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PAPER

Real-Time Polyp Detection in Colonoscopy  
Using YOLOv8: A Fast and Accurate Deep 
Learning Approach

ABSTRACT
Polyps that may develop on the inner surfaces of the intestines or rectum are considered the 
primarily cause of colorectal cancer (CRC). To enhance survival rates, it is essential to focus 
on early detection, accurate prognosis, and timely treatment, typically involving surgical 
removal of polyps. The employment of advanced computer-aided diagnosis systems (CADx) 
that utilize appropriate machine learning techniques, particularly deep learning methods, 
aids physicians in achieving a highly relevant detection of abnormalities during internal 
examinations of the human body. In this context, this paper discusses a deep learning frame-
work for automated polyp detection utilizing the you only look once (YOLO) model. This paper 
introduces a detection system based on the YOLOv8n model, designed for simplicity, effective-
ness, cost-efficiency, and potential significant support for healthcare providers and patients 
in the realm of polyp detection. The results achieved are compared with those obtained using 
the YOLOv7 model and demonstrate enhanced performance.

KEYWORDS
you only look once (YOLO), computer-aided diagnosis systems (CADx), colonoscopy, colorectal 
cancer (CRC)

1	 INTRODUCTION

Various illnesses, including esophagus, stomach, and colon cancers, can affect the 
human digestive system. According to estimates by the World Health Organization 
(WHO), colon cancer is the second leading cause of cancer-related deaths world-
wide; these cancers result in over 1.9 million new diagnoses and 930,000 deaths in 
2020 [1]. Endoscopic procedures, such as gastroscopy and colonoscopy, are consid-
ered the gold standard for examining the gastrointestinal (GI) tract. These methods 
are invasive and resource demanding, necessitating costly equipment and skilled 
professionals. In terms of preventing colorectal cancer (CRC), it is vital to identify 
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and eliminate precancerous lesions through endoscopy, though detection rates can 
differ among physicians, influencing cancer risk. A precise and automated scor-
ing system for endoscopic observations would contribute to reducing disparities, 
enhancing quality, and optimizing healthcare resources.

Artificial intelligence (AI) encompasses a wide area within computer science 
dedicated to developing intelligent machines that can carry out tasks normally 
requiring human intellect. AI technology has made considerable progress, particu-
larly due to the creation of advanced techniques such as support vector machines and 
deep learning. By continually learning from data and gaining experience, machines 
improve their capabilities in task processing. AI has found increasing application in 
medical domains such as imaging, pathological diagnosis, disease management, and 
drug development, leading to advancements in genetics and molecular medicine. 
Numerous studies confirm this trend, displaying the potential of AI in identifying 
new treatment methods through algorithms for the advancement of molecular med-
icine. Additionally, AI systems that employ deep learning have shown exceptional 
effectiveness in diagnosing conditions such as esophageal cancer, glaucoma, and 
skin cancer via medical imaging. The last few years have also seen an increase in 
AI applications for the diagnosis and treatment of colorectal polyps and cancer, 
especially in gastroenterology, where AI assists in the detection of polyps during 
endoscopic procedures [2–5]. For example, ResYOLO [6], a rapid detection algorithm, 
accomplished remarkable accuracy in recognizing polyps from colonoscopy videos. 
Advancements in deep learning algorithms and computing capabilities are paving 
the way for real-time AI support during colonoscopy procedures. Many internal 
diseases, such as polyps—abnormal growths in the colon—can develop silently and 
lead to severe outcomes if not detected and treated promptly. Certain types of polyps 
have the potential to progress into CRC [7]. Detecting and removing these polyps at 
early stages can significantly reduce the risk of developing this serious illness through 
straightforward medical interventions. Unfortunately, in advanced stages, treatment 
options may no longer be effective, making early detection crucial for preventing 
CRC, which is responsible for numerous deaths worldwide [8]. Research in [9] high-
lights that adenoma size is a key factor; for instance, cancer develops in only 1% 
of adenomas less than 1 cm, but this increases to 10% for those between 1 cm and 
2 cm and escalates to 50% for adenomas greater than 2 cm. One critical factor in the 
development of CRC is the size of colon polyps. Research shows that polyps larger 
than 10 mm have a significantly higher likelihood of turning cancerous [10]. There 
is a direct relationship between the stages of polyps and their sizes (see Figure 1). 
Essentially, the larger the polyp, the longer it has been present, making it easier to 
detect. However, accurately identifying smaller polyps can be challenging, even for 
experienced practitioners, as it requires meticulous examination of all colon tissue, 
a task that is often time-consuming. Unfortunately, not every examination allows for 
this level of attention.

