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ABSTRACT
Early diagnosis of colorectal cancer focuses on detecting polyps in the colon
as early as possible so that patients can have the best chances for success-
ful treatment. This research presents the optimized parameters for polyp
detection using a deep learning technique. Polyp and non-polyp images
are trained on the InceptionResnetV2 model by the Faster Region Con-
volutional Neural Networks (Faster R-CNN) framework to identify polyps
within the colon images. The proposed method revealed more remarkable
results than previous works, precision: 92.9 %, recall: 82.3%, F1-Measure:
87.3%, and F2-Measure: 54.6% on public ETIS-LARIB data set. This
detection technique can reduce the chances of missing polyps during a pro-
longed clinical inspection and can improve the chances of detecting multiple
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polyps in colon images.

DOI: 10.37936/ ecti-cit.2023171.250910

1. INTRODUCTION

According to the International Agency for Re-
search on cancer’s report on cancer in 2020 [1], col-
orectal cancer was the third (female 0.86 million
cases) and fourth (male 1.06 million cases) cause of
death worldwide. Medical imaging is a crucial tech-
nique that uses for early cancer detection. If any ma-
lignancy is detected, it can be diagnosed and cured
at an early stage, leading to higher rates of suc-
cessful treatment and extending life. Physicians can
carry out early detection via examinations, screening
symptoms, or by using medical imaging (X-ray, Com-
puted Tomography, and Magnetic Resonance Imag-
ing). Medical screening is suitable for both colorectal
and cervical cancer [1]. This process, screening med-
ical images, is ideal for colorectal and cervical cancer
[1]-

Colorectal cancer can early detect by putting a
camera through a patient’s colon to find polyps, ex-
cising them, and curtail the cancer’s growth. Col-
orectal cancer causes by abnormal polyps and can
be detected early by inserting a camera to find evi-
dence of polyps in the intestine. The abnormal polyps
are initially benign, but they might become malig-
nant over time. Colonoscopy screening can help with
early detection by putting a camera through the colon
and will find the suspicious polyp from obtained im-
ages. The camera can be flexible (sigmoidoscopy),

colonoscopy, and wireless camera (wireless capsule
endoscopy). Sigmoidoscopy is a flexible camera that
physicians will put through a patient’s anus to inspect
the colon to look for polyps. However, the camera has
limitations because it can only examine from the rec-
tum to the sigmoid. Next, colonoscopy is like sigmoi-
doscopy but not the same. Colonoscopy can inspect
almost any part of the colon, about 1,200-1,500 mm,
while a sigmoidoscopy can only examine the distal
portion of about 600 mm of the colon [3].

On the other hand, Wireless Capsule Endoscopy
(WCE) [4] is a small camera (capsule size) including
wireless communication, which a patient can swallow
to capture the entire colon. After a patient swallows
a WCE, it will traverse through the digestive tract
for about 8 hours, producing about 50,000 images (2-
3 images per second). Next, a physician will inspect
all very time-consuming and labor-intensive images.
This study aims to develop a deep learning technique
to accurately detect polyp positions in colonoscopy
images from the public dataset. The following three
significant contributions represent the benefits of this
method:

Firstly, an automated detection process can be
beneficial in assisting physicians in discovering polyps
better and reducing their workloads. Furthermore,
this technique can help inexperienced physicians or
medical staff members by offering support.
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Secondly, a proposed deep learning strategy can
solve the problem of variations in the appearance of
the polyps for detecting polyps in the colon images.

Finally, this approach achieved superior perfor-
mance on public datasets for detecting polyps com-
pared to the state-of-the-art methods.

The remainder of this paper organizes as follows:
Section 2 presents work related to polyp detection
and the deep learning technique. Section 3 proposes
the methodology in detail. Section 4 describes the
experimental results and comparisons. Finally, the
conclusion and future works summarize in Section 5.

2. LITERATURE REVIEWS

Many researchers have presented polyp detection
in colon images. The early work was proposed by
Karkanis et al. [5]. Color wavelet transformation was
used to extract polyp information. Linear Discrim-
ination Analysis (LDA) was utilized to classify the
polyps and the non-polyp images. The experimental
results were tested on 1,200 randomly selected images
from 66 patient videos, and the Precision and Recall
values of 99.3% and 93.6% were respectively reported.
However, with large variations in the polyps’ colors,
the Karkanis’ method can only detect some polyp col-
ors. Due to this, the color-based method is sensitive
to lighting conditions. In different light intensities,
the colors of the polyps can truly change. In work [6],
the texture features, the Grey-Level-Co-occurrence,
and the Local Binary Pattern (LBP) were presented
to obtain information on the polyps.

