Computer-Aided Bleeding Detection in Wireless Capsule Endoscopy Images
Using Deep Convolutional Neural Networks
Background

Figure 2. Sample WCE images. Left and middle are non-bleeding, right is bleeding
Table 1. Advantages and Disadvantages of wireless capsule endoscopy

Advantages of WCE

Disadvantages of WCE

1. WCE capsules can access more of the
small intestine than traditional imaging
methods [1]:
i. Upper endoscopy: esophagus,
stomach, and upper portions of small
intestine
ii. Colonoscopy: colon and terminal
portions of small intestine
iii. Push enteroscopy: cannot access
terminal portions of the small
intestine
2. No sedation or anesthesia required during
WCE procedure [2]
3. The patient may go about normal routine
during WCE procedure [2]
4. The procedure is more comfortable: no
discomfort after swallowing [4]
5. Less dietary & medication restrictions for
WCE procedures than for traditional
imaging [3]

1. Cost of WCE procedure: $1500 [4]
i. Traditional imaging: $1000 and
more likely to be covered by
insurance
ii. Capsule: $500
iii. Expensive cost for manual
analysis by physicians
2. Physicians must be alert and
attentive when examining eight-hour
video [1]:
i. Analysis of the recording: 45
min. to 2 hours
ii. Abnormalities may be very
small and appear in only a few
frames
iii. Slightest lapse in concentration
can miss an abnormality
3. Bleeding detection software
provided by Given Imaging is prone
to false positives [5].

Previous Approaches
In order to reduce the cost of WCE procedures, several computer
algorithms have been considered for solving the problem of the
detecting intestinal bleeding. According to a study by D’Halluin et al.,
Given Imaging’s Suspected Blood Indicator (SBI) package has an
accuracy of 81.2% for bleeding lesions and a diagnostic accuracy of
83.3%, which is insufficient for reducing a physician’s workload [5].
A proposed method for identifying bleeding includes the use of a
histogram of RGB-indexed images and a support vector machine
classifier, with an accuracy of 94.50%, sensitivity of 93.00%, and
specificity of 94.88% [6]. Even with the increase in accuracy, the
amount of pre-processing needed makes it impractical for clinical use.
Another proposed method is the use of a probabilistic neural
network (PNN) for the classification of bleeding images, which has a
sensitivity of 93.1% and a specificity of 85.8% on the image level, which
is again insufficient for reducing the physician’s workload [7].
The low accuracies of the SBI and the PNN can be attributed to the
fact that these methods rely heavily on value of the red component
from the RGB color space in individual pixels. Because the images are
traversed pixel-by-pixel, the methods cannot identify features within a
region. Therefore, a different approach accounting for significant
features within certain regions must be considered.

CNN Concept
Figure 3. A sample convolutional neural network illustration of convolution and pooling (Clarifi)

A convolutional neural network consists of:
1. An input layer: a full image (255 × 255 greyscale image).
2. A convolution layer consisting of feature maps: a filter of certain
dimension is passed over entire image, multiplying greyscale value
of each pixel by a corresponding filter weight. Produces a feature
map; second layer consists of x feature maps, with programmer
deciding value of x. For each feature map, filter weights are
random and different. Filter sizes are chosen by programmer.
3. A pooling layer: to avoid overfitting, max pooling is applied to
each feature map. Max pooling takes only the maximum
greyscale value within a certain region, creating a condensed
version of the output of the previous layer. This ensures only the
most significant features are considered. The pooled feature
maps make up third layer. Number of convolution and pooling
layers varies, with a pooling layer following a convolution
4. Fully connected layer(s): connects every neuron in the previous
layer to output layer. Based on final values of neurons, percent
likeliness of an image belonging in either blood or non-blood
category is determined.
5. An output layer: comprised of two neurons that classify an image
as bleeding or non-bleeding based on percent likeliness
Using backpropagation, weights & biases are adjusted to minimize
the error before the next image is processed.

Results and Evaluation

Experimental
Results:
The goal of the project is to develop a computer-aided system in Python language using a deep convolutional neural network

Table 3. The accuracy, sensitivity, and specificity of the
CNN for the three training sizes

approach with Google’s TensorFlow that is able to classify WCE images into two categories—bleeding or non-bleeding—at a The accuracy, sensitivity,
and specificity of the
greater accuracy than previously used forms of machine learning.
convolutional neural

