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Abstract. Colorectal cancer, the fourth most common type of cancer worldwide,
can be prevented through the early identification of colorectal polyps. In this
regard, artificial intelligence has emerged as a promising tool to improve the
identification, segmentation, and classification of polyps in medical images. The
application of these techniques has been shown to aid medical diagnosis due to
their accuracy and effectiveness in detecting polyps. This paper reviews the state
of the art of existing artificial intelligence techniques, the most common
architectures, the datasets used for training, and the metrics employed to evaluate
the performance of the proposed models. Finally, opportunities for improvement
are highlighted, and future research directions are proposed to optimize artificial
intelligence-assisted diagnosis in gastrointestinal health.
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1 Introduction

Colon cancer is the fourth most common type of cancer worldwide and the third most
common cause of cancer-related deaths [1]. This type of cancer typically develops from
untreated colorectal polyps, which are caused by the growth of mucosal epithelial cells
[2] and progress slowly. If not properly identified and treated within a period of 10 to
20 years, adenocarcinomatous polyps can lead to colorectal cancer [1].

The timely and early detection of colorectal polyps is essential for the prevention of
colon cancer [3]. Therefore, it is crucial to minimize the occurrence of false negatives
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during the analysis of a colonoscopy study, a medical procedure in which an instrument
is used to film and examine the interior of the colon [4].

In the modern context of Artificial Intelligence (Al), there is no standardized or
widely adopted technique in medical practice. Therefore, this systematic review
analyzes proposals aimed at implementing computer-aided diagnosis by applying
techniques that facilitate the identification, segmentation, and/or classification of
polyps for timely detection, thereby exploring more accessible and
efficient alternatives.

2 Method

For the methodology of the systematic literature review (SLR), the model proposed by
Kitchenham and Charters [5] was used, as it is specialized in computer science and
provides a relevant and precise approach. Additionally, being a strict and well-
structured model, it helps minimize biases in the selection of papers.

2.1 Justification

The timely detection of colorectal polyps is key to the prevention of colorectal cancer.
Therefore, the aim of this review is to understand the state of the art of Al techniques
applied to the identification and segmentation of intestinal polyps and how these
support tools improve medical diagnosis.

2.2  Research Questions

The following questions were used to guide the research and narrow down the topic.

RQ1. What artificial intelligence techniques have been proposed for the identification
and segmentation of intestinal polyps?

RQ2. What are the characteristics (hame, type of access, number, format, resolution,
and modality) of the image datasets available in the literature for the classification of
intestinal polyps?

RQ3. What are the most commonly used performance metrics to evaluate popular Al
techniques in the identification and segmentation of polyps?

2.3  Objectives

General objective. To investigate and understand the state of the art in the application
of Al techniques for the identification and segmentation of intestinal polyps.

Specific objectives. 1. Identify the existing Al techniques used for the classification of
intestinal polyps. 2. Recognize the characteristics of the image datasets available in the
literature for the classification of intestinal polyps. 3. Understand the most commonly
used performance measures to evaluate the most popular Al techniques.
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Table 1. Inclusion and exclusion criteria applied to the papers retrieved with the search strings.

Inclusion criteria Exclusion criteria
IC1 Studies published from 2019 to EC1 Studies that are in a language other than
September 2024. English.
IC2 Open Access studies. EC?2 Studies that are not research papers.
IC3 Studies that contain at least two EC3 Studies whose title refers to polyps outside of
keywords in the title. the colon.
IC4 Studies that contain at least three EC4 Studies conducted with proprietary datasets
keywords in the abstract. (or, alternatively, not publicly accessible datasets).

IC5 Studies that, when reading their
abstract and/or conclusion, mention
the Al technique applied, the datasets
used, and the performance achieved.

2.4  Search

Keywords selection. Based on the research questions and objectives, the necessary
keywords were defined, along with their synonyms, as follows: “intestinal polyps,”
“colon polyps,” “polyps,” “artificial intelligence,” “Al” “machine learning,”
“performance,” “techniques,” “classification,” and “dataset.”

Search strings. The following academic databases were selected: (1) IEEE Xplore
Digital Library, (2) Wiley Online Library, (3) SpringerLink, (4) ACM Digital Library,
and (5) ScienceDirect, where search strings were tested to finally select two strings,
with one being exclusive for ScienceDirect due to its limitation of only supporting eight
boolean operators.

99 <

— Search string for IEEE, Wiley, Springer Link and ACM: (“intestinal polyps” OR
“polyps” OR “colon polyps”) AND (“artificial intelligence” OR “AI” OR “machine
learning”) AND (“classification” OR “techniques” OR “performance”
OR “dataset”).