Moreover, the Support Vector Machine (SVM) was
used to classify those features. The study was car-
ried out with 1,736 polyp images, and the area under
the ROV curve reported classification results, which
were found to be 0.96. An edge-based technique was
proposed to detect polyps [7]. The detection algo-
rithm began with applying the Log Gabor filter to
extract the polyp regions. The Susan edge detec-
tor was applied to extract the features of the polyps’
edges. The Log Gabor output and the edge features
were combined as polyp features. The SVM tech-
nique classified these features, and the detection Pre-
cision and Recall were reported at 96.7% and 72.5%,
respectively after 50 polyp images had been evalu-
ated. Li et al. [8] presented a combined wavelet
transform feature and the LBP feature. Polyp images
were classified by SVM. The technique was evaluated
on a dataset with 1,200 images (600 normal and 600
polyp images). The classification accuracy was de-
scribed at approximately 91.6%. Many features were
integrated into the polyp detection technique to im-
prove the performance. In work [9], a combined tech-
nique of many features, such as the Scale Invariant
Feature Transform, LBP, and a Histogram of the Ori-
ented Gradient, was presented. These features were
grouped using the k-mean technique, which can be
called a “bag of features” and classified by SVM and

Fisher’s LDA. Therefore, Li et al. [8] reported the
experimental results were to outperform the method
with 93.20% accuracy, which examined 2,500 images
consisting of 500 polyp images and 2,000 typical colon
images. The deep learning technique was presented
in several works [9, 10, 11] to manage various polyp
information. Deep feature learning is a sub-type of
machine learning that excludes the manual step of
extracting features from the images. The technique
learns features directly from images that load to the
learning algorithm. The advantages of this method
are avoided in the feature extraction step, and clas-
sification accuracy outperforms the previous meth-
ods. However, achieving the performance of the deep
learning techniques depends upon suitable architec-
ture, parameters, and quality images to place into the
networks [12]. Convolutional Neural Network (CNN)
was presented to identify the polyp images in work
[9]. The network architecture consisted of three Con-
volutional layers, three max-pool layers, one feature
layer, and one output layer. The study tested 62 im-
ages of the CVC-CLINIC database [12]. Precision
and recall were reported at 65.7% and 82.7%, respec-
tively. In work [10], CNN based on AlexNet [13] was
proposed. The appearances of the polyps (i.e., their
colors, shapes, and temporalities) were separately ex-
tracted and sent into the proposed network.

Regarding the experimental results, significant im-
provements were reported over the state-of-the-art
techniques, and the number of false alarms was re-
duced. The work of Brandao et al. [14] presented a
fully convolutional neural network of the VGG net-
work [15]. The experimental results reported a de-
tection Precision and Recall of 73.61% and 83.31%,
respectively. The technique was tested on 4,664 polyp
images in three standard datasets: CVC-CLINIC
[12], ETIS-LARIB [16], and ASU-Mayo [17]. With
large variations in the appearance of the polyps, the
textures, shapes, sizes, colors, and environments, in-
cluding light intensity and image quality, are prob-
lematic concerning polyp detection. Some previous
studies have only been able to detect some polyp
types. Moreover, in most studies, the researchers im-
plemented their datasets.

Recently, Shin et al. [18] presented CNN and the
learning process to detect polyps. The research used
image augmentation to place more images into the
training set. The experiments revealed that the tech-
nique had outperformed the previous deep learning
techniques.

Several object detection frameworks exist, such
as the region-based approach, the Region CNN (R-
CNN) [19], the You Only Look Once, and the Single
Shot Detection. Regarding object detection accuracy,
the region-based method has been shown to outper-
form the other techniques, but its detection time is
the slowest [20]. The method has two sub-processes:
1) extracting possible object regions (region propos-
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als) and 2) the detection sub-process. R-CNN has
been modified to reduce detection time by utilizing
Fast R-CNN [21] and Faster R-CNN [22]. Faster R-
CNN, which uses a region proposal network to extract
region proposals, can reduce the object detection time
from 49 seconds to 0.2 seconds per image.

