
applied  
sciences

Article

Region-Based Automated Localization of
Colonoscopy and Wireless Capsule Endoscopy Polyps

Sudhir Sornapudi 1 , Frank Meng 2 and Steven Yi 2,*
1 Currently at Missouri University of Science and Technology, Rolla, MO 65401, USA; ssbw5@mst.edu
2 Xyken LLC, McLean, VA 22102, USA; fmeng@xyken.com
* Correspondence: syi@xyken.com; Tel.: +1-703-288-1601

Received: 12 April 2019; Accepted: 4 June 2019; Published: 13 June 2019
����������
�������

Abstract: The early detection of polyps could help prevent colorectal cancer. The automated detection
of polyps on the colon walls could reduce the number of false negatives that occur due to manual
examination errors or polyps being hidden behind folds, and could also help doctors locate polyps
from screening tests such as colonoscopy and wireless capsule endoscopy. Losing polyps may result
in lesions evolving badly. In this paper, we propose a modified region-based convolutional neural
network (R-CNN) by generating masks around polyps detected from still frames. The locations of the
polyps in the image are marked, which assists the doctors examining the polyps. The features from
the polyp images are extracted using pre-trained Resnet-50 and Resnet-101 models through feature
extraction and fine-tuning techniques. Various publicly available polyp datasets are analyzed with
various pertained weights. It is interesting to notice that fine-tuning with balloon data (polyp-like
natural images) improved the polyp detection rate. The optimum CNN models on colonoscopy
datasets including CVC-ColonDB, CVC-PolypHD, and ETIS-Larib produced values (F1 score, F2 score)
of (90.73, 91.27), (80.65, 79.11), and (76.43, 78.70) respectively. The best model on the wireless capsule
endoscopy dataset gave a performance of (96.67, 96.10). The experimental results indicate the better
localization of polyps compared to recent traditional and deep learning methods.

Keywords: colonoscopy; wireless capsule endoscopy; polyps; localization; segmentation;
deep learning

1. Introduction

Colorectal cancer (CRC) is the third most lethal cancer both in men and women in the United
States. It is estimated that about 14,600 new cases of colon and rectal cancer would be diagnosed in
2019, and it is expected to cause about 51,020 deaths. The risk of developing the cancer in men is
about one in 22 (4.49%), and in women, it is about one in 24 (4.15%) [1]. CRC is prevalent in the large
intestine of the lower gastrointestinal (GI) tract. It begins as a small, benign growth of glandular tissue
on the inner lining of the colon that is called adenomatous polyps (adenomas). Over time, some of
these polyps may become malignant and result in colon cancer. These cancerous cells can then grow
into lymph vessels or blood vessels that can reach distant body parts and ultimately lead to death.

The early detection and prevention of CRC is often done through regular screening [1]. Doctors
can easily treat small polyps that have not spread. They can even remove them before they turn
into a cancerous growth. Colonoscopy is the gold standard tool for colon screening [1]. During the
screening, physicians look at the video samples extracted with a colonoscope, which is a long flexible
tube that is mounted with small camera, and then put in through the rectum and into the colon.
Colonoscopy may pose a risk of tear in the rectum wall or colon. There are other alternatives, which are
less invasive to patients, such as Computed tomography (CT) colonography and wireless capsule
endoscopy. CT colonography uses X-ray equipment for the examination. Due to limited resolution,
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CT colonography has a lower detection rate on small lesions [2]. Wireless capsule endoscopy (WCE) is
another screening methodology of the colon to detect colon polyps. This procedure uses a capsule that
has a small wireless video camera to capture the GI tract and transmit the frames to a recorder that
is worn on a belt around the waist. The capsule is swallowed, and screening is performed from the
observed recordings. The only limitation is the huge time consumption for the screening, since the
recorded videos can be 8 h long. Despite clinicians’ skills, some polyps are missed due to their size
variations and some being hidden in the folds of colon walls. This may lead to the detection of lesions
as non-cancerous, resulting in misdiagnosis and leading to a lower survival rate of less than 10% [3].

Advances in medical imaging analysis have led to cooperation between clinicians and computer
researchers to automate detection, analysis, and validation with computer-aided support for CRC
diagnosis. The automated detection of polyps in colonoscopy and capsule endoscopy videos has been
an active area of research. Various methodologies have been proposed for automatic polyp detection
in colonoscopy and WCE. Most of the approaches were based on handcrafted feature descriptors,
including texture, color, and shape [4–7]. In recent years, deep learning approaches have been
incorporated to further enhance the accuracy of detection and segmentation [8–20]. Since colonoscopy
is the gold standard for polyp screening, more literature with colonoscopy can be found compared to
wireless endoscopy.