The outlook for recovery from CRC diagnosed at advanced stages is quite grim, 
as malignant tumors can spread to various parts of the body (metastasis), often 
leading to fatal outcomes. Detecting polyps early can facilitate their removal and 
significantly improve patient outcomes. Regular screenings, especially for individu-
als over the age of 50, are vital, even if those younger may also benefit from preven-
tive evaluations.
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Fig. 1. Benign to malignant progression of colorectal polyps [11]

In this context, colonoscopy [12] remains the most widely employed method for 
investigating the colon and determining the presence of polyps. While it is generally 
an effective technique, it is considered highly invasive and may be performed with 
or without anesthesia, depending on the patient preference. Successful colonos-
copy relies on adequate bowel preparation and the use of air insufflation to exam-
ine the bowel thoroughly [13]. This procedure is time-consuming and comes with 
significant financial costs. Moreover, its success highly depends on the gastroenter-
ologist’s expertise, and studies show that polyps, especially smaller ones, are often 
overlooked during examinations, which can lead to complications later on.

Traditionally, the gastroenterologist uses a long, flexible tube inserted into the 
patient’s rectum to visualize the colon and identify any abnormalities. Alternatively, 
there is a method involving a small wireless capsule endoscopy [14]. This technique 
utilizes a tiny camera housed within a capsule approximately twenty millimeters in 
size, resembling a standard medicine capsule. Integrated electronics allow the capsule 
to capture images of the internal tissues, while a battery provides power for the device. 
After the patient ingests the capsule, it travels through the digestive tract, transmitting 
thousands of images to external processing and storage devices. The main advantages 
of this method are its user-friendliness, less invasive nature compared to traditional 
endoscopy, and capability to film the internal lining of the small intestine effectively.

Virtual colonoscopy [15] is a cutting-edge, minimally invasive procedure 
that utilizes an X-ray technique to capture multiple images of the large intestine. 
These images are then processed by computer technology to create detailed two- 
dimensional or three-dimensional representations of the colon’s interior [16].

In recent years, advancements in AI have led to various techniques and algorithms 
being implemented for the detection, monitoring, and diagnosis of several diseases. 
This study specifically explores the detection of polyps utilizing YOLOv8 [17, 18], 
alongside the Kvasir-SEG [19, 20] and BKAI-IGH NeoPolyp-Small datasets [21], and 
comparing the results to those from YOLOv7.

The remainder of this paper is organized as follows: Section 2 outlines the pri-
mary objectives of this study; Section 3 details our methodology, providing essential 
background information as well as the materials and methods used; Section 4 dis-
cusses the results obtained; and Section 5 wraps up the study with concluding remarks.

2	 MAIN OBJECTIVES

The main objectives of this study are:

–	 To develop a fast and accurate polyp detection system using YOLOv8.
–	 To train and evaluate the model using Kvasir-SEG and BKAI-IGH NeoPolyp-

Small datasets.
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–	 To compare the performance of YOLOv8 with YOLOv7 in terms of detection accu-
racy and speed.

–	 To assess the impact of data augmentation on model robustness.

2.1	 Backgrounds

Artificial intelligence is a rapidly expanding field with numerous applications 
emerging across various sectors. At its core, this technology involves equipping 
machines with specialized algorithms and hardware that allow them to replicate 
human behaviors [22]. One of the most sought-after capabilities is automatic vision, 
which entails setting up systems with cameras to capture images, along with algo-
rithms designed to process these visual inputs. In the realm of image recognition, 
there are four key aspects to consider:

i.	 Object classification that predicts to what category an object belongs.
ii.	 Object localization, which identifies the specific location of one or more objects 

within an image.
iii.	Object detection, focused on determining the presence of an object in an image.
iv.	 Object segmentation, which emphasizes the relevant information concerning the 

identified objects within the image.

Several studies have been conducted in this area, resulting in the development 
of various algorithms and specialized materials that have shown positive outcomes. 
However, these solutions often fall short in terms of precision and execution speed, 
particularly when it comes to real-time applications. The algorithms’ complexity and 
long computation times pose significant challenges.

