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ABSTRACT

Deep learning has made brilliant achievements in detecting colonic polyps in colonoscopy
videos in recent years. However, the detection of colonic polyps in colonoscopy videos is
problematic because of the complex environment of the colon and the various shapes of polyps.
Therefore, researchers need to spend a lot of time searching for real-time detection systems with
good performance and that are suitable for the current equipment and working environment.
This paper aimed to investigate the polyp detection potential of the state-of-the-art deep learning
model You Only Look Once version 7. We implemented, trained, and tested the polyp detection
model using open public datasets: Kvasir-Seg, CVC-ClinicDB, CVC_ColonDB, and ETIS-
LaribPolypDB. Validation of the test set utilizing Recall, Precision, F1 Score, and Average
Precision (AP) showed that the model achieved the highest performance on CVC-ClinicDB with
83.3% Recall, 80.6% Precision, 81.9% F1 Score, 75% AP@0.5, 51.8% AP and the mean
processing time per frame was 20 ms. The automatic polyp detection model exhibited good
performance, as evidenced by the high detection sensitivity and rapid processing. This model can
help endoscopists improve polyp detection performance during the colonoscopy procedure.
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1. INTRODUCTION

Colorectal cancer (CRC) is one of the most common causes of cancer-related death
worldwide for both men and women. Colonoscopy is considered the gold-standard
investigation for colorectal cancer screening. The studies indicated that colonoscopy was
associated with a 60% reduction in CRC mortality [1] and a 70% reduction in late-stage
CRCs [2]. Colorectal polyp is one of the significant causes of gastroenterology, which
leads to colorectal cancer. Colorectal polyps are tissue growth from a mucous membrane,
projecting itself into the intestine lumen. Polyp detection is vital for cancer prevention
since early-stage detection significantly increases the chance of an effective treatment.
Accurate detection of polyps is the most critical issue during a colonoscopy. The polyp
detection rate is an essential quality indicator during colonoscopy. Therefore, increasing
the polyp detection rate for adequate CRC screening via colonoscopy is vital. However,
accurate polyp detection is difficult because of 1) the various sizes and shapes of polyps,
bowel preparation quality, the time dedicated to mucosal inspection during withdrawal,
and 2) the experience of the colonoscopist. It is reported that a polyps detection miss-rate
of up to 20% - 24% puts patients at a high risk of death from CRC [3]. This presents an
opportunity to leverage computer-aided (CAD) systems to detect polyps automatically,
supporting clinicians and reducing the number of polyps missed.

Polyp detection in colonoscopy images refers to the process of identifying and

122 L. T. T. Hong, ..., L. A. Dung, “Real-time detection of colon polyps ... using YOLOv7.”



Research

locating polyps using computer vision and image analysis techniques. During a
colonoscopy, the camera captures real-time images of the colon. Polyps can vary in size,
shape, and color, making their detection challenging for physicians. Therefore, CAD
systems have been developed to assist in identifying polyps and improve the accuracy of
diagnosis. Polyp detection in colonoscopy images aims to assist medical professionals by
highlighting potential polyp regions for further examination. This can help reduce the
risk of missed polyps and improve the overall effectiveness of colon cancer screening.
Figure 1 is an example of polyp detection in colonoscopy images present in the Kvasir-
Seg [4] dataset.
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i

Figure 1. Examples of polyp detection on colonoscopy image.