— Search string for ScienceDirect: (“intestinal polyps” OR “polyps” OR “colon
polyps”) AND (“artificial intelligence” OR “AI”) AND (“classification” OR
“techniques” OR “performance” OR “dataset”).

Inclusion and exclusion criteria. The established criteria are shown below in Table 1.

2.5 Data Selection and Extraction

A total of 1288 papers were identified in the five selected academic databases. After
applying the criteria IC1, 1C2, EC1, and EC2, the sample was reduced to 161 papers.
Subsequently, using the criteria IC3, IC4, IC5, EC3, and EC4, 26 papers were selected
for analysis in section 3.

For data extraction, key information was collected such as the paper title, publication
date, authors, technique or method used, task type (identification, segmentation, and/or
classification), datasets employed, technique description, performance metrics, and
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Fig. 1. (a) Original image from a colonoscopy; (b) identification with bounding box; (c)
segmentation with the generated segmentation mask. [7].

areas of opportunity. Please refer to section 4. Discussion for the link to access the
retrieved data from each of the selected papers.

3 Results

In this section, the results found within the 26 selected papers are presented, and the
research questions are answered.

3.1  Selected studies and their characteristics

Of the 26 selected papers, 13 belong to IEEE, 7 to Wiley, and 6 to SpringerLink, with
publications between 2019 and September 2024. Most of these studies focus on the use
of artificial intelligence for medical image analysis to improve the detection of
colorectal polyps. In particular, 20 papers explore methods related to the detection and
delineation of polyps, while the remaining 6 focus on tasks related to the classification
of gastrointestinal diseases.

All the proposed techniques employ artificial intelligence models trained with
publicly or privately accessible datasets and are evaluated using various parameters
known as performance metrics.

3.2 ldentification, Segmentation and Classification

During the review, it was identified that the terms identification and segmentation can
be used interchangeably in the medical field. However, in the context of Al techniques,
these concepts have more specific differences that should be considered for a better
understanding of their application. This was a key finding after the detailed analysis of
the reviewed papers.

Identification of colorectal polyps refers to their detection within the image or video
obtained during colonoscopy. In this process, the polyp is outlined with a rectangle
indicating its location, also known as a "bounding box" [4]; as shown in Figure 1(b).
In contrast, segmentation aims to produce a mask (segmentation mask) that separates
the areas of interest (polyps) from the healthy areas (colon), allowing the delineation of
the polyp's body and edges. As a result, shown in Figure 1(c), an image is obtained with
the areas of interest in white and the rest in black [6].
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On the other hand, classification can have two meanings. In the context of medical
evaluation, it refers to identifying the type of polyp being treated [8]. However, when
focusing on the application of Al techniques, classification is associated with
gastrointestinal diseases that may be identified, including polyps as one of the possible
conditions of the intestinal tract [9].

3.3  Research Question 1. What Artificial Intelligence Techniques Have Been
Proposed for the Identification and Segmentation of Intestinal Polyps?

The techniques reviewed in the 26 analyzed papers follow a common pattern, which is
structured into four main components: (1) the architecture, which includes a backbone
accompanied by additional processing; (2) preprocessing of the image dataset; (3)
training using one or more datasets; and (4) evaluation using performance metrics.

Since there is no standard model and the characteristics of each proposal are so
varied, it is only possible to examine the backbone in depth to relate the different
methods to one another. Therefore, this research question, in order to be answered,
focuses exclusively on the backbone component, as it is the only common characteristic
that allows for comparison and evaluation across the methods proposed.

The backbone of the architectures constitutes the process through which features are
extracted from the data, with pre-trained Artificial Neural Networks (ANNSs) being a
common prototype. In this review, three types of models were identified: CNN
(Convolutional Neural Network), a type of neural network that uses convolution layers
to detect local patterns (such as edges, textures, or shapes) [10]; Transformer, a type of
neural network designed to handle data sequences, such as text or time series. It uses
attention mechanisms for both global and local approaches [11]; and CNN +
Transformer, the integration of both backbones. Figure 2(a) shows the recurrence of
each of these backbones in the reviewed papers.

Another notable feature regarding the backbones is the frequency with which each
one appears over the years. The most recurrent backbone is CNN, as it is the oldest;
however, over time, it has been shown that the use of other architectures provides better
performance [12], such as Transformer or the combination of CNN with Transformer,
as seen in Figure 2(b). It is worth noting that no papers from 2020 were found in the
selection for this review.