In recent years, advancements in hardware and software engineering have led 
to notable improvements. Specifically, new AI techniques, especially those based 
on deep learning, have increasingly found applications in machine vision. Within 
the object recognition domain, convolutional neural network (CNN)-based methods 
have led to significant implementations. There are several models for object detec-
tion, including region-based convolutional neural network (R-CNN) [23], fast R-CNN, 
and faster R-CNN [24–26].

In 2016, Joseph Redmon and his team introduced the innovative concept of ‘you 
only look once’ (YOLO) for object recognition [27]. YOLO operates differently from 
other deep convolutional networks such as the R-CNN models. While R-CNN models 
process an image in two stages: first identifying interesting regions and then detect-
ing objects using a second neural network. This approach can be slow, especially 
with numerous regions. In contrast, YOLO is a deep neural network that analyzes 
the entire image in a single stage, combining both object localization and classifi-
cation. This unique approach enables YOLO to achieve faster real-time detection in 
video contexts.

Several iterations of YOLO have been developed, each enhancing performance 
over the last. As of January 2023, Ultralytics released YOLOv8, which show-
cases advancements in accuracy, simplicity, and execution speed for real-time 
object detection, classification, and segmentation. Following that, YOLOv9 and 
YOLOv10 were introduced in 2024. YOLO v11 and YOLO v12 are available from 
2025 [28].
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2.2	 Research methodology

Detecting polyps with the YOLO framework involves a few essential steps, which 
can be outlined as follows:

The data collection and annotation:

–	 Gather a set of medical images that feature polyps. Each image must be annotated 
with precise bounding boxes around every polyp.

–	 Verify that the annotations are accurate, preferably with the help of medical 
professionals, to ensure high-quality data for training.

The data preprocessing:

–	 Standardize image sizes to a consistent resolution suitable for input into the 
YOLO model.

–	 Normalize pixel values to a typical range (such as [0, 1] or [-1, 1]).
–	 If needed, enhance the dataset through augmentation methods to bolster model 

variability and robustness (e.g., rotating, flipping, or adding noise).

The model selection:

–	 Pick the right YOLO variant based on the computational capabilities and 
performance needs.

–	 Think about adjusting aspects of the YOLO architecture, such as anchor box sizes 
or layers, depending on how polyps appear in the medical images.

The model training:

–	 Start the YOLO model with weights that have been trained on a large dataset (like 
COCO) to help improve convergence speed and overall performance.

–	 Fine-tune the model using techniques of transfer learning on the polyp dataset.
–	 Monitor the model’s performance during training with metrics such as mean 

average precision (mAP) to gauge its effectiveness.

The post-processing steps:

–	 Implement non-maximum suppression (NMS) to filter out redundant bounding 
box predictions and retain only the most confident detections.

–	 Adjust confidence thresholds to balance precision and recall based on specific 
application requirements.

Evaluation:

–	 Assess the trained model’s performance on a separate validation set to measure 
its accuracy in polyp detection.

–	 Evaluate metrics such as precision, recall, and F1-score to quantify the model’s 
effectiveness in detecting polyps.

The deployment and integration:

–	 Integrate the trained YOLO model into a deployment pipeline for real-time or 
batch processing of medical images.

–	 Ensure compliance with regulatory standards and ethical guidelines for medical 
AI applications.

https://online-journals.org/index.php/i-joe
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Iterative improvements:

–	 Continuously refine the model based on feedback from medical experts and 
additional annotated data.

–	 Explore advanced techniques such as ensemble methods or domain-specific 
adjustments to enhance detection accuracy and robustness.

In the field of medicine, supervised machine learning techniques utilize estab-
lished image and video datasets for training and testing specialized algorithms. 
Typically, in a dataset of a given size, one portion is dedicated to learning and 
another is reserved for testing. Several datasets are regularly employed in medical 
research. For instance, Table 1 lists some endoscopic image and video polyp datasets 
that are currently available. Based on our study, Kvasir stands out as one of the most 
frequently utilized datasets, featuring a substantial collection of annotated samples, 
which include both ground truth masks and bounding boxes essential for detection, 
localization, and segmentation tasks. Public datasets can be accessed directly; how-
ever, datasets requiring prior permission from their owners can lead to delays due 
to the need for agreement on their usage.