The You Only Look Once (YOLO) [23] technique
separates the image into grid cells. Each grid cell is
classified into an object class with a confidence score.
Any objects with confidence scores that were less than
the threshold were removed. Single Shot Detection
(SSD) [20] is the fastest object detection framework,
and its detection time is 59 frames per second (fps).
In contrast, YOLO and R-CNN spend 45 and 7 fps
to detect object location, respectively. The technique
implements a single deep network by combining the
region proposals and the feature extraction process.
After that, the extracted features are sent through a
classification network to classify the object’s class.

All frameworks can be modified by using an-
other pre-trained network such as Resnet101 [24],
MobileNetV2 [25], GoogleNet [26], InceptionV3
[27], InceptionResnetV2 [28], EfficientNetB0O [29],
Densenet201 [30] and so on to be a based network. Af-
ter that, the framework must choose a feature extrac-
tion layer for transfer learning features to solve a new
problem and might have better outcomes. Therefore,
the work of polyp detection still offers a challenging
problem.

This research presents the most accurate method
for detecting polyps using the Fast R-CNN frame-
work, which is considered suitable for the job in the
medical field that requires high accuracy in diagnos-
ing the discovery polyp. The research uses Inception-
ResnetV2 as a based network because it was found
that the network gave the best results in experiments.

The proposed polyp detection architecture.

3. METHODOLOGY
3.1 Proposed methodology

The proposed technique is based on the Faster R-
CNN framework, as shown in Fig. 1. The architec-
ture receives the image into the network, which per-
forms resizing to 400 x 400 pixels, and then the image
is sent to the region proposal network (RPN) to gen-
erate the region proposals (RP) which may contain
polyps. In this study, 256 region proposals were de-
fined in processing to find polyps in the image. Sub-
sequently, the RPs are dispatched to the classification
layer to distinguish whether the RP is an object.

The RPs are also sent to the regression classifi-
cation layer to predict the location of the found ob-
ject. Finally, objects found will be reclassified at the
fully connected layer to classify again as polyps or
non-polyps. This research utilized the InceptionRes-
netV2 transfer learning model, while the Faster Re-
gion Convolution Neural Network (Faster R-CNN)
[22] framework was used to modify the network to
detect polyps.
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From the introduction section, many pre-trained
networks can be used as a based network. Some
experiments were conducted to determine the best
layer of the InceptionRestnetV2 network [28] for the
feature extraction layer. InceptionRestnetV2 net-
work has a total layer of 164 layers. The experi-
ments were randomly implemented on those layers
such as “blockl_1_ac”, “block2_2_ac”, “block3_3_ac,”
and “block4 4_ac” layers and found that layer
“block17_20_ac” showed the best accuracy. Subse-
quently, the layer was used to fine-tunning for the
best results.

After obtaining the feature extraction layer, an-
chor boxes are defined to determine the possible size
of the polyp. The selection of effective anchor boxes is
important in the training process, which can improve
accuracy and spend less time on parameter tuning.
Anchor boxes are bounding boxes that define object
size, width, and height to be detected. During train-
ing, predefined anchor boxes are placed all over the
image. It then predicts the object found in the po-
sition of the anchor box. The predictions will be re-
fined to the ground truth object position as much as
possible.

This study experimentally determined the number
of anchor boxes, for example, 3, 6, 9, 12, and 15,
for each feature map in the feature extraction layer.
The number of anchor boxes at 12 reported the best
performance. There are anchor boxes of sizes 16, 32,
64, and 128. Each box has other box aspect ratios of
2 and 0.5 for 12 boxes, as shown in Fig. 2.

3.2 Model learning and Implement

In the proposed object detection algorithms, the
loss function is based on [21] consisting of the sum
of the object localization (loc) and object classifica-
tion (cls). Most object detection algorithms use the
Intersection of Union (IoU) to determine the degree
of overlap between the predicted box and the ground
target box. The loss function is formulated as follows:

L({pi},{ti}) = Leis + A x Lioe

L Ly i 2

cls — m ie1 clsloss(pzapi) ( )
1 N

Lipe = — . prre ti, t;,k 3

Nioc Zl:l 9( : ?)