Automatic polyp detection systems using deep-learning methods have been proposed
for detecting colorectal polyps in real-time colonoscopy videos [5-7]. Despite the
optimistic results of previous studies, further investigations are necessary to show the
generalizability of deep-learning algorithms. Single-stage detectors and two-stage
detectors are two commonly used approaches in the field of object detection in computer
vision. Single-stage detectors are object detection models that directly predict bounding
boxes and class labels in a single pass through the input image. Unlike two-stage
detectors, which consist of a region proposal stage followed by a classification and
refinement stage, single-stage detectors perform object detection in a simpler and more
efficient manner. They eliminate the need for generating region proposals, resulting in
faster inference times. One famous example of a single-stage detector is the You Only
Look Once (YOLO) [8] family of models. YOLO models are known for their real-time
performance and have been widely used in real like autonomous driving, surveillance,
and object tracking. In this paper, we investigated the potential of Only Look Once
(YOLDO) [8] in detecting polyps in colonoscopy videos. You Only Look Once (YOLO) is
one famous example of a single-stage detector that divides the input image into a grid
and directly predicts bounding boxes and class probabilities for each grid cell. It uses
anchor boxes of different scales and aspect ratios to handle objects of various sizes and
shapes. YOLO models are known for their real-time performance and have been widely
used in applications like autonomous driving, surveillance, and object tracking. We
implemented the YOLOV7 [16] model for polyp detection. We trained and evaluated the
model with open, public datasets: Kvasir-Seg, CVC-ClinicDB, CVC_ColonDB, and
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ETIS-LaribPolypDB. Our main contribution is that we present a polyp detection system
that utilizes a state-of-the-art single-stage detector network YOLOv7 and evaluates the
performance on multiple public image datasets using standard metrics for object
detection such as Recall, Precision, and Average Precision (AP). This will help
researchers gain insights into the capability of detecting polyps in colonoscopy images
using YOLOvV7. This model demonstrates excellent performance with high accuracy and
fast processing time. This indicates that the model can be used to develop real-time
automated polyp detection systems to assist physicians during endoscopic procedures.

The rest of the paper is organized as section 2 reviews related research. In section 3,
we describe our proposed methodology of polyp detection using YOLOV7 in detail.
Section 4 outlines our experiment settings, experimental results, and discussion. Finally,
in section 5, we summarize and conclude this work.

2. RELATED WORK

Over the past years, researchers have made several efforts to develop CADx
prototypes for automated polyp detection. Most of the prior polyp detection approaches
were based on analyzing the color, texture, shape, or edge information of polyps to
detect polyp regions. More recent approaches have used deep convolution neural
networks for polyp detection.

Conventional polyp detection methods were based primarily on handcrafted features
followed by a separate classifier. The features used for polyp detection are mainly
geometric, including shape, size, and texture information. For example, geometric and
texture features have been utilized in the literature for polyp detection. Tajbakhsh et al.
[9] presented a method based Canny edge detector in each of the three RGB channels.
This is done to produce edge maps, and then oriented patches for each pixel are
extracted to classify them as polyp or non-polyp. Tajbakhsh et al. [10] also proposed a
feature extraction method to extract sub-patch with a 50% overlap and calculate their
average vertically, resulting in a one-dimensional signal. After that, they use DCT
coefficients as a feature for each extracted patch. Finally, they use a two-stage random
forest classifier to label each patch. The author of [11] proposed an automated polyp
detection by using edge cross-section profiles, and a Supported Vector Machine (SVM)
was used for the classification.

Recently, CNN has brought large attention to the computer vision community and
made great progress in various tasks. Similar to other medical imaging applications,
CNN-based approaches have gained much attention in recent years for automating the
feature extraction process to detect polyp regions with unprecedented Precision. In [12],
the authors propose a deep learning-based approach for polyp detection in colonoscopy
images. They use convolutional neural networks to detect and classify polyps
automatically. The model achieves high accuracy and demonstrates the potential of
CNNs for assisting endoscopists in real-time polyp detection. The publication [13]
introduces an ensemble approach for polyp detection in colonoscopy videos. The authors
employ multiple convolutional neural networks in parallel to improve detection
performance. The proposed ensemble model demonstrates enhanced sensitivity and
specificity, highlighting its potential as an assistance tool for endoscopists. Zhang et al.
[14] presented a novel regression-based CNN pipeline for polyp detection during
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colonoscopy. The proposed pipeline was constructed in two parts. A fast object detection
model, ResYOLO, was used to learn the spatial features of colorectal polyps, and then
temporal information was incorporated via a tracker to refine the detection results. Liu et
al. [15] investigated the potential of the Single Shot Detector (SSD) framework for
detecting polyps in colonoscopy videos. Three feature extractors were assessed,
including ResNet50, VGG16, and InceptionV3. They validated this method on the 2015
MICCAI polyp detection challenge datasets and compared it with teams that attended the
challenge, YOLOV3, and the two-stage method, Faster-RCNN. Their results
demonstrated that the proposed method surpassed all the teams in the MICCAI challenge
and YOLOV3 and was comparable with the two-stage method.

These publications reflect the advancements in using computer vision techniques for
polyp detection in different endoscopic imaging modalities. They highlight the potential
of these approaches in improving detection accuracy and assisting endoscopists during
colonoscopy procedures.