Table 1. Some polyp’s datasets

Dataset Size Availability

Kvasir-SEG [20] 1000 images Public dataset

CVC-ColonDB [29] 380 images Public dataset

ETIS-Larib Polyp DB [30] 196 images Public dataset

CVC-ClinicDB [31] 612 images Public dataset

BKAI-IGH NeoPolyp-Small [21] 1200 images Public dataset

BKAI-IGH NeoPolyp-Large [21] 6630 images Public dataset

PolypGen [32, 33] 1537 images Public dataset

CVC-VideoClinicDB [34] 11954 images Need request

ASU-Mayo polyp database [35] 18781 images Need request

2.3	 The used datasets

In this study, we aimed to train and assess the YOLOv8 model for polyp detection 
using two datasets: KVASIR-SEG [18] and BKAI-IGH NeoPolyp-Small [20]. Merging 
these datasets not only increases the image variety but also enhances the reliability 
and general effectiveness of our findings.

The KVASIR-SEG dataset was employed for tasks involving detection, localiza-
tion, and segmentation. As demonstrated in Figure 3, we present examples of images 
alongside their ground truth data and corresponding detections. This dataset was 
specifically designed to support transparent and reproducible research.

The Kvasir-SEG dataset comprises a well-annotated collection of images 
meticulously verified by seasoned medical professionals, particularly endosco-
pists. It includes various classes that display anatomical landmarks, pathological 
conditions, and endoscopic techniques within the GI tract. Each class contains 
hundreds of high-quality images, making the dataset suitable for image retrieval, 
machine learning, deep learning, and transfer learning applications. The images 
and their associated ground truth data serve well for segmentation tasks, while the 
bounding box information facilitates detection endeavors.
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Anatomical landmarks featured in the dataset include the Z-line, pylorus, and 
cecum, as well as pathological conditions such as esophagitis, polyps, and ulcerative 
colitis. Also included are images connected to lesion removal procedures such as 
“dyed and lifted polyp” and “dyed resection margins.”

Image resolutions vary from 720 × 576 to 1920 × 1072 pixels and are organized 
into distinct folders based on content. Certain images contain a green picture-in- 
picture overlay illustrating the endoscope’s position and settings within the bowel, 
utilizing an electromagnetic imaging system (ScopeGuide, Olympus Europe) to 
enhance image interpretation (see Figure 2). While this supplementary information 
can support further investigations, care must be taken to ensure accurate detection 
of endoscopic findings.

This dataset is readily accessible for research purposes and can be downloaded 
via the following open-access link: https://datasets.simula.no/kvasir-seg/.

Fig. 2. Annotated masks and bounding boxes from the Kvasir-SEG dataset [19]

The BKAI-IGH NeoPolyp-Small dataset, which is publicly available (https://www.
kaggle.com/c/bkai-igh-neopolyp/), consists of 1200 images. It is split into a training 
set with 1000 images and a test set containing 200 images. Polyps in this dataset are 
categorized as neoplastic (indicated by the color red) or non-neoplastic (indicated by 
the color green). This dataset is suitable for both polyp segmentation and detection 
tasks, and it also provides insights for identifying the neoplastic characteristics of 
polyps (see Figure 3).

The BKAI-IGH NeoPolyp-Small dataset was created through a partnership 
between BKAI, Hanoi University of Science and Technology, and the Institute of 
Gastroenterology and Hepatology (IGH) in Vietnam.

Fig. 3. Samples from the BKAI-IGH NeoPolyp-small dataset
Notes: Original images are shown in the first row. The second row shows the ground truths for polyp 
segmentation. The ground truths for neoplasm segmentation are shown in the third row. The undefined 
polyps are shown in yellow [21].
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2.4	 Material and method

The YOLOv8 model brings several cutting-edge features that significantly boost 
its object detection performance. Notably, it introduces a revamped backbone 
network structure and anchor-free localization, which contribute to more effi-
cient NMS. Additionally, the model includes a new loss function and replaces the 
previous C3 module with the C2f module. This enhancement allows the model to 
integrate outputs from two 3 × 3 convolutions using residual connections, rather 
than relying solely on the last bottleneck output. The design has also upgraded the 
initial 6 × 6 convolution in the backbone to a more streamlined 3 × 3 convolu-
tion block. YOLOv8 comes in five different sizes: YOLOv8n (nano), YOLOv8s (small), 
YOLOv8m (medium), YOLOv8l (large), and YOLOv8x (extra-large). For this study, we 
chose the YOLOv8n due to its simplicity, effectiveness, and the available resources 
(see Figure 4).