Where X denotes the weight term to balancing be-
tween Lgs and Ljoe, Neg is the number of classes.
Nioc is the number of object locations, p;, and p;

represent the classes confidences of anchor i and the
label of target box i, respectively, ¢; and ¢; denote the
localization vectors of the prediction box and target
box, consisting of central point coordinate (cx, cy)
and box’s width and height (w, h). The classification
loss Lejsioss is 1og loss over two classes (object vs. not
object). The term p} L,., means the regression loss
is activated only for the positive anchor (pf=1) and
disabled otherwise (p;=0). The outputs of the cls
and reg layers consist of {p;} and {¢;}, respectively.

As mentioned above, in this work, the state-of-the-
art CNN network, InceptionResnetV2, pre-trained on
ImageNet [13], is transferred to learn polyp feature
representations from the labeled training data. For
the network architecture, all the layers were copied
from the InceptionResnetV2 model to a target net-
work except the last fully connected layer. Then the
last fully connected layer was modified for adapting
the CNN model to the polyp classification task by
replacing the last fully connected layer (intended for
1000 classes) with a new fully connected layer for the
two classes, polyps, and non-polyps. Next, the initial
CNN filter weights derived from the natural images
were then fine-tuned (optimized) using the training
data, i.e., the polyp images and corresponding bound-
ing boxes through back-propagation.

To minimize the loss function, the stochastic gra-
dient descent (SGD) method, which calculates a ran-
dom subset of training examples, was used to esti-
mate the mean gradient for all the training examples.
The learning rate was set to 0.001, and the momen-
tum was 0.9. In general, the early layers of a CNN
learn low-level image features, which apply to most
vision tasks, but the late layers learn high-level fea-
tures specific to the application at hand. Therefore,
fine-tuning the last few layers is usually sufficient for
transfer learning.

However, because the distance between images in
ImageNet [13] and polyps are significant, therefore in
our work, fine-tuned early layers have been employed
as well. The algorithm starts from the last layer and
then incrementally includes more layers in the updat-
ing process until the desired performance is reached.
The study set the overlap value between the polyp
prediction location and target box (ground truth) to
more than 0.6, and if the overlap value is less than
0.3, it will be defined as non-polyps.

4. EXPERIMENTAL RESULTS

The experiments were conducted on publicly avail-
able polyp datasets. The research used ETIS-LARIR

Table 1: Information about public data sets used in this study.
Dataset Polyp Image | Resolution | Purpose Download link
CVC-Clinic 612 384 x 288 | Training | https://polyp.grand-challenge.org/CVCClinicDB/
Kvasir 1000 720 x 576 | Training https://datasets.simula.no/kvasir/
ETIS-LARIR 196 1255 x 966 | Testing https://polyp.grand-challenge.org/EtisLarib/




An Optimized Transfer Learning for Polyp Detection

[16] for testing the model, while the training of the
model was performed on the CVC-CLINIC [12] and
the Kvasir [31]. Detailed information for each data
set, such as the number of images, image resolutions,
and the purpose of use, is given in Table 1.

Due to the different image sizes in the dataset, im-
ages were resized into fixed dimensions with a spatial
size of 400 x 400 before feeding the network.

The research applied image augmentation to over-
sampling the data set to reduce the chance of overfit-
ting on our model and increase robustness.

Training images were applied augmentation tech-
niques: random rotation between -30 degrees and 30
degrees, zooming in of 1 to 1.2x for small polyps and
zooming out of 0.8x to 1 for large polyps, translation
in x, y direction between 0 and 20 pixels and shearing
in x- and y-axis between 0 and 15 pixels followed by
centering the polyp.

All experiments in this study were done on a Win-
dow 10 machine. The features of the computer used
for training and testing the deep learning model are
an Intel Core i7-10700 (2.9 GHz) processor, 32 GB
DDR4 RAM, and a single NVIDIA GeForce GTX
1080 graphic card. MATLAB R2022b (Trial version)
Experiments have been conducted with image pro-
cessing and deep learning toolboxes.

Training a network with a pre-trained network is
more advantageous than training from scratch. More-
over, a deep learning model needs a large data set to
train and gain good classification accuracy. Transfer
learning is a machine learning method that is used to
transfer the knowledge gained during training in one
type of problem to a different area or related task.
Fine-tuning, a concept of transfer learning, also in-
cludes improvements to the hyper-parameters to en-
sure the network has the best performance.

