul
ti-

at
la

s r
eg

is
tra

tio
n 

(L
oc

al
iz

at
io

n)
 3

D
 p

at
ch

-
ba

se
d 

an
d 

2.
5D

 sl
ic

e-
ba

se
d 

U
N

et
 (S

eg
m

en
ta

tio
n)

 3
D

 
le

ve
l s

et
 to

 re
fin

e 
th

e 
pr

ob
-

ab
ili

ty
 m

ap
 (R

efi
ne

 st
ag

e)

Su
pe

rv
is

ed
C

ro
ss

 
en

tro
py

 
D

ic
e 

co
-

effi
ci

en
t 

lo
ss

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

–
–

N
IH

: 8
4.

47
%

 
(D

SC
) M

SD
: 

82
.4

7%
 

(D
SC

)

C
oa

rs
e 

st
ag

e 
fo

r 
lo

ca
liz

at
io

n.
 F

in
e 

st
ag

e 
fo

r s
eg

m
en

-
ta

tio
n:

 3
D

 p
at

ch
-

ba
se

d 
an

d 
2.

5D
 

sl
ic

e-
ba

se
d 

C
N

N
 

to
 e

xt
ra

ct
 lo

ca
l a

nd
 

gl
ob

al
 fe

at
ur

es
. 

R
efi

ne
 st

ag
e 

to
 

im
pr

ov
e 

se
gm

en
ta

-
tio

n:
 3

D
 le

ve
l-s

et
 

fo
r b

et
te

r b
ou

nd
ar

y 
de

lin
ea

tio
n.

B
oe

rs
 

et
 a

l. 
(2

02
0)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
)

U
N

et
Su

pe
rv

is
ed

D
SC

-
ba

se
d 

lo
ss

 
w

ei
gh

te
d 

by
 

vo
xe

l-
sp

ec
ifi

c 
m

ap
 +

 
Lo

ss
 fo

r 
vo

lu
m

e 
di

ffe
re

nc
e

5-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

RT
X

 
20

70

12
 h

78
.1

0%
 

(D
SC

)
Sc

rib
bl

es
 a

re
 

dr
aw

n 
to

 re
fin

e 
in

i-
tia

l s
eg

m
en

ta
tio

n

C
he

n 
et

 a
l. 

(2
02

0b
)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

82
 (N

IH
)

U
N

et
, R

es
N

et
, 3

D
-D

SN
 

En
co

de
r: 

Sq
ue

ez
e 

an
d 

ex
ci

ta
tio

n 
D

ec
od

er
: H

ie
r-

ar
ch

ic
al

 fu
si

on

Su
pe

rv
is

ed
W

ei
gh

t-
ed

 c
ro

ss
 

en
tro

py

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

–
–

U
N

et
: 

87
.0

4%
 

(D
SC

) 
R

es
N

et
: 

87
.2

6%
 

(D
SC

) D
SN

: 
82

.5
3%

 
(D

SC
)

H
ie

ra
rc

hi
ca

l 
fu

si
on

 m
od

el
 to

 
re

ta
in

 b
ou

nd
ar

y 
in

fo
rm

at
io

n

Ta
bl

e 
4 

(c
on

tin
ue

d)
 

1 3

Page 41 of 109  220



A. Moglia et al.

A
ut

ho
r

A
pp

lic
at

io
n

D
at

as
et

 si
ze

 
(N

am
e)

M
od

el
 a

rc
hi

te
ct

ur
e

Le
ar

ni
ng

 st
ra

te
gy

Lo
ss

Tr
ai

ni
ng

, v
al

id
a-

tio
n,

 te
st

G
PU

Tr
ai

n-
in

g 
tim

e

R
es

ul
ts

M
ai

n 
co

nt
rib

ut
io

ns

G
on

g 
et

 a
l. 

(2
02

0)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

40
 (I

SI
C

D
M

)
U

N
et

Su
pe

rv
is

ed
–

50
%

 tr
ai

ni
ng

, 5
0%

 
va

lid
at

io
n

–
–

83
.0

0%
 

(D
SC

) 
85

.0
0%

 
(R

ec
al

l)

Fr
ac

tio
na

l d
iff

er
en

-
tia

tio
n 

to
 in

cr
ea

se
 

th
e 

pa
nc

re
as

 
co

nt
ra

st
. L

ev
el

 
se

t (
re

gu
la

riz
at

io
n 

te
rm

, i
nt

en
si

ty
 

co
ns

tra
in

t t
er

m
 

an
d 

le
ng

th
 te

rm
 to

 
in

cr
ea

se
 a

cc
ur

ac
y 

at
 c

on
to

ur
s)

K
ar

im
i 

an
d 

Sa
l-

cu
de

an
 

(2
02

0)

Se
gm

en
ta

tio
n 

of
 

pa
nc

re
as

, l
iv

er
, 

an
d 

pr
os

ta
te

28
2 

im
ag

es
 d

at
as

et
s 

of
 o

th
er

 o
rg

an
s

U
N

et
Su

pe
rv

is
ed

Lo
ss

es
 

ba
se

d 
on

: 
di

st
an

ce
 

tra
ns

-
fo

rm
 

M
or

ph
o-

lo
gi

ca
l 

op
er

ati
on

s 
C

on
vo

-
lu

tio
ns

 
w

ith
 

ci
rc

ul
ar

/
sp

he
ric

al
 

ke
rn

el
s

4-
fo

ld
 

cr
os

s-
va

lid
at

io
n

N
vi

di
a 

G
eF

or
ce

 
G

TX
 

Ti
ta

n 
X

–
78

.4
0%

 
(D

SC
) 2

1.
3 

m
m

 (H
D

) 
1.

84
 m

m
 

(A
SD

)

Th
re

e 
di

ffe
re

nt
 

m
et

ho
ds

 to
 re

du
ce

 
H

D
: d

is
ta

nc
e-

tra
ns

fo
rm

, m
or

-
ph

ol
og

ic
al

 e
ro

si
on

, 
an

d 
co

nv
ol

ut
io

ns
 

w
ith

 c
irc

ul
ar

/
sp

he
ric

al
 k

er
ne

ls
. 