There are various challenges in the automated detection of polyps. As shown in Figures 1 and 2,
polyps appear in different sizes, shapes, textures, and color. Their endoscopic appearance can be similar
to protruded lesions, flat elevated lesions, and flat lesions. The images even have noisy background
with bleeding and endoluminal folds, which suppresses the accuracy of the detection process.
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In the past few years, there have been many proposals made by various researchers to tackle the
polyp detection challenge. A study with a common validation framework was provided as a part
of the Medical Image Computing and Computer Assisted Intervention (MICCAI) sub-challenge on
automatic polyp detection [21]. This has provided a consistent evaluation to assist polyp detection in
colonoscopy images. The comparative analysis has proven that convolutional neural networks (CNN)
were providing a state-of-the-art performance. Earlier approaches used feature extraction techniques.
Color wavelet covariance (CWC) features along with linear discriminant analysis (LDA) [4] have been
used to detect polyps in colonoscopy images. Textural features with support vector machine (SVM)
were utilized for texture classification tasks [5]. Color and spatial features [6] and textural features [7]
with SVM could outperform the approaches with textural features. Later, deep learning methods were
employed to classify the polyp images in colonoscopy videos using CNN [10]. Small patches were
extracted to increase the database, and CNN features were used to classify the polyp’s presence [11].
Hybrid methods were employed to boost the detection accuracy, such as a combination of edge
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detection and feature extraction to filter and refine polyp candidates with a voting scheme [12] to detect
the polyps. Training a deep CNN is inappropriate with inadequate data. It has been shown [13] that in
medical applications, even for polyp detection, fine-tuning a pre-trained model outperforms models
trained from scratch. Another recent work [14], which adopted a Faster region-based convolutional
neural network (R-CNN) approach [15] showed an improved performance in the detection of polyps
by drawing bounding boxes around polyps and also employing post-learning schemes. Similarly,
a VGG16-based Faster R-CNN model [16] was trained on 16 randomly selected sequences from
colonoscopy videos. A SegNet-based CNN model [17] was employed to detect polyps using private
data that contained 5545 colonoscopy images extracted from 1290 patients. The model was validated
and tested on their internally collected colonoscopy image and video data. A news article [18] was
also published based on the work from [17]. Various CNN models were trained on 8641 internally
collected colonoscopy images, and the models were analyzed through sevenfold cross-validation [19].
A regression-based YOLO (you only look once) detection model was explored for polyp localization [20]
on white light and narrow-band polyp images.

There are ongoing research studies with WCE videos to detect polyps. Geometric shape features
along with textural features [22] were found to be helpful for polyp detection. An SVM-based
polyp classification approach was applied with shape, color, and local texture feature extraction [23].
A frame-based binary classification of WCE videos was performed based on geometrical and texture
content analysis [24]. Another SVM-based detection with statistical information from red–green–blue
(RGB) channels was proposed to determine the polyp presence and extract the radii of the polyps [25].
Texture features integrated with wavelet transform, uniform local binary patterns, and SVM were
studied [26]. Although deep learning has many approaches to analyzing natural images, very few
works have been conducted on polyp detection in WCE images. A deep learning variant approach with
a stacked sparse autoencoder with image manifold constraint [27] was explored to make the model
learn and differentiate features from different classes to recognize frames containing polyps from WCE
videos. Other methods concentrate on classifying different organs [28] and lesion detection [29] in
WCE images. A survey paper [30,31] on video capsule endoscopy provides a better understanding of
various models incorporating the detection and segmentation of polyps in the literature. However,
all these methods performed polyp detection or the classification of frame-wise polyp presence.

This study mainly focuses on localization through segmentation and locating polyps in both
colonoscopy and WCE still frames. The model evaluation is done by detecting the most probable polyp
pixel points within the mask regions and locating the centroid representing the location of the polyp.
An efficient deep learning approach is employed by applying a region-based convolutional neural
network (R-CNN) along with data augmentation, feature extraction, and a fine-tuning model with
pre-trained weights from well-established ImageNet [32] and Microsoft COCO (Common Objects in
COntext) [33] datasets. Furthermore, the model is also fine-tuned with weights from flicker balloon
data, which was fine-tuned from pre-trained COCO weights. This step is taken as an experiment to
analyze the results that are obtained from the model, which is fine-tuned with polyp-like data in the
natural images. The study confirms that the model performs better with improved localization on
most of the polyp images compared to the other CNN approaches from the literature. The paper is
the first of its kind to employ R-CNN to segment and locate polyp regions and analyze a model with
various fine-tuned weights. The remainder of the paper is organized as follows. Section 2 provides
details of the datasets utilized for the study and the methodology employed. In Section 3, we discuss
the experiments conducted and present the results obtained. The conclusion for the study is presented
in Section 4.