Optimization algorithms, also known as optimiz-
ers, are the main approach to minimizing the error
rate in training deep learning models. Two basic
approaches are used to determine the effectiveness
of optimizers: speed of convergence, the process of
reaching a global optimum for gradient descent, and
the ability to generalize the model’s performance on
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new test data. This research used two optimizers,
Adam [32] and SGD [33]. In the experiment results,
The SGD optimizer performs better than the Adam
optimizer in both training and generalization crite-
ria in the data set (CVC-ClinicDB and Kvasir). In
addition, by providing hyper-parameter optimization
with the help of an optimal selection of values, such
as learning rate and momentum, the SGD optimizer
was used in this work due to its better performance.
Precision and recall are used to evaluate the ef-
fectiveness of the proposed model. F1-Measure and
F2-Measure were employed to balance missed polyps
and false alarms. Precision is used to measure the
predicted positive observation of the predicted obser-
vations in a positive class and is formulated as:

TP
TP+ FP’ )

True positive (TP) indicates the predicted bound-
ing box falls into the ground truth of the polyp. False
positive (FP) denotes the predicted bounding box
falling outside the ground truth of the polyp.

A recall is evaluated the proposition of positive ob-
servations that are correctly classified, which is for-
mulated as follows:

Precision =

TP
TP+ FN (5)
False negative (FN) indicates no predicted bound-
ing box, but the frame contains a polyp.
The F-Measure (F1, F2) value calculates the har-

monic weight of precision and recall, which is formu-
lated as:

Recall =

Pl 2 x Precision x Recall

Precision + Recall (6)
_5X Precision x Recall

Fl=
4 x Precision + Recall

(7)

Fig. 3 shows examples of the polyp detection re-
sults in the ETIS-LARIB images. Polyps are detected
with yellow boxes and are labeled as polyps. The
evaluation methods used were precision and recall,

Table 2: A comparison of the proposed method as compared to other pre-trained networks.

Method TP | FP | FN | Precision | Recall | F1 F2 | Speed

(0) (%) | (%) | (%) | (ms.)
faster r-cnn + VGG16 107 | 17 | 85 86.3 55.7 | 67.7 | 42.3 | 9377
faster r-cnn + VGG19 112 | 11 | 80 91.1 58.3 | 71.1 | 444 | 1421
faster r-cnn 4+ Squeeznet 72 | 71 | 120 50.3 375 | 43.0 | 26.9 379
faster r-cnn + Resnet50 102 | 26 | 90 79.7 53.1 63.8 | 39.8 | 2722
faster r-cnn + Resnet101 83 18 | 109 82.2 43.2 56.7 | 35.4 | 6985
faster r-cnn 4+ GoogleNet 87 | 30 | 105 74.4 45.3 | 56.3 | 35.2 | 1488
faster r-cnn + MobileNetV2 100 | 17 | 92 85.5 52.1 | 64.7 | 40.5 | 2331
faster r-cnn + InceptionV3 145 | 22 | 47 86.8 75.5 | 80.8 | 50.5 | 2012
faster r-cnn + InceptionResnetV2 | 158 | 12 | 34 92.9 82.3 | 87.3 | 54.6 410
(Proposed method)
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F1-Measure, and F2 Measures, as shown in equations
4,5, 6, and 7, respectively.

The proposed method was compared with the
Faster R-CNN framework but changed the pre-
trained networks such as VGG19, GoogleNet, Mo-
bileNetV2, and InceptionV3 to evaluate the perfor-
mance, as shown in Table 2. All methods were trained
with the CVC-ClinicDB and Kvasir to make a fair
performance comparison.

Fig.3: FEzamples of the polyp detection results.

For evaluation, ETIS-LARIR was used for testing.
Furthermore, other parameters used in the training
process were used the same such as activation func-
tion, loss function, augmentation techniques, number
of epochs, learning rate, and optimizer. The model
evaluation used the IOU threshold of 0.6, batch size
of 1, and confidence threshold of 0.5. The proposed
method located at the end of the table shows the best
polyp detection result, in which the precision, recall,
F1- Measure, and F2-Measure were 92.9%, 82.3%,
87.3%, and 54.6%, respectively.