Criteria for Success

Constraints and Assumptions

1. The convolutional neural network code is executed on a 2012 1. For this project, one hundred images are available for use, which is a
MacBook Pro with 4 GB of RAM.
smaller dataset than used in others’ previous research. While the
i. Because most medical facilities will have more efficient computers
accuracy, specificity, and sensitivity of programs from previous
with larger memory, this requirement demonstrates efficiency and
research are considered in the discussion of results, it is reasonable to
practicality.
assume that a reliable conclusion can only be drawn by testing
2. At least one of the convolutional neural network architectures achieves
other methods with the same dataset, as opposed to simply
an average accuracy, specificity, and sensitivity all over 94.00% .
comparing accuracies produced in previous research projects.
i. This threshold is decided by looking at previous methods; none 2. The dataset made available for this project is balanced evenly, with
of the mentioned ones in the above section have achieved an
fifty bleeding and fifty non-bleeding images; it does not simulate an
accuracy, specificity, and sensitivity all over 94.00%.
actual clinical situation. Because of the limited number of images, a
3. The average accuracy, average specificity, and average sensitivity
dataset with a bleeding-to-nonbleeding ratio closer to an actual WCE
of all convolutional neural network architectures is higher than all
video would have resulted in an insufficient amount of data for
other machine learning methods tested with the same dataset from
training with bleeding images. However, it is reasonable to assume that
the sklearn library.
the general methodology of this project can be applied to an
unbalanced dataset with a modified architecture.
3. Convolutional neural networks require a unique architecture
whenever the size of the data set images or the training set changes.
Determination of that architecture can only be achieved through trial
and error. Three different training sizes are tested with the same
one hundred pictures, with the architecture optimized for each size.
This is sufficient for drawing conclusions because the same training
sizes and data set were tested on other machine learning programs to
Figure 4. Screenshot of a section of code and a sample expected output of a successful run of a
determine whether the convolutional neural network approach is
convolutional neural network.
superior or not.

%
Results
Training
Accuracy Sensitivity Specificity
Data

networks, with architectures
Arch. 1
adjusted for maximum
100.00% 100.00% 100.00%
(90%)
accuracy for each training
Arch. 2
size, are stated as an output
100.00% 100.00% 100.00%
(80%)
by the program. A summary
Arch. 3
of results is described in
93.34% 94.44% 91.67%
(70%)
Table 3
All final optimized architectures are run at least three times, with a
randomized training set and initial bias values based on the seed.
The values on the table are averages of the multiple trials.
The learning curve of each architecture is also plotted. These curves
demonstrate the process of learning for the program by plotting the
number of errors, or loss, for each successive epoch trained. An initial
significant decline, followed by a general downward trend, is shown
in all three curves, until the loss is near zero, as seen in Figure 6.

90% Architecture
Learning Curve

Figure 6a. Learning curve for the 90% training set CNN

80% Architecture
Learning Curve

General Methodology

Figure 6b. Learning curve for the 80% training set CNN

The convolutional neural network is created, tested, and evaluated in three main parts:

1. Preprocessing and
Creation of Dataset
The raw data of 100 images are
converted to greyscale, sorted into
the two directories based on the
presence or absence of blood, and
compressed into a usable dataset for
the convolutional neural network.

3. Comparison of CNN
Results to Other Forms of
Machine Learning

2. Design, Training, and
Testing of CNN
The optimized architectures for the
three different testing sizes are
developed, the networks are trained and
tested, and the accuracy, sensitivity, and
specificity of each architecture is
retrieved by the program.

The results of the convolutional neural
network are compared to the results of
other forms of machine learning, run
with the same dataset as the CNN.
Results include accuracy, sensitivity, and
specificity of the method.

Preprocessing and Description of Dataset
The dataset consists of 100 wireless capsule endoscopy images (50
bleeding; 50 non-bleeding) sampled from twelve recordings of procedures
on multiple patients. Each image in the dataset has been pre-labeled by a
physician as bleeding or non-bleeding so the program can compare its result
to the actual label. After pre-processing, the images are greyscale, sorted into
either the ”bleeding” or “non-bleeding” directory, with each directory
assigned a label of 0 or 1, and compressed.
Note: images were provided to the student by a university. Identifying information about
patients has been removed; the images are anonymous and free for public use.
Figure 5b. A WCE image
before and after
preprocessing. Both
images do not have blood
present, and the left is the
original image while the
right is the image is the
same image converted to
greyscale

Figure 5a. A WCE image
before and after
preprocessing. Both images
have blood present, and the
left is the original image while
the right is the image is the
same image converted to
greyscale

70% Architecture
Learning Curve

Figure 6c. Learning curve for the 70% training set CNN

Comparison and Evaluation:

Evaluation Metrics:

The results of the convolutional
neural network are compared to
various other commonly used forms
of machine learning, some of which
were discussed in the Introduction and
Background section, in addition to a
multilayer
perceptron
(MLP)
program, which is a neural network
that is not deep. The machine learning
classifier methods were all imported
from Python’s sklearn library.

Percent Accuracy:
# 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑚𝑎𝑔𝑒𝑠
× 100
𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒𝑠

Sensitivity (True Positive Rate):
# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
× 100
# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + # 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

Specificity (True Negative Rate):
# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
× 100
# 𝑜𝑓 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + # 𝑜𝑓 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

The comparative highest accuracy,
sensitivity, and specificity, all obtained
using the same dataset, are summarized
in Figure 7:
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Wireless capsule endoscopy (WCE) uses a
pill-shaped camera in order to view and
explore the small intestine. A WCE capsule,
such as Given Imaging’s PillCam, is around
11 × 27 millimeters with no external wiring
system and enters the patient’s body through Figure 1. A Wireless Endoscopy
swallowing [1].
Capsule (Given Imaging)
Over the course of eight hours, the camera travels through the
alimentary canal propelled by normal muscle movements, capturing and
transmitting images at a rate of two frames per second for a total of
50,000 images [1]. The capsule is then excreted and flushed down the
toilet, and the external recording device is given to the physician for
analysis. Use of this capsule is considered a minimally invasive
method compared to upper endoscopy, push enteroscopy, or
colonoscopy [2], and is widely preferred by patients in terms of comfort
for the detection and/or diagnosis of intestinal bleeding, polyps,
Crohn’s disease, ulcers, lesions, iron deficiency anemia, and tumors [3].