2. Materials and Methods

The datasets used for the study are augmented in the training phase, and the model is fine-tuned
with pre-trained weights for detecting and segmenting polyps in both colonoscopy and WCE video
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frames. Figure 3 represents the overall flow of the model, which is discussed in detail in the
following sections.
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2.1. Datasets

The proposed approach is evaluated on two different datasets—still frames from colonoscopy
and WCE—to solve the problem of polyp localization. The colonoscopy images are utilized from the
MICCAI 2015 sub-challenge on automatic polyp detection [21] and GIANA (Gastrointestinal Image
ANAlysis) 2018, which was part of Endoscopic Vision Challenge [34]. The WCE videos are provided
by the Mayo Clinic.

The colonoscopy still frame analysis is performed using a publicly available polyp database from
CVC-ClinicDB [35] for both training and tuning the proposed model and evaluating the CVC-ColonDB
and CVC-PolypHD databases [35–37] and the ETIS-Larib [22] polyp database. The CVC-ClinicDB
contains 612 standard definition still images of 384 × 288 resolution with 31 different polyps from 31
different sequences. The CVC-ColonDB database has 300 images of 500 × 574 resolution. The frames
are extracted from 13 video sequences from 13 patients. The CVC-PolypHD contains 56 high-definition
(1920 × 1080) images. Each of these still frame images has the presence of polyps along with an
accurately segmented annotated ground truth mask. The ETIS-Larib is a polyp database that has 196
high-definition still images with a resolution of 1225 × 966 and 44 different polyps from 34 sequences.
Table 1 gives a summary of all the colonoscopy databases used in the study.
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Table 1. Summary of colonoscopy databases.

Database Purpose Resolution # Patients # Sequences # Images

CVC-ClinicDB Training 384 × 288 23 31 612 SD frames
CVC-ColonDB Testing 500 × 574 13 13 300 SD frames
CVC-PolypHD Testing 1920 × 1080 - - 56 HD frames

ETIS-Larib Testing 1225 × 966 - 34 196 HD frames

The video database for wireless capsule endoscopy (WCE) is provided by the Mayo Clinic.
The database has a total of 121 short videos from various patients. These are PillCam SB3 videos
with 8:1 magnification and 30% higher resolution compared to SB2. PillCam SB3 and PillCam SB2
system allows direct visualization of small bowel. For the purposes of this study, a total of 1800
polyp-containing still frames were extracted from 18 different videos. Out of 1800 frames, 530 frames
contained polyps. The ground truth segmentation masks were manually drawn and verified by expert
clinicians. The proposed model was trained with 429 frames, and the rest were considered together
as a validation dataset. The test dataset contained 55 frames decoded from WCE videos of various
patients. There were a total of 67 polyps in 55 frames.

2.2. Data Augmentation

Deep learning models such as CNN require voluminous data to train the model without overfitting.
This is the biggest challenge in the biomedical images [38]. The data that is available is limited, and most
of them are raw images without annotations. This problem is overcome by applying data augmentation
to the input images and the corresponding ground truths. In colonoscopy and WCE videos, polyps
show variations in size, shape, color, and location. With these variations, it is best to generate duplicate
data from the available image data by flipping, rotating, changing the scale, shearing, and blurring the
images. These sets of augmentation are applied on 50% of each mini-batch of the input data before
training. The remaining 50% data are left undisturbed.

Augmentation methods were chosen according to the appearance of the polyp images.
Polyps change in shape and size, so image scaling and shear transform helped generate more
data from the same image with different transformations. The images are rescaled from a range
factor of 0.8 to 1.2 and shear transforms from a range between (−4,4). Polyps also appear to be in
different locations; to encounter these locations, the images were flipped and rotated through a range
between angles of (−180,180) degrees. Frames extracted from videos have the problem of motion blur,
which lowers the quality of the image; to make the model generalize, Gaussian blur was applied on
some of the images with a standard deviation varying from 0 to 1. Polyp images also have variations in
brightening and darkening. To handle this problem, histogram equalization was applied on the images.
We found from the experimental observations that histogram equalization degrades the performance
of the model. This may be because the model finds it difficult to extract features from images that
have enhanced contrast. These adjustments in the image intensities make the model differentiate the
object pixels from the background. It is important to have a good quality image without losing the
characteristics of the image while increasing the dataset through data augmentation.