Th
re

e 
lo

ss
es

 b
as

ed
 

on
 th

es
e 

m
et

ho
ds

 
fo

r s
ta

bl
e 

tra
in

in
g

Ta
bl

e 
4 

(c
on

tin
ue

d)
 

1 3

220  Page 42 of 109
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Deep learning for pancreas segmentation on computed tomography: a…
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learning. They are described in Sections 1.2 and 1.3 of the Appendix, respectively. The code 
was publicly available for seven studies.

Despite the promise of transformers, either alone or in combination with CNNs to form 
hybrid models, and the different architectures proposed for two-stage approaches, a UNet 
configuration with residual blocks in the encoder and a decoder with spatial and channel 
attention obtained the highest DSC score (91.37%) on the NIH dataset (Shan and Yan 2021). 
This was followed by a two-stage hybrid transformer, with a UNet for localization and ViT 
for segmentation, reporting a DSC of 89.89% on NIH (Dai et al. 2023). In comparison, the 
highest DSC using CNNs and GAN was 88.68% (Pradip and Kakarwal 2023) and 89.87% 
(Ning et al. 2020), respectively. Notably, several two-stage approaches reached almost 
the same value of DSC (slightly above 86.0%) using UNet for localization and residual 
transformer with UNet for segmentation (Qiu et al. 2023), UNet3+ with multi-scale feature 
calibration in both stages (Qiu et al. 2022b), mask R-CNN for localization and UNet for 
segmentation (Dogan et al. 2021), UNet in both stages (Wang et al. 2021c), VGG with 
attention gate for localization) and VGG-16 with residual multi-scale dilated attention for 
segmentation (Chen et al. 2022b). Concerning the MSD dataset, the two-stage hybrid trans-
former (TD-Net) proposed by Dai et al. (2023) achieved the highest DSC (91.22%), while it 
was ranked second for the NIH (see above). It was followed by a multiscale attention-dense 
residual UNet (MAD-UNet) reaching 88.52%. One study combined both NIH and MSD 
into a dataset of 283 CT reporting a DSC of 83.60% with VNet (Ma et al. 2021b).

The majority of the studies on NIH and MSD datasets reported performances using 
region-based metrics like DSC and Jaccard, neglecting the importance of boundary-based 
metrics (Ma et al. 2022b).

Overall, the methods using supervised learning achieved higher DSC scores on the 
NIH dataset than those based on semi-supervised and unsupervised learning. VNet models 
obtained the highest DSC score on semi-supervised (89.03%) and unsupervised learning 
(78.10%), respectively (You et al. 2022; Zheng et al. 2020).

A typical limitation of DL models is the lack of a demonstration of how they perform 
on external datasets. Therefore, some methods were proposed to address this limitation 
for pancreas segmentation. They were described in Section 1.5 of the Appendix. Of all the 
studies on NIH few were tested for generalization, in all cases on the MSD dataset, reach-
ing a DSC of 85.41% Qiu et al. (2022b), 76.60% Chen et al. (2022b), and 81.09% Li et al. 
(2023a) using supervised learning. The latter included also an internal dataset of 104 CTs 
for training in addition to NIH. Concerning self-supervised learning for model generaliza-
tion from NIH to MSD, a UNet for both localization and segmentation achieved a DSC of 
66.73% (Li et al. 2023c).

Some large private datasets were internally curated. For instance, a two-stage model 
based on UNet for both localization and segmentation was applied to a dataset of 1,917 
CTs from Mayo Clinic (United States). This model reached 91.00% of DSC on 41 cases of 
TCIA. When generalized to the NIH dataset, the DSC score was 89.00% (Panda et al. 2021). 
A subset of this dataset (294 cases) reported a slightly lower DSC (88.00%) using a similar 
two-stage architecture on UNet (Khasawneh et al. 2022).
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4.3  Studies on datasets with multi-organ annotations

The 23 studies were grouped as follows: CNNs (n= 4, Table 8), UNet and variants (n= 11, 
Table 9), attention applied to CNNs and UNet (n= 5, Table 10), transformers (n= 2, 11), and 
GAN (n= 1, Table 12). They are described in Section 2 of the Appendix. The BTCV dataset 
was the most used dataset, recurring in 11 out of 23 studies (47.8%), followed by TCIA in 
five (21.7%), Synapse in four (17.4%), and AbdomenCT-1k in three (13.0%). Pancreas seg-
mentation was based on a two-stage (coarse-fine) approach in four works (Li et al. 2022a, 
2023d; Roth et al. 2018b; Tong et al. 2023). Four studies designed specific loss functions, 
described in Section 2.1 of the Appendix. Almost all the studies were based on supervised 
learning. Two used partially supervised learning (Shi et al. 2021; Zhang et al. 2021b), one 
used both semi-supervised and unsupervised (Xia et al. 2020), one partially supervised for 
abdominal organs and semi-supervised learning for other organs (Liu and Zheng 2023), 
while another study employed supervised, semi-supervised, weakly, and continual learning 
(Ma et al. 2022b). The code was publicly available for six studies.