3. MATERIALS AND METHODS

3.1. Datasets

To train the models and evaluate their performance, we use publicly available datasets
of polyp images and videos:

- ETIS-LaribPolypDB [19]: This is a dataset of 196 still images extracted from 34
colonoscopy videos. In total, there are 44 examples of different polyps presented in
various sizes and viewpoints. The images have an HD (high definition) resolution of
1225 x 966 pixels. Some images contain two or three polyps, making the total number of
polyp appearances 208.

- CVC-ColonDB [17]: This dataset comprises 300 still images presenting 15 unique
polyps coming from 15 different studies. The images have an SD (standard definition)
resolution of 574x500. In every image, there exists only one polyp.

- CVC-ClinicDB [18]: This contains 31 unique polyps extracted from 29 colonoscopy
videos and presented 646 times in 612 still images with a pixel resolution of 384x288 in
SD (standard definition).

- Kvasir-Seg [4], publicized by Simula Research Laboratory, includes 1000 polyp
images with varying sizes from 332 x 482 to 1920x 1072 and their corresponding
ground truth masks manually annotated by expert endoscopists from Oslo University
Hospital (Norway)

Regarding the type of ground truth provided, three of them provide polyps annotated
with binary masks: CVC-ClinicDB, CVC-ColonDB, and ETIS-Larib. In these cases, we
converted the binary masks into bounding boxes to analyze them with our model (the
procedure is described below in this section). Finally, Kvasir-SEG provides both
segmentation and localization information.

3.2. YOLOV7 for polyp detection

The pipeline presented in figure 2 shows the different phases executed during this
work. The public datasets were used to train and evaluate the polyp detection network.
The images have suffered some preprocessing, where alphanumeric characters were
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removed. Data augmentation was performed on the fly, including vertical flipping,
horizontal flipping, random rotation, random scaling, random shearing, random Gaussian
blurring, random brightness, and random cropping and padding for training the polyp
detector. All the images were labeled with polyp bounding boxes, and last, the data was
split into the train, validation, and test sets. YOLOV7 detectors were trained on the train
and validation sets and evaluated in the test set.
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Figure 2. Polyp detection pipeline.

YOLOI8] is a popular real-time object detection algorithm that revolutionized the
field of computer vision by providing an efficient and accurate approach to detecting
objects in images and videos. The main idea behind YOLO is to treat object detection as
a regression problem, where a single neural network is trained to directly predict
bounding boxes and class probabilities from input images. This is in contrast to
traditional object detection algorithms that use complex multi-stage pipelines. YOLO
achieves real-time performance by making predictions on the entire image in a single
pass. YOLO's architecture is presented in figure 3, and it uses a deep convolutional
neural network (CNN) as its backbone. The network takes an input image and processes
it through multiple convolutional layers to extract features at different spatial scales.
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Figure 3. YOLO Architecture from the original paper [8].

YOLO divides the input image into a grid of cells. Each cell is responsible for
predicting a fixed number of bounding boxes. The spatial dimensions of the grid
determine the size of the predicted bounding boxes. Each grid cell predicts bounding
boxes by regressing their coordinates relative to the cell location. YOLO predicts
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multiple bounding boxes per grid cell, along with their associated class probabilities.
Along with the bounding box coordinates, YOLO predicts the probability of each class
being present in the bounding box. It uses softmax activation to compute the class
probabilities. Since YOLO predicts multiple bounding boxes for each object, it employs
a post-processing step called non-max suppression to remove duplicate detections. This
step keeps only the most confident bounding box for each object based on a threshold
value. YOLO is trained on labeled datasets with annotated bounding boxes. The training
process involves optimizing the network to minimize the error between predicted
bounding boxes and ground truth bounding boxes. It uses a combination of localization
loss (related to bounding box coordinates) and classification loss (related to class
probabilities). Since the first release of YOLO in 2015, it has evolved a lot with different
versions, including YOLO, YOLOv2, YOLO9000, YOLOv3, YOLOv4, YOLOR,
YOLOX, YOLOVS5, YOLOv6, YOLOV7.

In this work, we choose YOLOv7 [16] for polyp detection. YOLOvV7 reformed its
architecture by integrating the Extended Efficient Layer Aggregation Network (E-
ELAN), which allows the model to learn more diverse features for better learning. In
addition, YOLOV?7 scales its architecture by concatenating the architecture of the models
it is derived from, such as YOLOv4, Scaled YOLOv4, and YOLO-R. This allows the
model to meet the needs of different inference speeds.