2.3. Feature Extraction

The ResNet [39] models with depths of 50 layers or 101 layers act as feature extractors for the model
to extract features over the entire image. These feature maps are further improved (to better represent
the objects) by extracting more features from five different levels of ResNet layers. These levels are
chosen so that the spatial dimension of the layer is reduced by half in the bottom–up view of the
ResNet model. A top–down architecture with lateral connections is built to extract better feature
maps at different scales. This network is called a Feature Pyramid Network (FPN) [40]. ResNet with
FPN extracts features from different hierarchical levels with different scales so that each level has
information of higher-level and lower-level features.
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2.4. Region Proposals

The study recreates the Region Proposal Network (RPN) introduced in Faster R-CNN [15] to
estimate the regions that are likely to scontain polyps within an image. Feature extraction and RPN
together act as a first stage that scans an image and generate proposals. Proposals are small bounding
box regions that are likely to contain an object (polyp). The RPN scans the features obtained from FPN
in a convolution fashion with a small sliding window.

At each sliding window position, multiple region proposals (sets of boxes) were generated,
which are called anchors; these have different sizes and different aspect ratios. Anchors help bind
features to their raw location in the image. The RPN contains two separate fully connected layers
to extract box probability scores (object or background) and bounding box deltas (box refinement).
The targets of the RPN are ground-truth classes and ground-truth bounding boxes. Each anchor
is assigned to a corresponding target by evaluating anchors based on intersection over union (IoU)
values. The IoU values of the anchors are computed against the ground truth objects in the image.
Positive anchors are the anchors whose IoU ≥0.7, anchors with IoU <0.7 and IoU ≥0.4 are considered
neutral anchors, and anchors with IoU <0.4 are negative anchors, which do not cover any object.
These values are empirically chosen. Neutral anchors are discarded and not used for training. Often,
positive anchors do not cover objects completely, so the RPN performs regression with the bounding
box deltas to shift and resize anchors according to the object location. Based on the RPN predictions,
anchors are filtered according to their probability scores. The anchors that have a majority of their area
overlapping with adjacent anchors are trimmed down to one anchor by choosing the one with the
highest foreground score (non-maximum suppression). Finally, filtered proposals (RoI) are sent to the
second stage.

2.5. Localization

The second stage forms network heads for generating binary masks. The region proposals from
RPN are assigned to several specific regions of feature maps generated from FPN. These mapped
regions are fed to the RoIAlign module [41], followed by convolutional layers and fully connected
layers to predict the location and size of the predicted mask to fit the object. The RoIAlign module
uses bilinear interpolation to properly align extracted features with the input image. Accurate mask
segmentation is observed with the use of the RoIAlign module. This is implemented using TensorFlow’s
crop and resize function. The mask generator network is built with the ROIAlign module followed by
a stack of four convolutional layers with 3 × 3 receptive field filters and stride 1 with 256 channels.
Later, a transposed convolution layer with 2 × 2 filter and stride 2 is included, and the final pixel-level
probability mask output is generated from a 1× 1 convolution layer with stride 1 and sigmoid activation
function. All the convolution layers except for the final layer are built with the ReLU (rectified linear
unit) activation function.

The resultant binary mask (28 × 28) corresponds to each region proposal, and the regions that have
a class probability of 0.8 or higher are considered true predictions. During training, the ground truth
masks for each instance are scaled down to 28 × 28 to compute the loss and backpropagate. During
prediction, the predicted 28 × 28 binary masks are scaled up to the size of the corresponding region
proposal bounding box. Based on the location information from the region proposals, all the successful
mask predictions are stitched together to generate a final mask of the entire image. The output pixel-wise
probability mask is further processed to locate the best pixel indicating the highest probability of being
a polyp. If a region is identified as having the highest probability of being a polyp, then the centroid of
the highly probable region is marked to the best location of the polyp from the mask.