Being a multi-organ dataset, AbdomenCT-1k (Sect. 3.6) was used in studies needing an 
annotated dataset for the pancreas and in those evaluating DL models for segmentation on 
four labeled organs (pancreas, spleen, kidneys, and liver). The most comprehensive analysis 
on AbdomenCT-1k was performed by Ma et al. (2022b). In addition to DSC, NSD was used 
for the assessment of segmentation results at boundary level (Ma et al. 2022b). When using 
the MSD subset of AbdomenCT-1k for training, nnU-Net reached a DSC of 86.10% (with 
only annotations of the pancreas), while the metric value rose to 90.10% if nnU-Net was 
trained on MSD (with annotations of the pancreas, liver, spleen, and kidneys) and tested on 
the liver tumor part of AbdomenCT-1k (Ma et al. 2022b). If trained with supervised learning 
with MSD plus 40 cases of liver tumors, and 40 of kidney tumors the score of DSC dropped 
to 78.10% when tested in 50 challenging and 50 random cases. When tested on the 50 CT 
scans of Nanjing University of the AbdomenCT-1k dataset (Sect. 3.6) with cancers of the 
colon, pancreas, and liver, but keeping the same training strategy, nnU-Net reached 82.50% 
and 82.30% for supervised and semi-supervised learning, respectively (Ma et al. 2022b). 
Evidence showed that DSC can vary substantially when choosing a random subset of Abdo-
menCT-1k. A UNet for localization and another UNet for segmentation, with multi-branch 
feature attention in the encoder and feature attention aggregation in the decoder, obtained a 
DSC of 86.20% on 500 random cases AbdomenCT-1k (Li et al. 2023d). In contrast, in the 
same work the DSC on 240 random scans of AMOS-CT dropped to 78.40% using the same 
network (Li et al. 2023d). TCIA and BTCV datasets were used alone or in combination, 
typically with 43 scans of the former and 47 of the latter. In all cases the proposed methods 
were based on UNet variants or encoder-decoder, reaching a maximum DSC of 84.00% 
for a two-stage model with an encoder-decoder for localization and a 2.5D network for 
segmentation, improving the results of the first study (78.00%) using the DenseVNet model 
(Li et al. 2022a; Gibson et al. 2018). When training combined BTCV, NIH, and datasets 
for other organs, a DSC of 88.00% was reported on a test set consisting of NIH and BTCV 
(Zhao et al. 2022a). The dataset with the lowest DSC scores was the Synapse one. In this 
case, the highest DSC values (65.67%) were reported by hybrid transformers (Table 11), 
while a UNet-like model with attention obtained 62.77% (Yuan et al. 2023). Another large 
private dataset of 1,150 CTs was curated at John Hopkins (United States) with annotations 
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of 22 anatomical structures. A two-stage organ attention network reached a DSC of 87.80% 
(Wang et al. 2019b; Park et al. 2020).

Generalization was investigated in a few studies. Li et al. (2022a) reported a DSC of 
83.00% on the FLARE dataset, after training on the TCIA and BTCV. Shi et al. (2021) 
performed different generalizations, from BTCV to MSD, and from MSD to BTCV with a 
DSC of 69.50% and 68.70%, respectively. Likewise, Zhang et al. (2021b) assessed gener-
alization from MSD to NIH, and from MSD to BTCV with a DSC of 77.33% and 81.37%, 
respectively. Roth et al. (2018b) evaluated generalization among private datasets, reporting 
a DSC of 82.20%.

5  Segmentation of pancreas tumors

The most common type of pancreatic cancer forms from exocrine cells, which make and 
move digestive enzymes. Pancreatic adenocarcinomas originate from exocrine cells that 
line the tube-like ducts of the pancreas and are also called PDACs (Ducreux et al. 2015; 
McGuigan et al. 2018). Pancreatic duct dilation is associated with a high risk of PDAC and 
other pancreatic cancers. A healthy pancreatic duct is normally almost invisible on abdomi-
nal CT scans due to its slender shape and small size. For this reason, its visibility in CTs 
could be a sign of the presence of pancreas cancers (Zou et al. 2023). Less often, pancre-
atic cancer forms from endocrine cells responsible for hormone production and are called 
PNETs (Ducreux et al. 2015; Rawla et al. 2019; Burns and Edil 2012). Pancreas cancer 
can originate from cystic lesions, which are fluid-filled sacs and are increasingly common 
incidental findings on abdominal imaging tests (Duh et al. 2023). Pancreatic cysts can be 
nonneoplastic and neoplastic. The latter include benign lesions, such as serous cystadeno-
mas, mucinous cystic neoplasms, intraductal papillary mucinous neoplasm, and cystadeno-
carcinoma, with many subclasses existing due to their different characteristics (Beger et al. 
2009; Adsay 2008; Khan et al. 2011; Duh et al. 2023). The head of the pancreas has a higher 
anatomical variability than the other two subregions, namely the body and tail. It is also the 
subregion where most (60%-70%) pancreas cancers occur (Sureka et al. 2021; Vareedayah 
et al. 2018).

Therefore, the accurate segmentation of pancreas tumors is essential for the clinical inte-
gration with quantitative imaging biomarkers which have shown promising results of early 
detection of pancreas tumors, and for precise 3D modeling for surgical and radiotherapy 
planning (Mukherjee et al. 2023).

5.1  Variability of tumors size and location

Following a similar approach described for parenchyma segmentation (cfr. Section 4), a 
registration was performed on 281 CTs of the MSD dataset, with case #29 as reference. 
The result is depicted in Fig. 11, showing the broad spatial distribution and frequency of 
pancreas tumors within the MSD dataset.
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Deep learning for pancreas segmentation on computed tomography: a…

5.2  Studies on tumors

A total of 21 out of the 130 reviewed studies pertain to segmentation of pancreas tumors, 
with eight based on UNet architectures (Table 13), nine on attention applied to CNNs and 
UNet (Table 14), two on hybrid transformers (Table 15), and two on GANs (Table 16).

All the reviewed studies on tumors were based on supervised learning, except two that 
concerned semi-supervised learning (Section 3.3 of the Appendix). Three studies proposed 
a two-stage (coarse-fine) approach for segmentation, while two a three-stage method. They 
are described in Section 3.1 of the Appendix. Three works proposed the design of loss func-
tions (Section 3.4 of the Appendix.)

MSD was the most adopted dataset (13 out of 21 reviewed works or 61.9%) since it 
includes annotation of pancreas tumors (Sect. 3.6). Some studies employed only the anno-
tated 281 CTs of the MSD dataset, while others the whole 420 scans of MSD, including 139 
unlabeled CTs. For this reason, the performances of the reviewed studies on MSD varied 
greatly. In contrast with the reviewed studies on parenchyma, there was more use of private 
(internal and external) datasets as alternative sources of data for the segmentation of cancer. 
As a consequence, a comparison among these studies was not possible. Furthermore, there 
was a heterogeneity in terms of the type of tumors. In fact, six works concerned segmenta-
tion of both parenchyma and tumors (without further information on the type of cancer), 
four did not provide information on the type, three were on PDAC, one on pancreas neuro-
endocrine tumor, one on five types of cancer (including PDAC), one on parenchyma and 11 
types of cancer, one on parenchyma and two types of cancer, one on tumor and surrounding 
vessels, one on dilated pancreas duct and five types of cancer. The code was publicly avail-
able for three out of 21 studies.