2.5	 The data preparation

Fig. 4. YOLO V8: model architecture including backbone and head [36]
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To set up the environment for our dataset in a format that works well with the 
YOLOv8 algorithm, we can repurpose some existing configuration files and tweak 
them as necessary. This method can simplify the process of preparing our dataset 
for YOLOv8.

The dataset configuration. The initial step is to create the dataset configura-
tion file, named polyp.yaml. This file should outline the following parameters:

–	 Path train: Specify the training dataset path, which should point to a YAML file 
that includes the image paths and their respective labels.

–	 Path value: Indicate the validation dataset path, as well as a YAML file that 
contains the image paths and labels.

–	 Path test: Provide the testing dataset path, again a YAML file with the image paths 
and labels.

–	 Number of classes (NC): In our case, nc = 2, as the classes are defined as ‘polyp’ 
and ‘not-polyp’.

–	 List names (ln): Include a list of the class names.

The data annotation. In the next phase, we focus on data annotations, which 
involve labeling a dataset to create a collection of data enriched with extra infor-
mation, usually added by humans for added context and insight. These annotations 
can appear in various forms, including text tags, semantic labels, or visual cues, 
and they play a crucial role in helping machine learning algorithms comprehend 
the data better and enhance prediction accuracy. For our study, we utilized colo-
noscopy images that were labelled with bounding boxes around polyps, employing 
Roboflow’s annotation tools [37]. Roboflow is an intuitive online platform designed 
for creating and managing annotation datasets specifically for computer vision 
tasks. It offers an easy-to-use interface that enables users to upload and label their 
images effortlessly. Once the annotations were finalized, we exported the data into a 
format compatible with the YOLOv8 machine-learning framework.

The data augmentation. Data augmentation is a widely used technique in 
machine learning that enhances the training dataset’s size by applying various trans-
formations to the existing data. This approach can significantly boost the perfor-
mance of a model, particularly when the available training data is scarce. Moreover, 
data augmentation plays a vital role in mitigating overfitting, a scenario where the 
model becomes overly attuned to the training data and struggles with new, unseen 
information. By introducing variations—such as rotating or flipping images—data 
augmentation compels the model to generalize and recognize relevant patterns for 
the task, rather than merely memorizing the specific examples encountered during 
training. An illustrative example of data augmentation can be seen in Figure 5.

Fig. 5. Examples of the data augmentation visualization using horizontal and vertical flips

Training the model. During the model-training phase, we employed the 
task-aligned assigner from task-aligned one-stage object detection (TOOD) [38] to 
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distribute positive and negative samples. This method identifies positive samples by 
assessing a combination of weighted scores based on both classification and regres-
sion metrics, as outlined in equation (1).

	 t = sa‧ub	 (1)

To implement object detection, we adopted a stratified approach to distribute the 
dataset effectively. In this context ‘s’ represents the predicted score for each detected 
class, while ‘u’ indicates the intersection over union (IoU) between the predicted 
and ground truth bounding boxes. The model features distinct branches dedicated 
to classification and regression tasks, with α and β controlling their influence on the 
anchor alignment metric.

For our dataset, we divided it into training, validation, and test sets to maintain a 
consistent class distribution. Specifically, 70% of the total dataset was designated for 
training, with the remaining 20% for validation and 10% for testing. We utilized the 
Google Colaboratory cloud platform [39] for model training, which provides robust 
GPU capabilities and requires no extensive setup. The dataset was conveniently 
downloaded onto Google Colaboratory via a Roboflow-generated zip folder.

The YOLOv8 PyTorch implementation employed specific parameters during 
training, with the model trained over 35 epochs at an image resolution of 640 × 640. 
Throughout the training process, we assessed the model’s performance on the val-
idation dataset using mAP as our primary metric. Additionally, visual inspections 
of the model’s predictions were conducted to enhance our understanding of its 
performance. Upon completion of the training, the model was evaluated on a sep-
arate test set, using the same evaluation metrics as the validation phase. This thor-
ough evaluation process ensured that the model was not overfitting the training 
data and maintained its effectiveness on unseen data.