We have used stochastic gradient descent (SGD) to optimize the loss function on each RoI region
in the training phase as defined by L = Lmask [41].
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2.6. Fine-Tuning

Fine-tuning is an efficient scheme in deep learning approaches that has been proven to have major
improvements [13,42], especially when the CNN models are very deep, and the training data is sparse.
The publicly available huge datasets of natural images provided by ImageNet [32] and Microsoft
COCO [33] were used to train the deep CNN models. These weights were saved and utilized by loading
them before training the model on the polyp dataset instead of random initialization of the weights.
The ImageNet dataset is targeted for image classification tasks, which provides 1.28 M of train images
and 50 K for validation with 1000 different categories. In contrast, the COCO dataset was developed
by Microsoft to address the challenges of object detection, key point detection, caption generation,
and object segmentation. Usually, the COCO dataset consists of 120 K training and validation images
with the ability to categorize each instance among 80 categories.

The ResNet model, which is used as a feature extractor model, is initially trained with both the
ImageNet dataset and Microsoft COCO dataset. Additionally, 76 images of random balloon images
from Flickr were annotated and considered as train and validation image data. These images were
fine-tuned over pre-trained COCO weights. These three sets of weights were considered to fine-tune
the ResNet model with polyp data. Each of these three sets of pre-trained weights were loaded into
the ResNet model, and the weights were frozen while training the entire network (except the mask
heads) with a relatively higher learning rate of 0.005 until it reached 100 epochs. Then, with a learning
rate of 0.001, the entire model was trained without freezing any weights; that is, the weights of all the
layers were updated for every epoch until there was an improvement in validation loss before reaching
the 1000-epoch limit. These hyperparameters were empirically chosen. This strategy of updating
only the mask head network during the initial epochs helps the randomly initialized mask head
network weights adapt with the pre-trained ResNet backbone model, and the updates are made faster
using a relatively higher learning rate. Later, the entire network weights were updated at a relatively
lower learning rate to make sure that the whole network gradually learns the features from the polyp
images. The training loss and validation loss curves are as shown in Figure 4. The curves indicate that
the models are learning without overfitting, as the loss calculated from the unseen data (validation
loss) follows the training loss curve. These curves are produced during the model training with
ResNet-101 as the backbone with pre-trained weights from Flickr’s balloon data with early stopping.
Early stopping avoids further training of the model when there is no improvement in validation loss
detected in 20 consecutive epochs. This also helps avoid the problem of overfitting.
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The complexity of the network is defined by its trainable parameters. The polyp localization
model with ResNet-50 as the feature extractor has 44,603,678 trainable parameters, whereas the model
with ResNet-101 as the feature extractor has 63,621,918 trainable parameters. The speed of the model is
compared based on the average time taken by the model to predict a single image. The lower the time
taken, the faster the model. It was found to be around 220.21 ms with the network with ResNet-50
as the feature extractor, and 317.01 ms with the network with ResNet-101 as the feature extractor.
The computations are performed on an NVIDIA GeForce GTX 1080 8 GB GPU with a Nvidia CUDA
Deep Neural Network (CuDNN) GPU-accelerated library installed.

3. Results and Discussion

This study implemented an R-CNN model using the Keras deep learning framework with a
Tensorflow backend. The feature extractor part of the model extracted feature maps, and these features
were scanned for region proposals with anchors at different levels with different scales of 8 × 8, 16 × 16,
32 × 32, 64 × 64, and 128 × 128 to make sure that the model could detect all the sizes of polyps with
aspect ratios of 1:2, 2:1, and 1:1. The final region proposals contained positive and negative anchors.
Each of these proposals were then processed to generate masks.

The masks were evaluated based on metrics as proposed by the MICCAI sub-challenge in order
to make comparisons against other detection techniques. The location of the polyp marker in an image
was considered as the baseline for polyp detection. A polyp marker that was inside the ground truth
was considered as a true positive (TP). When there were multiple detections inside the same ground
truth object, it was considered as one true positive. False positives (FP) were assigned to the detected
polyp markers that fell outside the given ground truth. Every polyp misdetection was counted as a
false negative (FN). There were no true negatives (TN), since there were no images with a complete
absence of polyps. The metrics were calculated as follows:

P =
TP

TP + FP
(1)

R =
TP

TP + FN
(2)

F1 =
2 ∗ P ∗R
P + R

(3)

F2 =
5 ∗ P ∗R
4 ∗ P + R

(4)

where P denotes precision, is recall, F1 represents the F1 score, and F2 represents the F2 score.
The detection points for TP, FP, and FN were marked based on the probability of each pixel in

the final mask. A binary mask was created by thresholding the probability mask with the highest
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probability value within that mask. The centroid of the region formed was considered the detection
point. The pixel-wise probability masks were analyzed and converted to heat maps to locate the best
pixel position that represented the presence of the polyp in the image. This also helped to better
understand the occurrence of false positives.