UNet-based models reported the highest DSC score on the portion of 281 annotated 
CTs of the MSD dataset. UNet coupled with channel attention and multi-scale convolu-
tions achieved 80.12% of DSC. The multi-scale convolutions were embedded in each layer 
of the encoder to extract semantic information at different scales to localize small or very 
small tumors, and inserted also in the decoder layers (Du et al. 2023). This configuration 
outperformed by a large margin a two-stage model, with UNet for both localization and 
segmentation, reaching a DSC of 63.36% (Ju et al. 2023). This model integrated a spatial 
visual cue fusion module, based on the conditional random field to learn the global context, 
and an active localization offset module to adjust dynamically the localization results dur-
ing the coarse stage (Ju et al. 2023). When considering all 420 CTs of the MSD dataset, the 
highest DSC score (51.83%) was achieved by a hybrid transformer. This model consisted 
of a Swin-transformer as an encoder with two modules, the first as an auxiliary block for 
boundary extraction to obtain rich and discriminative feature representation, and the second 
to preserve the pancreas boundary. The decoder was a CNN (He and Xu 2023). When used 
for generalization on MSD, nnU-Net reported a DSC of 82.00% on a portion of 152 cases of 
MSD after training on the dataset curated at Mayo Clinic of 921 CTs, described by Panda et 
al. (2021) (Mukherjee et al. 2023). Concerning semi-supervised learning, one study based 
on GAN achieved a DSC of 52.90% on 282 cases of MSD (Chaitanya et al. 2021). Overall, 
the DSC score for tumor segmentation on the MSD dataset dropped if compared to the 
results for parenchyma on the same dataset, underlining the further complexity due to the 
particularly small size of pancreas tumors (cfr. Section 1, Sect. 4.2, and Sect. 4.3).
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One study assessed segmentation on pancreas subregions combining a Bayes model and 
UNet on two datasets of precancerous and cancerous lesions, each consisting of 15 CTs. The 
model achieved a DSC of 97.0% and 89.3% for the head, 95.0% and 90.1% for the body, 
94.3% and 90.6% for the tail on the datasets with precancerous and cancerous annotation, 
respectively (Javed et al. 2022).

6  Segmentation of pancreas cysts

Three studies addressed the segmentation of pancreas cysts. They all used internal private 
datasets. One of them assessed also performances on parenchyma using the NIH dataset 
(Table 17, and Section 4 of the Appendix). The code was publicly available for one study. 
UNet with ASPP and spatial pyramid pooling (Li et al. 2023b) reported a DSC of 84.53% on 
a dataset of 107 cases of cysts, while VGGNet a DSC of 83.31% on 131 CTs for pancreatitis 
(Xie et al. 2020).

7  Segmentation of pancreas inflammations

Acute pancreatitis, an inflammation of the pancreas, is the leading cause of hospital admis-
sion for gastrointestinal disorders in the United States and several other countries (Deng 
et al. 2023). The segmentation of an inflamed pancreas is more challenging than the nor-
mal pancreas since it invades the surrounding organs causing blurry boundaries, and it has 
higher shape, size, and location variability than the normal pancreas (Deng et al. 2023).

Two of the reviewed studies concerned the segmentation of pancreatitis (Table 18). Deng 
et al. (2023) performed the first study on the segmentation of acute pancreatitis on an inter-
nal dataset of 89 CTs. An FCN with a region proposal was used for the detection of pancre-
atitis region. The detected region was cropped and sent to the 2D U-Net for segmentation 
(Deng et al. 2023). Guo et al. (2022b) adopted UNet++ to segment chronic inflammation of 
the common bile duct in pediatric patients. A ResUNet network was then used to classify the 
degree of severity of inflammation.

8  Discussion

8.1  Main findings

In this systematic review, we analyzed the published literature, consisting of 130 original 
studies, on DL for the segmentation of parenchyma, tumors, cysts, and inflammation of the 
pancreas. By looking at the geographical origin of the reviewed studies, China is leading 
the ranking with more than half of the published articles in peer-reviewed journals, ahead 
of the United States, UK, Japan, and Canada. Unexpectedly, there are countries with an 
established tradition in pancreatic surgery, like Italy, not present in this ranking, underlying 
a research gap from a technical point of view with the others (Abu Hilal et al. 2023). We 
observe that few studies of out the reviewed ones were led by clinicians, with seven works 
published in journals in the medical field (Bagheri et al. 2020; Guo et al. 2022b; Li et al. 
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2023b; Mukherjee et al. 2023; Park et al. 2020; Si et al. 2021; Sundar et al. 2022). In con-
trast, the rest of the studies were published in technical journals or cross-disciplinary ones 
at the boundary between medicine and computer science. The trend in the number of pub-
lished studies is constantly growing, thus reflecting an increase in interest in the community. 
There are fewer studies on tumor segmentation as they are more challenging to segment 
than parenchyma. DL segmentation on other tiny structures like the dilated pancreatic duct 
and surrounding vessels has been only recently proposed, with initial studies published in 
2022 (Mahmoudi et al. 2022; Shen et al. 2022; Zou et al. 2023). Only one study concerned 
segmentation of pancreas subregions on tumors (Javed et al. 2022).

Our review highlights an enormous variety of DL architectures specifically designed 
for pancreas segmentation from standard UNet to transformers up to hybrid transformers. 
Likewise, many attention blocks have been designed from attention gate to SE up to reverse 
attention (Oktay et al. 2018; Zhou et al. 2023).