Computational block Transition “ﬂ*
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T Transition
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Partial Cross Stage Merge
Scaling up width

Figure 4. Compound scaling up depth and width for concatenation-based model [17].
3.3. Evaluation method

The polyp detection accuracy was evaluated as true positive(TP), false positive(FP),
false negative(FN), and true negative(TN). TP, TN, FP, and FN are determined using the
IOU (Intersection Over Union) metric, which is simply the ratio of the intersection area
over the union area of the two bounding boxes. Figure 5 depicts the method for
calculating 10U (Intersection over Union). To be specific, if the IOU between the
predicted polyp bounding box and the ground truth polyp bounding box is greater than or
equal to the threshold, only one TP would be considered per polyp. Any detection that
the 10U between the predicted polyp bounding box and the ground truth polyp bounding
box is smaller than the threshold is counted as FP. The absence of alarm in images with a
polyp was considered a false negative (FN), counting one per polyp in the image that had
not been detected. Regarding images without polyps, we defined them as true negatives
(TN) whenever any output was not provided for this particular image.
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Figure 5. 10U (Intersection Over Union) metric.

We use TP, TN, FP, and FN terminologies to evaluate the performance of the models
in terms of:

Recall (Sensitivity): It measures the ratio of true detection outputs to the total number
of polyps in the test dataset. This metric shows the detection ability of a specific model
and is computed as Eq. (1):

Recall = 100 x i (1)
ecart = TP + FN

Precision: It measures the ratio of true detection outputs to the total number of
predicted outputs, including false alarms. This metric shows the ability of a model to
make correct predictions model and is computed as Eq. (2):

Precision = 100 X —— ()
recision = TP + FP

F1 score: The F1 score is the harmonic mean of Precision and Recall, given by Eq.(3).

Fo—2 Precision * Recall 3)
1= ex Precision + Recall

Average Precision (AP): The average Precision (AP) is a way to summarize the
precision-recall curve (PR curve) into a single value representing the average of all
precisions. From Precision and Recall, we can draw the PR curve for each class. The PR
curve indicates the trade-off between Precision and Recall for different IOU thresholds.
The Average Precision (AP) is the area under the PR curve. A larger area under the
curve implies higher Precision and recall, which signifies a good-quality model. This
work uses 101 Point Interpolation AP, which was introduced by the COCO Detection
Challenge [22]. MS COCO defines AP as mAP@[0.5:0.95], evaluated with loU
threshold ranges from 0.5 to 0.95 at a step frequency of 0.05. In addition, we also use

AP@0.5, where TP and FP are determined using an loU threshold value of 0.5.

Mean Processing Time per Frame (MPT): It is the amount of time a detection
model needs to process a single frame.
3.4. Implementation

We used the Kvasir-Seg dataset to train the polyp detection model and tested the
model using three separate datasets: CVC-ClinicDB, CVC-ColonDB, and ETIS_Labris.
The proposed models are implemented using PyTorch and TensorFlow. All algorithms
have been programmed/trained on a PC with a GeForce GTX 1080 Ti GPU. The
detection network is updated via the Adam optimizer, and the learning rate is set to
0.0001. All the training data is divided into mini-batches for network training, and the
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mini-batch size is set as four during the training stage. The model has trained 100
epochs, and the model generated at the epoch with a max AP value on the validation set
is the final polyp detection model.

4. RESULTS AND ANALYSIS

4.1. Accuracy of YOLOV7 polyp detector

Detection of colonic polyps is a challenging task since they appear in various sizes
and shapes. Meanwhile, in clinical applications, high demand for real-time speed is also
necessary. In this paper, we investigated the YOLOv7 model, which has relatively high
accuracy and fast detection speed. We installed YOLOv7, trained the model using the
KVar-Seg dataset, and then tested the model with various independent datasets. The
values of the loss function and the accuracy of the model during the training process are
shown in figure 6. This figure demonstrates that the model converges very well during
the training process with 100 epochs.

Precision Recall Box Objectness
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0.06 g —e— results
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Figure 6. The model's accuracies and the values of the loss function
during the training process.

Detailed results on different datasets are listed in tables 1, 2, and 3. The threshold in
the tables demonstrated the confidence level of the detected region with polyps.