3.1. Colonoscopy Still Frame Analysis

Our model was trained with the CVC-ClinicDB database with 612 still frame polyp images. In the
training phase, 536 images were used for training the model, and the remaining images were utilized as
a validation dataset for tuning the model. The train dataset was split into mini-batches; each mini-batch
had approximately 32 images. Data augmentation was randomly applied on 50% of the images in each
mini-batch, and the remaining images were left undisturbed. The trained model weights were saved
and loaded for predictions of testing datasets (the CVC-ColonDB, CVC-PolypHD, and ETIS-Larib
datasets).

The ResNet model (ResNet-50 and ResNet-101) was trained individually with the CVC-ClinicDB
polyp database and initialized with pre-trained weights from COCO, ImageNet, and Flickr’s balloon
data. Table 2 illustrates the results from testing the model on the CVC-ColonDB database. The results
from the CVC-PolypHD images are shown in Table 3. Table 4 gives the detection information from
the ETIS-Larib database. There was no uniform performance from these datasets, as these data were
extracted from different patients. On detailed observation, it could be found that the features extracted
from ResNet-101 with Flickr’s balloon pre-trained weights tended to perform better with an optimal
number of false positives and false negatives. This is understandable, because the ResNet-101 model
has relatively deeper architecture that can extract more feature information from the image data,
and the balloon data closely resembles the shape of the polyps. It was observed that there was no
problem of overfitting with the deeper model, thanks to the image augmentation. This infers that
the network is better at generalizing the polyp data. This can be observed from the learning curves
(Figure 4) as well as from the prediction results on test datasets.

Table 2. Results from testing on CVC-ColonDB polyp data. COCO: Common Objects in Context, TP:
true positives, FP: false positives, FN: false negatives.

Model Backbone Pre-Trained Weights TP FP FN P R F1 F2

Resnet-101
COCO 271 39 28 87.42 90.64 89.00 89.97

ImageNet 280 45 19 86.15 93.65 89.74 92.04
Balloon 274 31 25 89.94 91.64 90.73 91.27

Resnet-50
COCO 274 95 25 74.25 91.64 82.04 87.54

ImageNet 287 77 12 78.85 96.00 86.58 92.00
Balloon 276 104 23 72.63 92.31 81.30 87.56

Table 3. Results from testing on CVC-PolypHD polyp data.

Model Backbone Pre-Trained Weights TP FP FN P R F1 F2

Resnet-101
COCO 47 8 17 85.45 73.44 79.00 75.56

ImageNet 49 8 15 85.96 76.56 81.00 78.27
Balloon 50 10 14 83.33 78.12 80.65 79.11

Resnet-50
COCO 52 12 12 81.25 81.25 81.25 81.25

ImageNet 50 9 14 84.75 78.12 81.30 79.37
Balloon 48 8 16 85.71 75.00 80.00 76.92
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Table 4. Results from testing on ETIS-Larib polyp data.

Model Backbone Pre-Trained Weights TP FP FN P R F1 F2

Resnet-101
COCO 161 58 47 73.52 77.40 75.41 76.59

ImageNet 160 63 48 71.75 76.92 74.25 75.83
Balloon 167 62 41 72.93 80.29 76.43 78.70

Resnet-50
COCO 146 116 62 55.73 70.19 62.13 66.73

ImageNet 160 93 48 63.24 76.92 69.41 73.73
Balloon 141 86 67 62.11 67.79 64.83 66.57

The still images from the ETIS-Larib database had a good comparison framework in the MICCAI
sub-challenge. Table 5 compares the results from various submissions in the challenge, with the
proposed approach having the best optimal results. The tabulated results are based on the predictions
on the ETIS-Larib polyp database.

Table 5. Comparison of proposed approach with various state-of-the-art polyp localization methods
on the ETIS-Larib database.

TP FP FN P R F1 F2

Proposed approach 1 167 62 41 72.93 80.29 76.43 78.70
CUMED 144 55 64 72.3 69.2 70.7 69.8

OUS 131 57 77 69.7 63.0 66.1 64.2
UNS-UCLAN 110 226 98 32.73 52.8 40.4 47.1

PLS 119 630 89 15.8 57.2 24.9 37.6
ETIS-LARIB 103 1373 105 6.9 49.5 12.2 22.3

SNU 20 176 188 10.2 9.6 9.9 9.7
1 Model trained with ResNet-101 as the backbone with pre-trained weights from Flickr’s balloon data.