Almost all the studies used region-based metrics (e.g., DSC, and Jaccard index). Only 
20 out of 104 on parenchyma, and five out of 26 on tumor and cysts segmentation used a 
boundary-based metric like HD. Two works used NSD as a boundary-based metric (Ma et 
al. 2022b; Tong et al. 2023). Dice loss function was used in most studies to mitigate the class 
imbalance issue with the background as the prominent class, followed by parenchyma of 
the pancreas, and tumor as the least present. As reported in Section 1.4 and Section 3.4 of 
the Appendix, several studies proposed the design of new loss functions to improve metrics 
results.

The present review has shown that a UNet configuration with residual blocks in the 
encoder and a decoder with spatial and channel attention obtained the highest DSC score 
(91.37%) on the NIH dataset for pancreas segmentation, outperforming transformers-based 
models and other novel architectures (Shan and Yan 2021). In contrast, a two-stage trans-
former, with a UNet for localization and ViT for segmentation, reported the highest DSC 
(91.22%) on the MSD dataset (Dai et al. 2023). The performances on datasets with multi-

Fig. 11  Spatial distribution and frequency of pancreas tumors within the MSD dataset with 281 cases and 
case #29 as a reference in the image (Simpson et al. (2019)): most frequent pancreases in the dataset in 
red, least frequent ones in blue. Boundary of case #29 in white. (Color figure online)
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Deep learning for pancreas segmentation on computed tomography: a…
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organ annotations were lower compared with those with only annotations of the pancreas, 
due to the weak boundaries among the organs on CT scans (Wang et al. 2019b). The score 
on segmentation of smaller lesions, like tumors, on specific datasets like MSD is much 
lower. Overall, we could not decree which models are the most suitable for pancreas paren-
chyma or tumor segmentation, since the data split for training, validation, and test sets were 
different among the studies on the same dataset.

8.2  Challenges and future directions

8.2.1  Clinical need perspective

Any surgical intervention involving the pancreas is complex and requires a deep under-
standing of individual anatomy due to its position and the high level of interaction with 
surrounding vessels and structures (Russell and Aroori 2022). Surgical resection of the area 
affected by the tumor is the only effective treatment for pancreatic neoplasms such as PDAC 
(Wei and Hackert 2021) and PNET (Johnston et al. 2020), and its outcomes are doubtful 
due to intraoperative or postoperative complications such as recurrences or infections. For 
these reasons, the National Comprehensive Cancer Network® (NCCN®) recommended fol-
lowing a specific pancreatic CT protocol for preoperative planning to avoid and minimize 
adverse surgical outcomes. By carefully assessing the patient’s medical history, imaging, 
and laboratory results, surgeons can better characterize the tumor, making preoperative 
planning more effective. Three-dimensional visualization of the pancreas parenchyma, the 
tumor lesion, and the vessels is of fundamental importance for several reasons. The virtual 
inspection of accurate 3D reconstructions allows the surgeon to make critical decisions on 
the intervention feasibility and the choice among different surgical procedures (pancreato-
duodenectomy, distal pancreatectomy, central pancreatectomy) better than using the flat-
tened 2D visualization. Furthermore, a tridimensional view of the regions of interest eases 
the comprehension of anatomical variants and vascular involvement, possibly leading to 
a different and more challenging surgical procedure for the same pathology. The high risk 
associated with pancreatic operations makes them subject to significant morbidity and mor-
tality, and proper pre-operative design helps identify risk, reduce complications, and prepare 
for potential intraoperative challenges such as bleeding Zhang et al. (2023b). Pancreatic 
fistula, delayed gastric emptying, diabetes, or recurrence are the undesired outcomes of 
pancreatic surgery. Therefore, segmentation has been proposed to improve the visualization 
of the pancreas and its lesions to support clinicians during diagnosis, preoperative planning, 
and disease progress monitoring (e.g. during radiotherapy treatment). Unfortunately, the 
pancreas has been traditionally regarded as one of the toughest abdominal organs for the 
segmentation task due to its small volume compared with a full CT scan, blurred boundar-
ies, and large variations among patients in terms of shape and position. DL methods are no 
exception, as highlighted by the present systematic review. Moreover, DL-based segmenta-
tion of pancreas cancer is a relatively new research topic since the first published studies 
date back to 2020 (Xie et al. 2020; Turečková et al. 2020).

Future directions: Future research efforts should be pushed towards the segmentation 
of pancreas tumors, especially at the multi-class level, given their clinical challenges from 
diagnosis to surgical treatment. Research on precancerous lesions, e.g., pancreatic intraepi-
thelial neoplasms, is also encouraged. Another area of investigation concerns the assess-
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ment of DL models on the pancreas subregions, especially the head, which is the subregion 
where most pancreas tumors occur. Our review included only one study on this application 
(Javed et al. 2022).

8.2.2  DL models perspective

CNNs became popular in the 2010s for computer vision tasks (Liu et al. 2022c). nnU-Net 
was proposed at the end of that decade and was tested on 23 public datasets (including MSD 
for the pancreas). Remarkably, nnU-Net set new benchmarks in several applications by vir-
tue of automatic configuration capable of optimizing preprocessing, network architecture, 
training, and post-processing. nnU-Net highlighted the importance of method configuration 
over architectural variations, showing that details in configuration have more impact on 
performance than DL models (Isensee et al. 2020). In a recent study, the original nnU-Net 
architecture outperformed Auto3DSeg, a novel framework part of the MONAI2 ecosystem 
with autoconfiguration, in the segmentation task on 15 organs of the AMOS dataset (Isensee 
et al. 2024).

Some of the reviewed studies in the present work exploited the autoconfiguration adapt-
ability of nnU-Net to AdbomenCT-1k, BTCV, and MSD datasets. Unfortunately, the studies 
on the other architectures did not provide details on configuration. The proposed models in 
the reviewed studies were assessed on a few datasets, mostly one or two, in contrast with 
the original nnU-Net. In several cases, the models were assessed on small test sets that intro-
duce result instability and question the significance of minor performance gains (Isensee et 
al. 2024). In this regard, 5-fold cross-validation could improve reliability, thus representing 
a pragmatic solution (Isensee et al. 2024).