Table 1. Accuracy of networks with different threshold values
on the ETIS-LaribPolypDB.

0 50 100 o] 50 100

Threshold | Precision (%) | Recall (%) | F1 score (%) | AP@0.5 (%) | AP (%)
0.1 94 67.6 78.6 67 40.8
0.2 72.2 59.7 65.4 54.9 40.5
0.3 735 58.2 65.0 53.8 40
0.4 74.8 56.1 64.1 52.3 38.9
0.5 77.4 4.1 63.7 50.8 38.1
0.6 83.2 48.5 61.3 47.6 36.2
0.7 83.2 48.5 61.3 46.8 35.6
0.8 85.9 43.4 57.7 42.1 32.9
0.9 88.9 32.7 47.8 32.7 26.9
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Table 2. Accuracy of networks with different threshold values on the CVC-ClinicDB.

Threshold | Precision (%) | Recall (%) | F1score (%) | AP@0.5 (%) | AP (%)

0.1 83.3 80.6 81.9 75.2 51.8
0.2 85.1 78.3 81.6 735 50.9
0.3 85.7 76.6 80.9 71.7 50
0.4 86.6 74.8 80.3 70.3 49.3
0.5 86.7 735 79.6 70 48.7
0.6 87.5 70.8 78.3 66.7 47.3
0.7 88 66.8 75.9 63.2 45.4
0.8 88.3 61.4 72.4 58.4 42.6
0.9 91 47.7 62.6 46.1 34.9

Table 3. Accuracy of networks with different threshold values on the CVC-ColonDB.

Threshold | Precision (%) | Recall (%) | F1 score (%) | AP@0.5 (%) | AP (%)

0.1 87.3 80.7 83.9 80.6 46.7
0.2 87.3 80.7 83.9 79.3 46.3
0.3 87.2 79.7 83.3 77.8 45.8
0.4 87.2 77.3 82.0 75.8 45.1
0.5 90.7 74.7 81.9 74.1 44.3
0.6 92.4 73.3 81.7 72.9 43.7
0.7 92.7 72 81.0 71 42.7
0.8 94 67.6 78.6 67 40.8
0.9 98.2 S54.7 70.3 54.5 34.2

From these tables, the following conclusions can be drawn:

- The lower the threshold value, the higher AP and AP@0.5. AP and AP and AP@0.5
decreased along the increased threshold.

- Under the same confidence level of 0.5, the dataset in which the model gets the
worst was ETIS-LaribPolypDB. The low performance in the ETIS-LaribPolypDB
dataset is not surprising, as the authors state in their publication [21] that the dataset
contains images selected to include a high degree of diversity in polyp morphology,
multiple polyps, motion blur, and specular reflections to create a challenging dataset.
Figure 7 presents the accuracy of the YOLOV7 Polyp Detector on different test sets of
the polyp detection model with a confidence level of 0.5, and some detection samples by
the Polyp Detector are shown in figure 8.

100

0 II II II

6
Precision Recall F1 score AP@.5

o O
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2
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W CVC-ClinicDB  m CVC-ColonDB ETIS-LaribPolypDB

Figure 7. Accuracy of YOLOV7 Polyp Detector with threshold = 0.5.
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Figure 8. Polyp detection results of YOLV7 Polyp Detector with threshold = 0.5.

- The YOLOVT7 Polyp Detector achieved the highest accuracy on the CVC-ClinicDB
dataset with 83.3% Recall, 80.6% Precision, 81.9% F1 Score, 75% AP@0.5, 51.8% AP.
The processing time per frame (MPT) is approximately 20 ms. The model achieved the
highest accuracy on the CVC-ClinicDB dataset with 83.3% Recall, 80.6% Precision,
81.9% F1 Score, 75% AP@0.5, and 51.8% AP. In addition, the processing time per
frame (MPT) is about 20 ms. The polyp detector achieved good performance and can be
used for real-time endoscopy applications.

4.2. Comparison of the model's performance with other methods

The polyp detection performance of YOLOv7 was compared with other methods in
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table 4, which includes all published studies reporting bounding-box-based performance
metrics (i.e., comparing predicted bounding boxes against the true bounding boxes of the
ground truth) in at least one of the selected public colonoscopy image datasets. These
data were used then to analyze the performance of various models on the public datasets
included in this study and compare our detection model with them. The table includes
one row for each study experiment with the following information: training set, testing
set, recall, Precision, and F1-score. In general, we can observe that the proposed
YOLOv7 methods significantly improved the detection of true positives and produced
fewer false positives, thus achieving better Precision, recall, and F1 scores.