Table 3 shows a comparison of the proposed
method with other state-of-the-art methods. All
methods were tested on the same dataset, ETIS-
LARIR, which has 196 images. Some methods were
reviewed in the 2015 MICCAI challenge [12]. The
top three results were selected: CUMED and OUS,
and these teams used CNN-based end-to-end learning

for the polyp detection task. CUMED (Department
of Computer Science and Engineering, Chinese Uni-
versity of Hong Kong) employed a CNN-based seg-
mentation strategy [16] where pixel-wise classifica-
tion was performed with ground-truth polyp masks.
The OUS (Oslo University Hospital, OUS Norway,
University of Oslo) team adopted the AlexNet CNN
model [12] along with the traditional sliding win-
dow approach for patch-based classification [12]. The
UNS-UCLAN (School of Engineering, University of
Central Lancashire, Preston, UK, and University of
Nice-Sophia Antipolis, Nice, France) team utilized
three CNNs for feature extraction of different spa-
tial scales and adopted one independent Multi-Layer
Perceptron (MLP) network for classification [12]. In
addition, other research using the same framework
(Faster R-CNN, R-CNN) was compared, for example,
Shin et al. [18], Kang et al., 2019 [34] and Sornapudi
et al., 2019 [35].

From the results presented in Table 3, the pro-
posed method outperforms other methods in all eval-
uation terms (precision, recall, F1, and F2-Measure)
except the speed, which takes detection time than any
other methods of 450 milliseconds per image. There
is far from success in real-time performance because
the study is a two-stage approach.

Although computational time is expensive and
cannot be used in real-time processing, polyp de-
tection work is medical work that requires high ac-
curacy. A processing time of about a half second
per image is still acceptable. Although the proposed
method shows a more accurate polyp detection rate
than other methods, there are still some errors. It
was found that the localizations of the sessile polyp,
a type of polyp that protrudes to a lesser degree out
of the colon, are often missed, as shown in Fig. 4.

Another problem was that the technique had lo-
cated polyps in bigger regions than polyp size and
had located some parts of the polyps, as shown in
Fig. 4.

Table 3: A comparison of the proposed method as compared to other state-of-the-art methods.

Method Method TP | FP | FN | Precision | Recall | F1 F2 | Speed
(%) (%) | (%) | (%) | (ms.)
CUMED [12] CNN 144 | 55 64 72.3 69.2 70.7 | 44.2 200
OUS [12] CNN 131 | 57 " 69.7 63.0 | 66.1 | 41.4 | 5000
Shin et al. [18] Faster R-CNN | 148 | 14 60 914 71.2 80 | 50.0 390
Kang et al. [34] Mask R-CNN | n/a | n/a | n/a 73.8 734 | 741 | n/a | n/a
Sornapudi et al. [35] R-CNN 167 | 62 | 41 72.9 80.3 | 76.4 | 47.8 | 317
Qadir et al., 2019 [36] | Mask R-CNN | n/a | n/a | n/a 80.0 72.6 | 76.1 | n/a | 430
Jia et al. [37] Faster R-CNN | 170 | 96 | 38 63.9 81.7 | 71.7 | 44.8 | n/a
Qadir et al., 2021 [3§] F-CNN 180 | 28 28 86.5 86.1 86.3 | 54.1 39
Proposed Method Faster R-CNN | 158 | 12 34 92.9 82.3 | 87.3 | 54.6 410
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Fig.4: Some examples of polyps that missed detec-
tion.

5. CONCLUSIONS

In this research, the Faster R-CNN framework and
InceptionResnetV2 network, the two-step approach,
were used for automatic polyp detection. The ex-
perimental results showed a higher accurate detec-
tion of polyps than previous methods. This research
presented optimized parameters such as activation
function, loss function, augmentation techniques, and
training model options to have a high polyp detection
accuracy.

The future work might be changed to the large
pre-trained networks, such as EffienceNet, DenseNet,
and NASNet that the accuracy may improve. In ad-
dition, the pre-trained networks used are not related
to the medical image (ImageNet). If used pre-trained
on medical images may improve the polyp detection
accuracy.

The Faster R-CNN technique is time-consuming
(17 fps) for locating polyps. Future research might
employ other techniques, such as SSD and YOLO, to
improve the localization speed.
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