3	 RESULTS AND ANALYSIS

3.1	 Used metrics

In this study, we utilized four key metrics to assess the performance of the polyp 
detection models: precision, recall, accuracy, and F1 score. These metrics rely on 
the counts of true positives (TP), false positives (FP), true negatives (TN), and false 
negatives (FN).

The TP metric indicates the number of polyps accurately detected in the images. 
In contrast, the FP metric counts the non-polyp items mistakenly labelled as polyps. 
The TN metric reflects the correct identification of non-polyp objects, while the FN 
metric accounts for polyps that went undetected by the model.

Precision is defined as the ratio of true positive predictions to the total number 
of positive predictions, whereas recall measures the proportion of TF that the model 
correctly identified from the overall actual positive samples. Below are the formulas 
for calculating precision and recall, given in (2) and (3), respectively:

	 precision
TP

TP FP
�

�
���
( )

	 (2)

	 recall
TP

TP FN
�

�( )
	 (3)
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Accuracy serves as a vital performance metric that calculates the ratio of correct 
predictions made by a model in relation to the total predictions made (4):

	 Accuracy
TP TN

TP FN TN FP
�

�
� � �

	 (4)

The F1 score represents a balance between precision and recall by averaging 
them through the harmonic mean, considering both FP and FN in the process. The 
formula for calculating the F1 score is illustrated below (5):

	 F
precision recall

precision recall
score
1 2�

�
*� 	 (5)

The mAP evaluates the effectiveness of a system in retrieving relevant items 
based on a user’s query. This metric is determined by averaging the precision scores 
at different recall levels (6):

	 mAP AP

k

k n

k
�

�

�

�
1

	 (6)

3.2	 Results and discussion

The research focused on creating a polyp detection model utilizing a specially 
designed dataset. This model demonstrated outstanding capabilities, reaching a 
mAP of 96.6%. This impressive score suggests it effectively identifies polyps within 
the dataset. In addition, Figure 6 illustrates various components of the training 
evaluation metrics.

Fig. 6. The training results (x-axis: epochs)
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Figure 6 presents the graphs illustrating the bounding box loss (box_loss), clas-
sification loss (cls_loss), and deformable convolution layer loss (dfl_loss) for both 
training and validation datasets. The bounding box loss during prediction quantifies 
the difference between the predicted bounding box and the actual one. Essentially, 
a lower box loss indicates that the algorithm is more proficient at predicting a 
bounding box that closely aligns with the actual one. The deformable convolution 
layer loss represents a recent enhancement in the YOLO architecture, specifically in 
YOLOv8. This loss quantifies errors within the deformable convolution layers, which 
are tailored to boost the model’s capacity to detect objects across a variety of scales 
and aspect ratios. A reduced “dfl_loss” signifies that the model excels at managing 
variations in object shapes and appearances. Classification loss assesses the accu-
racy of the predicted class p probabilities for each object in the image against the 
ground truth. A lower “cls_loss” indicates heightened accuracy in class prediction. 
Notably, the model exhibited marked improvements in precision, recall, and mAP 
after about 20 epochs, with rapid declines in bounding box loss and overall object 
loss observed around the 10-epoch mark. Furthermore, the model achieved impres-
sive average precision and recall rates of 96% and 92.9%, respectively, highlighting 
its robustness in identifying objects even in challenging conditions. The F1 score, 
recorded at 94.4%, further underscores the model’s strong generalization capabili-
ties, suggesting its proficiency in accurately detecting objects in new, unseen images 
with high precision and recall.