The top results are observed from the teams (CUMED, OUS, and UNS-UCLAN) that used
a CNN-based fully convolutional network (FCN) for end-to-end learning. CUMED [43] employs
multi-level feature representation with FCN for pixel-wise classification. OUS uses the AlexNet
model [44] as the CNN with CaffeNet for the binary classification of the image patches to detect the
presence of polyps. UNS-UCLAN trained three CNNs at three different scales for feature extraction
and used a multi-layer perceptron (MLP) network for classification. It can be clearly seen that the
proposed model outperforms the best model (CUMED) from the MICCAI sub-challenge. The proposed
approach has more FP, which limited the precision value to 72.93. Most of these FP are due to the
reflections of light on the mucosa and some polyp-like structures that are not actually polyps. FN are
due to the misdetections of some challenging polyp shapes; there were very few of these in the training
dataset. The proposed model competes with the CUMED model [43] and appears to outperform it in
the polyp detection task.

Table 6 represents the evaluation results with and without data augmentation on the ETIS-Larib
database. There is a huge performance improvement when the model is trained with differently
oriented and transformed images. For every epoch, the model learns and tunes with a mixture of
original data and augmented data. The results show a great margin of improvement by properly
choosing the augmentation methodologies.

Table 6. Results with and without data augmentation on ETIS-Larib polyp data.

TP FP FN P R F1 F2

W/o data augmentation 1 147 73 61 66.82 70.67 68.69 69.87
With data augmentation 1 167 62 41 72.93 80.29 76.43 78.70

1 Model trained with ResNet-101 as the backbone with pre-trained weights from Flickr’s balloon data.
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Figure 5 illustrates the ETIS-Larib polyp detection and segmentation results by the proposed
model with the ResNet-101 model and pre-trained weights from Flickr’s balloon dataset.Appl. Sci. 2019, 9, x FOR PEER REVIEW 11 of 15 
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3.2. WCE Video Analysis

A similar approach is employed for training and testing WCE videos for colonoscopy images,
as mentioned earlier. Data augmentation is also applied on the training image dataset for the model
to better generalize on different kinds of polyps. The results as shown in Figure 5 indicate the polyp
detection and segmentation in the WCE videos. Table 7 illustrates the results from the WCE data.
The tabulated values clearly indicate ResNet-101 as the best feature extractor, and the model trained on
Flickr’s balloon pre-trained weights is clearly a winner.

Table 7. Results from testing on the Mayo Clinic wireless capsule endoscopy (WCE) polyp data.

Model Backbone Pre-Trained Weights TP FP FN P R F1 F2

Resnet-101
COCO 63 4 4 94.03 94.03 94.03 94.03

ImageNet 64 14 3 82.05 95.52 88.28 92.49
Balloon 64 1 3 98.46 95.52 96.67 96.10

Resnet-50
COCO 64 4 3 94.12 95.52 94.81 95.24

ImageNet 58 5 9 92.06 86.57 89.23 87.61
Balloon 63 7 4 90.00 94.03 91.97 93.20

There is no standard framework to compare the results with other techniques for the WCE polyp
detection. It can be observed from the segmentation results that bubbles are detected as polyps;
avoiding this misclassification is challenging due to limited frames with bubbles available to make the
model learn that bubbles are not polyps. Some of the polyps look similar to the mucosa membrane,
which makes it difficult for the model to segment on such polyps.

Table 8 provides an evaluation based on the segmentation results of the WCE polyp frames with
and without data augmentation. Applying augmentation has helped the model learn more about the
input data. A similar technique was employed for augmentation for colonoscopy images. The train
dataset was split into mini-batches such that each mini-batch had 32 images and 50% of the randomly
selected images in each mini-batch were augmented with different methods. The tabulated results
show a higher detection of polyp images with data augmentation.
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Table 8. Results with and without data augmentation on Mayo Clinic WCE polyp data.

TP FP FN P R F1 F2

w/o data augmentation 1 50 4 17 92.59 74.63 82.64 77.64
With data augmentation 1 64 1 3 98.46 95.52 96.67 96.10

1 Model trained with ResNet-101 as the backbone with pre-trained weights from Flickr’s balloon data.

Figure 6 displays the detection and segmentation results on the WCE polyp test data based on the
proposed approach with ResNet-101 and Flickr’s balloon data.