In 2020, the advent of ViT altered the landscape of DL (Liu et al. 2022c). Later, hybrid 
transformers were introduced in computer vision tasks to combine the strengths of CNNs and 
transformers, which are inductive bias and the capability to process long-range sequences, 
respectively (Liu et al. 2022c). It has been largely believed that the effectiveness of hybrid 
transformers was related to the superiority of transformers, rather than the inherent induc-
tive biases of convolution (Liu et al. 2022c).

To retain the inherent inductive bias of convolutions while taking advantage of trans-
formers, the ConvNeXt architecture was recently proposed by integrating into CNNs sev-
eral key design components of transformers, e.g., inverted bottleneck and large kernel sizes 
(Liu et al. 2022c). More recently, MedNeXt, a 3D UNet-like model based on ConvNeXt, 
was proposed as the first ConvNeXt architecture for medical image segmentation (Roy et 
al. 2023). It was tested on the 15 organs of the AMOS dataset reporting a mean DSC of 
91.77%, outperforming the original nnU-Net, transformers, and Auto3DSeg (Isensee et al. 
2024).

The metrics like DSC and HD, used by the vast majority of the reviewed studies, should 
be carefully considered for the assessment of small structures like the pancreas and its 
lesions for several reasons. First, a few pixel differences between two predictions can have a 
large impact on DSC (Reinke et al. 2011). Second, by considering the same prediction, HD 
is better for low-resolution images while high-resolution is required to delineate accurately 
small anatomical structures like the pancreas and its lesions (Reinke et al. 2011). Third, 
oversegmentation leads to higher DSC than undersegmentation. Therefore, a model aiming 

2 https://monai.io/
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to maximize DSC may tend to oversegment, increasing the risk of resection of healthy tissue 
(Ansari et al. 2022).

The reviewed studies did not unveil details on the size of their models. Therefore, claims 
of superiority may not be objective if comparing larger to smaller models. A recent study 
on segmentation on the AMOS dataset has demonstrated a significant boost in performance 
with larger models (Isensee et al. 2024). Although this research reported results on the mean 
of the 15 organs and not specifically on each single anatomical structure, we may assume 
that this rule holds true also for pancreas datasets (Isensee et al. 2024).

An increasing number of researchers opt for releasing publicly their code (Chen et al. 
2022c). This is certainly beneficial for the community since it encourages researchers and 
clinicians to become more familiar with them. Overall, we found 19 studies with public 
code on GitHub. However, to facilitate reproducibility readers of publications should check 
carefully how samples from the datasets were selected (Chen et al. 2022c).

Future directions: Future developments should concern models with a described con-
figuration, and compared against a well-configured baseline. In addition, those model claim-
ing their superiority should not be limited to one single dataset. In particular, separating 
development datasets and independent test datasets for cross-validation against baselines 
would offer a more reliable assessment of performance (Isensee et al. 2024). Moreover, new 
models should be designed to improve the segmentation of tumors and to increase the adapt-
ability of the DL models to changes in the size and shapes of the lesions over time. More 
effective metrics for surface and boundary overlapping should also be developed (Ansari 
et al. 2022). Finally, there is the need to evaluate emerging DL models like MedNeXt on 
segmentation of the pancreas and its lesions (Roy et al. 2023).

8.2.3  Foundation models perspective

Although this systematic review concerns DL, we cannot ignore the foray of foundation 
models in healthcare. Therefore it is worthwhile to report the latest progress. Thanks to 
the unsupervised pretraining on massive data and prompt techniques, foundation models 
can generalize to tasks different than those used for training (Kirillov et al. 2023). After the 
initial demonstration of the prowess of large language models to pass medical examinations, 
requested by national boards in different countries to obtain the license for clinical practice, 
multi-modal large language models combining text and images were proposed (Moglia et 
al. 2024). More recently, Segment Anything Model (SAM) was released as an open-source 
foundation model for image segmentation as the result of an initiative from a tech giant like 
Meta Corporation (Menlo Park, CA, United States) (Kirillov et al. 2023). It consists of a 
ViT as an image encoder, a prompt encoder, and a decoder fusing the outputs of the encod-
ers (Kirillov et al. 2023). SAM generates segmentation masks after users select a point, 
draw a bounding box in the image, or use a text prompt (Kirillov et al. 2023). Although it 
was originally trained on a curated dataset of one billion of segmented objects in natural 
images, called SA-1B, it has quickly spawned interest in the medical imaging community. 
The zero-shot capabilities of SAM in medical imaging were first tested on 19 datasets, 
achieving an IoU around 70.0% for pancreas segmentation on the MSD dataset, when using 
bounding boxes as prompt (Mazurowski et al. 2023). However, models like SAM have 
shown limitations in segmenting medical images with weak boundaries and low contrast 
(Ma et al. 2024). For this reason, fine-tuned versions of SAM were proposed. SAMed was 
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implemented by fine-tuning SAM on the Synapse dataset, with the image encoder fine-
tuned with low rank adaptation (LoRA) (Hu et al. 2021a; Zhang and Liu 2023). It outper-
formed state-of-the-art DL models on the Synapse dataset, by achieving a DSC of 72.15% 
for pancreas segmentation vs. 65.67% of a hybrid transformer which is the highest DSC 
found in the reviewed studies (Zhang and Liu 2023; Huang et al. 2023). MedSAM, a recent 
fine-tuned version of SAM using bounding box prompts, underwent internal and external 
validation on 86 and 60 segmentation tasks, respectively (Ma et al. 2024). A dataset of 1.5 
million medical images from 10 modalities was curated, including datasets with annotations 
of the pancreas, namely AbdomenCT-1k, AMOS-CT, and MSD for internal, and WORD for 
external validation. It outperformed specialist DL models like nnU-Net on pancreas tumor 
segmentation in terms of DSC (77.80% vs. 75.80%) while achieving a similar score on 
pancreas parenchyma (85.50% vs. 85.70%) during internal validation. In external valida-
tion, MedSAM scored better than nnU-Net on pancreas parenchyma (87.00% vs. 85.00%). 
Unfortunately there was no external validation on pancreas tumor segmentation (Ma et al. 
2024). SAM-2 was recently introduced to segment both images and videos (Ravi et al. 
2024). Initial works explored the capability of SAM 2 to segment 3D medical images by 
transferring its video segmentation capability, thus treating each slice as a frame (Zhang 
and Shen 2024). Based on SAM 2, Medical SAM 2 was recently proposed. Although tested 
only on BTCV dataset for pancreas segmentation, it outperformed DL models (e.g., nnU-
Net, and transformers), SAM-based ones, and Med-SAM (Zhu et al. 2024). The impressive 
performances of MedSAM and Medical SAM 2 make it spontaneous to ask the following 
question: "Did MedSAM and Medical SAM 2 put an end of the DL models developed in the 
last 10 years?". It seems premature to give an answer now for some reasons. First, although 
MedSAM and Medical SAM 2 were tested on a mixture of known public datasets, a com-
parison with the reviewed studies on the pancreas is not possible since the samples used for 
training and validation may be different. Second, a comparison is currently missing among 
MedSAM, Medical SAM 2 and hybrid transformers which reported the highest DSC on 
pancreas cancer segmentation.