In addition to the base architecture, preprocessing is also performed in each of the
techniques to process the images from the datasets and unify their characteristics. These
modifications, shown in Figure 3, are mentioned in 17 out of the 26 papers, and the
following were identified: data augmentation, image normalization, recoloring, pixel
resizing, and CLAHE (contrast-limited adaptive histogram equalization). Moreover, in
9 papers, preprocessing is mentioned but not described, as shown in Figure 3 as
“Not specified”.

The data augmentation is worth mentioning, defined as a technique that involves
rotation, scaling, horizontal and vertical flipping, and translation of each image to
generate new samples and increase the dataset used for model training [9], in order to
mitigate the overfitting problem; this occurs when the model performs exceptionally
well on the training set but shows poor performance on the test set or unseen data [13].
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Fig. 2. (a) Recurrence of the identified backbones. (b) Incidence of the use of backbones
over the years 2019-2024.
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Fig. 3. Modifications made in the preprocessing of the dataset’s images.

The datasets, although they will be analyzed in detail in section 3.4 of the review,
have very varied characteristics, so each technique must apply this treatment to the
images before passing them through the proposed model for training. An important
relationship was found between image dimensions and model performance [14]. In
Figure 4, we can observe the most common dimensions (pixels) and their frequency of
use, as specified in 18 of the 26 selected papers.

3.4  Research Question 2. What are the Characteristics of the Image Datasets
Available in the Literature for the Classification of Intestinal Polyps?

The image and video datasets used in the reviewed studies come from colonoscopies.
In addition to the polyp image, these datasets include manual annotations made by
specialists, who marked the location of the polyp with a bounding box or a
segmentation mask, both called "Ground Truth" [10].

For the analysis, only those datasets that were used at least twice within the reviewed
papers were considered. These include CVC-ClinicDB, CVC-ColonDB, ETIS-
LaribPolypDB, Kvasir-SEG, Kvasir, Kvasir-Sessile, and Hyper Kvasir, with its
frequency of appearance shown in Figure 5.

The most frequently used dataset was CVC-ClinicDB, followed by CVC-ColonDB
and ETIS-LaribPolypDB. As shown in Table 2, all relevant datasets were created
between 2012 and 2021 and are in JPG format, except for CVC-ClinicDB, which is in
PNG/TIF format. Most datasets use the WLI (White Light Imaging) modality,
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Fig. 4. Frequency of use of the selected dimension in image preprocessing.
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Fig. 5. Frequency of appearance of the most recurrent datasets.

including Kvasir and HyperKvasir, which also incorporate NBI (Narrow Band
Imaging). However, CVC-ColonDB and Kvasir-Sessile do not specify the
imaging modality.

WLI refers to capturing images using white light, a standard technique in
colonoscopy [15]. In contrast, NBI is an advanced imaging technique that enhances the
visualization of mucosal and vascular patterns by using narrow-band filters, improving
the detection and characterization of lesions [11].

One particularity that can be highlighted about these datasets is the number of images
they contain, as it is considered quite limited for the model training stage. This may
explain why, in the image preprocessing, data augmentation is applied in 13 of the 26
papers analyzed.

In some studies, such as Pham et al. [16] with “seUNet-Trans” or Saad et al. [17]
with “PolySeg Plus”, propose combining multiple datasets to increase the amount of
data for both training and evaluation of the model. Additionally, an observable trend in
the reviewed papers is the use of the “hold-out” validation method, which involves
splitting the dataset into two parts: 80% for model training and 20% for evaluation.
This allows for optimized learning and balanced performance measurement.

Since the image dimensions in the dataset do not match those used by the models,
this explains the resizing process carried out in the studies during the preprocessing
stage to unify their characteristics.
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Table 2. Comparison of the most frequent datasets and their characteristics.

Name of the dataset Year #lImages Modality Image size Videos Format
CVC-ClinicDB 2015 612 WLI 384x288 31 PNG/TIF
CVC-ColonDB 2012 380 - 574x500 15 JPG
ETIS-LaribPolypDB 2014 196 WLI 1226x996 34 JPG
Kvasir-SEG 2020 1000 WLI 332x487 - 1920x1072 - JPG
Kvasir 2017 8000 WLI/NBI  720x576 - 1920x1072 - JPG
Kvasir-Sessile 2021 196 - - - JPG
Hyper Kvasir 2020 110,079  WLI/NBI 720x576 - 1920x1072 373 JPG

3.5 Research Question 3. What are the Most Commonly Used Performance
Metrics to Evaluate Popular Artificial Intelligence Techniques in the
Identification and Segmentation of Polyps?