Appl. Sci. 2019, 9, x FOR PEER REVIEW 12 of 15 

Figure 6 displays the detection and segmentation results on the WCE polyp test data based on 
the proposed approach with ResNet-101 and Flickr’s balloon data. 

 
Figure 6. Polyp segmentation in WCE video frames. Blue overlay indicates the predicted 
segmentation mask. The contour of the ground truth masks is shown in red. Detection points are 
masked in green. 

Although the model performs better in localizing polyps, there is still the possibility of 
improving the model. The first limitation for designing an automated polyp detection system is the 
limited availability of the data. Currently, additional data is generated online during training through 
data augmentation. Increasing the database with more polyp images will definitely improve the 
results and also help the model better generalize in its prediction of new polyp images. Recent studies 
on deep learning frameworks show improved classification and segmentation results on natural 
images with deeper architectures. However, there is a trade-off regarding the speed of training and 
testing the models. Deeper CNNs have a greater number of parameters that require more storage and 
GPU capability for better performance. In the future, the feature extractor part of the model can be 
replaced with deeper models to extract much better and more detailed feature maps. The second 
stage for generating a mask can be experimented with different combinations of architectures. The 
loss function plays a major role in backpropagation. If the loss function can be designed to better 
understand and differentiate the predicted output mask against the ground truth, there can be a gain 
in the performance. False positives and false negatives pose challenges in polyp detection 
performance. A detailed observation of the resultant images can result in better intuition and thus 
reduce false alarms. Lightening, bubbles, motion blur, etc. create the majority of false detections. Fine-
tuning the model with false detection cases can be a good strategy to improve the performance of the 
model. 

4. Conclusions 

The study presents a deep learning-based automated polyp localization. The proposed approach 
is developed based on the region-based CNN. The feature maps generated using ResNet-101 and 
FPN have more details of a polyp image compared to ResNet-50 and FPN. This means that deeper 
models tend to extract more meaningful features from the images. The prediction score for each polyp 
is predicted based on the proposed regions from the feature maps. The model has successfully 
detected and accurately segmented the polyps in images. The added advantage of the proposed 
model compared to others is that it can produce an accurate segmentation for each polyp. The model 
shows better performance on the WCE video frames compared to colonoscopy images, and the 
results can be further improved if more annotated data is available. 

Author Contributions: S.S. conducted research and testing of the proposed work while working at Xyken, LLC. 
F.M. assisted on testing and evaluation. S.Y. designed and supervised the research work. 
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mask. The contour of the ground truth masks is shown in red. Detection points are masked in green.

Although the model performs better in localizing polyps, there is still the possibility of improving
the model. The first limitation for designing an automated polyp detection system is the limited
availability of the data. Currently, additional data is generated online during training through data
augmentation. Increasing the database with more polyp images will definitely improve the results
and also help the model better generalize in its prediction of new polyp images. Recent studies on
deep learning frameworks show improved classification and segmentation results on natural images
with deeper architectures. However, there is a trade-off regarding the speed of training and testing
the models. Deeper CNNs have a greater number of parameters that require more storage and GPU
capability for better performance. In the future, the feature extractor part of the model can be replaced
with deeper models to extract much better and more detailed feature maps. The second stage for
generating a mask can be experimented with different combinations of architectures. The loss function
plays a major role in backpropagation. If the loss function can be designed to better understand
and differentiate the predicted output mask against the ground truth, there can be a gain in the
performance. False positives and false negatives pose challenges in polyp detection performance.
A detailed observation of the resultant images can result in better intuition and thus reduce false
alarms. Lightening, bubbles, motion blur, etc. create the majority of false detections. Fine-tuning the
model with false detection cases can be a good strategy to improve the performance of the model.

4. Conclusions

The study presents a deep learning-based automated polyp localization. The proposed approach
is developed based on the region-based CNN. The feature maps generated using ResNet-101 and
FPN have more details of a polyp image compared to ResNet-50 and FPN. This means that deeper
models tend to extract more meaningful features from the images. The prediction score for each
polyp is predicted based on the proposed regions from the feature maps. The model has successfully
detected and accurately segmented the polyps in images. The added advantage of the proposed model
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compared to others is that it can produce an accurate segmentation for each polyp. The model shows
better performance on the WCE video frames compared to colonoscopy images, and the results can be
further improved if more annotated data is available.
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