Future directions: Foundation models can be combined with other models, thus fore-
shadowing new AI-based medical applications. For instance, the masks generated by 
MedSAM and Medical SAM 2 or other methods could be used by a classification model. 
Or, a detection model could provide the initial bounding boxes of anatomical structures used 
by MedSAM and Medical SAM 2 for subsequent segmentation (Mazurowski et al. 2023). 
We are of the view that foundation models can benefit from continuous technical advance-
ments in DL. In this regard, it will be interesting to see in the future foundation models with 
an image encoder inspired by MedNeXt to replace the ViT used by the SAM methods for 
medical imaging. If the superior performances of MedNeXt over ViT are confirmed also in 
models like MedSAM and Medical SAM 2, foundation models may soon reach scores at the 
level or close to those requested by clinicians.

8.2.4  Datasets perspective

The reviewed DL models demonstrated improvements over the years on DSC, Jaccard, and 
HD metrics. However, the results may show a limited value that is not the marginal entity, as 
in most cases, of such improvement but the fact that the models were trained and tested on 
datasets of small size and mostly from a single center. More specifically, by looking at the 
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tables summarizing the studies one remark that stands out is that in the vast majority of stud-
ies, the DL models are trained and tested almost exclusively on publicly available datasets, 
suggesting that there are difficulties in curating internal datasets. In contrast, some institu-
tions were capable of collecting large datasets, e.g. with 1917 CTs from Mayo Clinic and 
1150 CTs from John Hopkins Medical Institution for the segmentation of parenchyma and 
pancreas ductal adenocarcinoma, respectively (Panda et al. 2021; Wang et al. 2021b). Other 
datasets, like AbdomenCT-1k, merged different datasets like NIH and MSD, and extended 
them by labeling other organs (liver, spleen, and kidney) in addition to the pancreas, com-
bining data from different institutions, from multiple vendors and acquired with different 
stages (arterial and venous) (Ma et al. 2022b). This dataset underwent an extensive assess-
ment, including the definition of a benchmark for supervised, semi-supervised, weakly, and 
continual learning (Ma et al. 2022b). About two-thirds of the 21 reviewed studies on cancer 
segmentation used the MSD dataset. Although there is no publicly available knowledge on 
the exact tumor type (PDA, PNET, or other) in the MSD dataset, a joint research between 
two prominent clinical institutions, i.e. Mayo Clinic and MD Anderson Cancer Center, 
revealed that 103 out of the 281 CTs of the training set of MSD had lesions with imaging 
features of PDAC, 36 of PNET, and 65 of IPMN (Suman et al. 2021). There is a paucity 
of studies using datasets including different types of tumors: five (Si et al. 2021; Zou et al. 
2023), and 11 (Qu et al. 2023). In all cases these datasets were private. The curation of new 
labeled datasets presents logistical, ethical, and privacy challenges. If the need for more 
public datasets for pancreas segmentation is invoked by many scientists in the field, this 
need is more urgent for tumors, given its clinical relevance as above discussed. In order to 
collect datasets of an adequate size, it would be pivotal to define the cardinality to ensure 
optimal performances. This is a critical point in supervised learning since manual annota-
tion is labor intensive requiring a dedicated team of clinicians and costly. At present there 
is no proof on public datasets. There are only two on private datasets (Panda et al. 2021; 
Cavicchioli et al. 2024).

Semi-supervised and unsupervised learning look promising in exploiting datasets with 
few labeled data or with only unlabeled data, respectively. This review analyzed eight and 
four works on semi-supervised and unsupervised learning for parenchyma segmentation, 
respectively. For tumors only two works used semi-supervised learning. According to the 
literature, it seems that semi-supervised learning methods performed better than supervised 
ones (Chen et al. 2022d). However, this is not the case for the pancreas segmentation. For 
this task, supervised learning still provided the higher scores, as documented by this sys-
tematic review. While federated learning seems a promising avenue for training DL models 
across diverse institutions without compromising data privacy, it is noteworthy that no pub-
lished studies on this approach were available for pancreas segmentation at the time of our 
systematic review.

One of the most frequent criticisms of AI models is the lack of generalization to data 
from different institutions, with different models of CT scanners by different vendors, differ-
ent imaging protocols, and different patient demographics, all resulting in different statistics 
distributions. In fact, using the same datasets for development and validation increases the 
risk of overfitting and a lack of generalizability (Isensee et al. 2024). Hence, further work is 
required to prove the robustness of DL models to external institutions.