Table 4. Comparing performance results of deep learning models for polyp detection.

Results
Paper Training Test Precision | Recall scFolre
0) (0)
(%) 0) | g
Park et al., . .
2016 [12] Private Private 85 86 85.5
Brandao et al., CVC-ClinicDB ET::S\'/I(‘:?r'b 3 90 81
2018 [22] +ASU-Mayo ColonDB 80 90 85
Zheng Y.etal., | CVC-ClinicDB+ oA
2018[23] CVC-ColonDg | ETIS-Larib 7 4 76
Tian Y. et al., . )
2019 [24] Private ETIS-Larib 64 74 69
Jia, Xiao, et al. CVC-ColonDB CVC 85 92 88
2020[25] ClinicDB
CVC-ClinicDB ETIS-Larib 64 82 72
Qadir et al ETIS-Larib 86 87 86
" CVC-ClinicDB CVC-
2021 [26] ColonDB 88 91 90
Pacal et al., SUN SUN 96 86 91
2022 PICCOLO PICCOLO 93 80 86
CVC-
roposed ClinicDB 83.3 80.6 81.9
YOLOV? Kvasir-Seg CVC- 87.3 807 | 839
ColonDB
ETIS-Larib 94 67.6 78.6

5. CONCLUSIONS

This paper investigated a YOLOv7 framework-based method for polyp detection in
colonoscopy videos/images. A novel polyp detection framework using YOLOv7
architecture is proposed, which includes three fundamental steps: Data preprocess,
Training model, and Evaluation. Extensive experiments conducted on four public
datasets showed that YOLOv7 models achieved the best detection results of true
positives and comparable F1 scores. Its detection speed especially outperformed all the
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existing methods dramatically. Our results indicated the feasibility of the YOLOv7-
based method to provide complementary information for endoscopists while performing
a colonoscopy procedure. The development of an automatic polyp detection platform
would have a positive impact on future CRC management.
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TOM TAT
Phat hién polyp dai trang thoi gian thue sir dung mang YOLOv7

Trong nhitng nam gan ddy, hoc sdu da dat dege nhitng thanh tuu xudt sdc trong
viéc phat hién polyp truc trang trong video ngi soi dai trang. Tuy nhién, viéc phat
hién polyp truc trang trong video néi soi doi mdt véi nhiéu van dé do méi truong
phwc tap ctia rugt gia va hinh dang da dang cua cac polyp. Do do, cac nha nghzen
ciru can danh nhiéu thoi gzan tim kiém nhwng hé thong phat hién thoi gian thuc voi
hiéu sudt tot va phit hop véi thiét bi, méi truong lam viéc tai cdc co sé'y té. Bai bdo
nay nham muc dich nghién ciru kha nang phat hién polyp cia moé hinh hoc sdu tién
tien YOLOv7. Chung toi da dé xuat mo hinh hoc sau phat hi¢n polyp dwa trén
YOLOv7, cdi dat, hudn luyén va kiém thw mo hinh bang cac bo dir liéu cong khai
dwge sir dung réng rdi trong céng dong nghién ciru: Kvasir-Seg, CVC-ClinicDB,
CVC ColonDB va ETIS-LaribPolypDB. Kiém thit mé hinh sir dung cdc chi sé
Recall, Precision, F1 Score va Average Precision (AP) cho thdy mé hinh dat dwoc
hiéu sudt cao nhat trén CVC-ClinicDB véi ty lé Recall la 83.3%, Precision la
80.6%, F1 Score la 81.9%, AP@0.5 la 75%, AP la 51.8% va thoi gian xu Iy trung
binh moz khung hinh la 20 ms. M6 hinh phat hién polyp dai tmng dé xudt cho hiéu
ndng tot, c6 do nhay cao trong vi¢c phat hién polyp va thoi gian xu Iy nhanh chong
Mb6 hinh nay cé thé sir dung dé xdy dung cdc img dung thoi gzan thyc tro giup cac
bac si ngi soi nang cao ti Ié phat hién polyp trong qua trinh ngi soi dai trang.

Tiwr khoa: Ung thu dai truc trang; Hoc sau; Phat hién déi tugong; Phat hién polyp.
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