To answer this research question, it is important to reiterate that the term
“classification” refers to a different type of Al technique. While these models also
identify polyps, their performance metrics are not directly comparable, as they evaluate
the identification of various gastrointestinal diseases rather than solely polyp detection.
For this reason, papers focused on classification will not be considered in this section,
as they do not present enough common metrics to conduct a proper performance
analysis. Consequently, the study will focus exclusively on the remaining 20 papers.

The identified metrics (with their frequency of occurrence in parentheses) from the
20 considered papers were: mDSC (15), mloU (14), precision (14), recall (12), accuracy
(5), F Score (5), F1 Score (2), F2 Score (1), MAE (3), S measure (2), specificity (2),
and sensitivity (1). Among these, only the first five were considered to describe,
analyze, relate, and evaluate the proposed models.

Each of these metrics evaluates different aspects of the model, making them
unsuitable for direct comparison. Instead, they are selected based on the specific needs
of each proposed technique.

The metric () mDSC (mean Dice Similarity Coefficient) refers to the relationship
between the Ground Truth and the model’s prediction overlap [10]; (b) mloU (mean
Intersection over Union) represents the average ratio between the predicted area and
the actual area [10]; (c) precision measures the proportion of correctly predicted
positive cases out of the total positive predictions made by the model [18]; (d) accuracy
is the proportion of correct predictions, including both true positives and true negatives,
over the total predictions made by the model [19]; and finally, (e) recall describes the
proportion of actual positives that were correctly identified [20].

Below are the respective formulas for these performance metrics, where TP (True
Positives) are correctly detected polyps, FP (False Positives) are regions mistakenly
identified as polyps, TN (True Negatives) are correctly identified non-polyp areas, and
FN (False Negatives) are polyps that the model failed to detect:
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Due to the lack of standardization in model performance evaluation metrics, the
obtained assessments for each proposed technique cannot be directly compared. A link
is provided in Section 4 for a comprehensive review of each technique and its
corresponding performance.

4 Discussion

Among all the proposals in the 26 reviewed papers, a strong connection was identified
between the chosen backbone, its evolution over the years, and its performance. The
trend shows a preference for Transformer-based models or the combination of CNN
with Transformer due to their positive impact on evaluation metrics. For a better
understanding of the techniques and the collected information, refer to the annex.

The datasets used in the reviewed studies share the characteristic of being small, as
they consist of a limited number of videos and images. Most approaches opted to
preprocess the datasets to homogenize their characteristics. The "hold-out” model was
used for evaluation; however, given the small size of the datasets, the use of "cross-
validation" is recommended, as it provides a more robust performance estimation.

Despite these limitations, the application of Al in endoscopy has gained interest from
both academia and industry, leading to the development of commercial solutions that
integrate computer-aided diagnosis into clinical practice. Some companies, such as
Olympus with EndoBRAIN and EndoAid [21], as well as available systems like
EndoMind [22] and CADEYE by Fujifilm [21], have developed and commercialized
software for this purpose, though at a high cost. However, EndoMind is open-source
software, making it an accessible alternative for researchers and developers.
Additionally, various competitions focused on polyp detection [23] have been
promoted, enabling the development of multiple datasets and the benchmarking of
different methodological approaches.

Moreover, the metrics used to evaluate the proposed Al techniques vary widely,
assessing different aspects in each approach, leading to a lack of standardization in truly
determining each model's performance. As observed in the recurrence of each metric,
not even the most popular ones (MDSC, mloU, precision, accuracy, and recall) were
reported in all the reviewed papers. Additionally, the high performance observed may
be influenced by the limited number of images in the datasets; while this does not
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constitute overfitting per se, the models might exhibit lower performance in real-world
scenarios due to the insufficient number of training samples.

5 Conclusion

After reviewing 26 selected papers using the Kitchenham and Charters methodology,
the proposed objectives were achieved, and the research questions were answered.

The proposed techniques, the architecture of each, their backbone, the corresponding
preprocessing, the datasets used for training, and the performance metrics used to
evaluate these techniques were identified.

From the findings, it is observed that significant challenges remain, particularly the
lack of standardization in performance metrics for identification and segmentation,
which makes it difficult to make objective comparisons between models performing
these tasks. It is recommended to use widely accepted metrics, such as sensitivity and
specificity, to complement traditional metrics and improve the validity of comparisons.

Another relevant aspect is the small size of the datasets used, which may influence
the high performance reported in the studies. A possible solution for future research
would be the creation of larger and more diverse datasets, in addition to implementing
advanced data augmentation and transfer learning techniques to improve the robustness
of the models.

As future work, considering that some companies already market Al-based software
for polyp detection (such as Olympus), a comparative evaluation between these
commercial systems and the academic models reviewed is recommended.
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