Future directions: Future developments for the curation of an effective benchmark data-
set should consider two requirements to measure methodological differences: low standard 
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deviation of DSC on the same method on 5-fold cross-validation to ensure statistical stabil-
ity and low noise (intra-method); and a high standard deviation across different methods 
to ascertain methodological differences (inter-method) (Isensee et al. 2024). Additionally, 
a pool of experts should establish a robust protocol for annotation, revision, and validation 
(Ansari et al. 2022). Furthermore, there is a need for new datasets on pancreas tumors and 
vascular structures, in addition to setting a benchmark for each of them as in the case of 
AbdomenCT-1k. In this regard the PANORAMA study dataset was recently curated for 
PDAC (Alves et al. 2022). At the time of this writing it consists of 2738 CTs, of which 400 
for validation and 100 for test, from three centers in the Netherlands, one in Norway, and 
one in Sweden. It also includes 80 healthy cases from the NIH dataset, 194 with PDAC 
from the MSD, and The Clinical Proteomic Tumor Analysis Consortium Pancreatic Ductal 
Adenocarcinoma Collection. It was manually annotated by one of two trained investiga-
tors supervised by an expert radiologist with over 20 years of pancreatic cancer experience 
(Alves et al. 2022). Although it will be used for the first challenge on detection of PDAC, 
thus not segmentation, it contains annotations of the pancreas parenchyma, pancreatic duct, 
veins, arteries, and common bile duct for the training and test portions. Therefore, in the 
future it may be used for PDAC segmentation. Lastly, synthetic data generation may help to 
create realistic, and diverse datasets for pancreas imaging, without compromising privacy 
or ethical standards. In addition, research on federated learning should be encouraged by 
considering the benefits in terms of patients privacy.

8.2.5  Clinical translation perspective

Despite the vast number of published studies on DL for pancreas segmentation, there has not 
been clinical translation due to the small sizes and limited heterogeneity of labeled training 
datasets that have precluded clinical-grade performance and generalizability of the models 
(Suman et al. 2021). Overall, by considering the published literature, the following question 
arises: "Should resources be directed towards refining existing models or harnessing estab-
lished networks with extensive, meticulously curated datasets?" The answer still remains 
complex. From a clinical standpoint, the tangible benefits for patients might be elusive if 
the DL models are not rigorously tested in real-world clinical settings. In fact, an increase of 
DSC or other metrics reflects technical progress, but it does not impact the clinical practice 
if there is no evidence of superiority during clinical trials (Chen et al. 2022c). Developers of 
DL models should not forget that improving patients outcomes is the priority of clinicians. 
According to the most recent guidelines on minimally invasive pancreatic surgery, there 
exists no corpus of evidence on the impact of AI in laparoscopic or robotic pancreatic sur-
gery. Most of the published studies assessed the technical feasibility of utilizing AI. How-
ever, there is no demonstration of clinical implementation and validation at multiple centers 
(Abu Hilal et al. 2023). Given the complexities of DL models it would be difficult to obtain 
informed consent from patients since they need to understand how their data will be used, 
how the DL models work, and the potential risks involved. Similarly, the application of 
explainable AI to pancreas segmentation remains largely unexplored. Moreover, transition-
ing from research to market poses formidable challenges, including model generalizability, 
explainable AI, data privacy safeguards, regulations, and certification.

Future directions: Developers should provide healthcare providers and patients with 
clear, transparent, and simplified explanations of how DL models work. Patients will also 

1 3

Page 97 of 109  220



A. Moglia et al.

have the right to know how their data will be used, how their privacy will be protected, and 
the risks of using their data (e.g., AI model bias). More collaboration between developers of 
DL models and clinicians is encouraged, i.e., by collaborating within projects or in the writ-
ing of papers or by attending conferences of mutual interest (Chen et al. 2022c).

8.3  Limitations

This work has some limitations. First the systematic review is focused on DL approches 
based on CT imaging modality. As stated in the respective section inside the methods, 
the articles retrieved by our literature search on MRI and PET did not introduce technical 
advancements in the DL arena. Overall, the number of excluded studies on MRI were very 
low in comparison with those on CT, which formed the backbone of the present work. When 
a substantial number of publications on DL methods from MRI and other modalities will be 
reached, a comparison with CT could be addressed by a subsequent review. Second, the ana-
lyzed studies by the present review are limited to articles published only in peer-reviewed 
journals, while some researchers prefer other venues to first disseminate their work. For 
instance, in computer science, and its branches like computer vision, there are scientists 
who opt for the publication of their research findings as preprints on arXiv to share them 
with the scientific community as soon as possible. We decided to direct our efforts on works 
which underwent rigorous peer-reviewed. This is reflected by the high average impact factor 
of the journals where the reviewed studies were published, i.e., 5.4 according to the 2023 
statistics by the Journal Citation Reports TM. Lastly, the present review did not include the 
gray literature, which generally publishes the most recent methods.

9  Conclusions

This systematic review of DL applications for segmenting the pancreas and its lesions eluci-
dates significant advancements and identifies important areas of improvement. The review 
highlights several critical challenges. From a clinical point of view there is an urgent need 
to improve segmentation of pancreas cancer, given its aggressive nature, and its highly 
complex surgical treatment. Other clinical applications concern the segmentation of pan-
creas subregions, especially the head where about two thirds of pancreas cancers occur. 
From a technical point of view, emphasis should be placed more on method configuration 
than architectural variations, following the successful paradigm of the nnU-Net architec-
ture. Moreover, the DL models should demonstrate competitive or superior performances 
over state-of-the-art not just on a single (and small) dataset, but on a wide range of datasets. 
Model size should also be considered when comparing different approaches to avoid bias in 
claiming that one outperformed others, which may be smaller. Metrics specific to tiny and 
tortuous structures like the pancreas should be designed to prevent oversegmentation which, 
if translated clinically, may lead to inadvertent resection of healthy tissue. There is also 
the need for new and large datasets, especially with annotations of pancreas tumors. The 
definition of benchmarks on new datasets is encouraged, following the archetypal instance 
of the AbdomenCT-1k one. For the clinical translation, patient outcomes are the priority. 
Therefore, it will be crucial to assess whether or not the improvements of DL architectures 
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obtained in silico have an impact on real patients. Finally, clinicians may be reluctant to 
adopt DL-based methods in case transparency and explainability are not ensured.
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