Fig. 7. The precision-recall curve

Figure 7 presents the precision recall (PR) curve for the YOLOv8 model trained on 
our dataset. The graph reveals an impressive balance between precision and recall, 
achieving an impressive mAP@0.5 value of 0.966, which highlights a favorable area 
under the PR curve. These results demonstrate the effectiveness of our approach 
in training an object detection model tailored for a custom dataset. Additionally, 
the findings indicate that the model could be applied in various practical scenarios 
within the targeted domain. The outcomes of this study hold significant value for 
researchers and practitioners who are keen on developing object detection models 
for unique datasets where pre-trained models might not suffice. Table 2 outlines the 
results of our model with and without data augmentation, while Table 3 compares 
the performance of YOLOv7 and YOLOv8.
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Table 2. The performances of yolov8 trained on both Kvasir-seg and Bkai-IGH NeoPolyp-Small datasets

Dataset mAP_50 Precision Recall F1_score

Kvasir-seg without augmentation 89.26% 87.86% 81.21% 84.40%

BKAI-IGH NeoPolyp-Small without 
augmentation

84.89% 94.93% 78.09% 85.69%

Kvasir-seg with augmentation 90.31% 93.39% 76.27% 84.76%

BKAI-IGH NeoPolyp-Small with 
augmentation

88.32% 92.65% 82.79% 87.44%

Kvasir-seg & BKAI-IGH NeoPolyp-Small 
without augmentation

92.03% 91.52% 86.10% 88.72%

Kvasir-seg & BKAI-IGH NeoPolyp-Small 
with augmentation

96.63% 96.00% 92.92% 94.43%

Table 3. Results obtained from validation of YOLOv8 and YOLOv7 models trained  
on both Kvasir-seg and Bkai-IGH NeoPolyp-Small datasets.

Models mAP_50 Precision % Recall % F1_score

YOLOv7 83.72% 86.54% 79.98% 83.13%

YOLOv8 96.63% 96% 92.92% 94.43%

We carried out a comparative analysis of YOLOv8 alongside another well-known 
object detection model, YOLOv7, utilizing a dataset we developed. The findings, sum-
marized in Table 3, indicate that YOLOv8 outshines YOLOv7 in both object detec-
tion and recognition, exhibiting a reduced number of errors. Like its counterparts, 
YOLOv8 was trained using a loss function, but it distinguishes itself as the fastest 
general-purpose object detection model currently available, solidifying its status as 
the leading technology in this domain.

In this study, we trained a YOLOv8 nano model (YOLOv8n) from scratch. 
Inference was performed at a speed of 0.99 milliseconds per image on an NVIDIA 
A100 GPU using TensorRT-optimized weights. This variant was selected due to its 
fast prediction capabilities, making it well suited for real-time polyp detection and 
localization tasks.

3.3	 Comparison

The current state-of-the-art in CRC detection and prediction is typically a 
combination of deep learning models tailored for medical imaging, namely 
segmentation-based CNNs (e.g., UNet, UNet++, ResUNet, or TransUNet) and 
classification models (e.g., ResNet, EfficientNet, or more recently Vision Transformers) 
[40–42]. The models tend to be trained on endoscopic or histopathology images and 
fine-tuned for high sensitivity and specificity in the detection of polyps or tumors.

YOLOv8, while being a general object detection model, has great advantages 
for CRC detection in real-time colonoscopy videos or high-resolution images due to 
its speed (real-time inference, low latency), compact architecture (which eases the 
deployment on low-resource devices), and improved accuracy over previous YOLO 
models (due to anchor-free detection and decoupled head).
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While older models such as UNet-based architectures may offer slightly improved 
pixel-level segmentation performance, YOLOv8 is significantly better at fast and 
accurate localization of CRC-related features, making it highly suitable for real-time 
clinical support during colonoscopy procedures.

4	 CONCLUSION

The use of AI in developing computer-aided diagnosis (CADx) systems, particu-
larly through advanced machine learning and deep learning methods, is proving to 
be invaluable for healthcare professionals aiming to detect medical abnormalities. 
In this study, we applied the YOLOv8 model, which yielded impressive results in 
detecting polyps. To enhance our dataset, we employed two techniques: merging 
the Kvasir_SEG and BKAI-IGH NeoPolyp-Small datasets, alongside data augmenta-
tion strategies. Our evaluation indicates that the YOLOv8 model represents a nota-
ble advancement over earlier YOLO versions, demonstrating competitive accuracy 
and speed when placed alongside other leading object detection models. However, 
it is important to note that implementing a YOLO-based deep learning system poses 
challenges, including significant storage requirements, computing power, and time 
commitments for deployment. Moving forward, our focus will be on improving both 
the model’s speed and accuracy and developing practical applications in the med-
ical field.

In future work, we aim to extend this system for real-time video-based colonos-
copy analysis to assist doctors during live procedures.
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