Problem Definition

All 100 images are converted from RGB to greyscale using the formula:
𝐼 =

40.00%

(𝑅+𝐺+𝐵)
3

20.00%

where R, G, and B are the values of the red, green, and blue components
respectively, and I is the greyscale value of the pixel.
A conversion to greyscale is more efficient than utilizing all three planes in the
RGB color space because it takes into account values of all three components
while simplifying data into one plane, improving efficiency of the program.
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Figure 7. Performance summary
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Abbreviation Key:
SGDC: stochastic gradient descent KNN: k-nearest neighbor
ADA: AdaBoost classifier
CNN: convolutional neural network
LOGR: logistic regression
GBC: gradient boosting classifier GNB: Gaussian Naïve Bayes
MLP: multilayer perceptron
RFC:
random
forest
classifier
DTC: decision tree classifier
QDA: quadratic discriminant analysis
LSVC: longitudinal support vector regression

Architecture Design, Training, and Testing

Conclusions and Future Research

Determination of the best architecture for the data set is decided The network was tested when 90%, 80%, and 70% of the dataset is used for
through the modification of certain factors in the architecture:
training, and the remainder for testing. This helps determine whether the
i. Convolution filter sizes for all convolutional layers
program can deliver a high accuracy (>94%) when there is less data
ii. The seed value: helps determine where to begin randomization available for training.
iii.Number of feature maps produced
Architecture 1 (90% training set):
iv.Number of convolutional and pooling layers
1. Significant changes to the original architecture is not needed due to
v. Epoch number: number of groups the testing data is split into
the larger training set size
The starting architecture of the convolutional neural network is the
2. 100% accuracy can be reached through trial-and-error by hand
sample provided by Google’s TensorFlow [8] for its evaluation of Architecture 2 (80% training set); Architecture 3 (70% training set):
the MNIST data set for handwriting recognition.
1. 100% accuracy is not able to be reached by empirical changes
Before the implementation of the convolutional neural networks, the
2. Method by Albelhi and Mahmood is used to determine best
pixel values of the images are normalized, meaning each greyscale
architectures
value from 0-255 is converted to a value from 0-1, achieved by Architecture features may differ among training set sizes/sample architecture
aaaaaa
dividing the greyscale value of a pixel by 255. This simplifies the data set, thus increasing Table 2. Comparisons of architectures for various training sizes and the original
model provided by TensorFlow
the speed and the learning process of the program.
Architecture Details
The architecture for neural networks is extremely sensitive to changes in the dataset’s
% Training
structure; there is no set pattern for determining the most accurate or most efficient
Average #
Filter
#
of
Seed
#
of
Data
of Feature
architecture for a certain set of data.
Size
Convolutions Value Epochs
Maps
The accuracy of a particular architecture is checked each time until a higher accuracy
cannot be reached.
Arch. 1 (90%) 3 × 3
2
1
10
4

Two of the three CNN architectures tested have an accuracy,
sensitivity, and specificity of 100%. It can be concluded that the
convolutional neural network approach is the most effective out of
all classification methods tested for bleeding detection. The other
neural network, MLP, reaches an accuracy of 83.33%, and the other
machine learning methods have accuracies ranging from 40.00% to
86.70%. The lower accuracy of the PNN can be attributed to its
traversal of images pixel-by-pixel, as opposed to the CNN’s feature
detection with filters. Because many sklearn methods use various
classifying algorithms that create an optimized graph based on
performing operations on training data, the estimates are inaccurate and
prone to overfitting, while also having a large discrepancy between
sensitivity and specificity.

It is impossible to try and test every possible architecture by hand; the determination of
these factors’ values through trial and error is completed through a method by Albelhi
and Mahmood [9]. Using multiple connected computers, random architectures are
generated and tested on a particular dataset until the most accurate one is created.

Arch. 2 (80%)

3×3

4

9

40

63

Arch. 3 (70%)

3×3

2

5

10

4

TensorFlow

5×5

2

1

10

5

Unless otherwise indicated below a figure, all images, photographs, tables, and diagrams were either created by the student or provided as part of the image dataset

Future Research:
Training and Testing
with an Expanded
Data Set

To compare this approach
with previously established
ones, the CNN must be
trained and tested with a data
set similar in size to that
used in those projects.

Training and Testing
with an Unbalanced
Data Set

Classification of
Bleeding Severity

A dataset that reflects a more accurate
blood to no-blood ratio closer to
actual WCE videos can be used to
train the network. Techniques like
crowdsourcing [10] can also reduce
human effort in preparing the dataset

Bleeds vary widely in severity, and
with a larger data set, the
convolutional neural network
could be trained to categorize
images by the severity of the
bleed on a numeric scale.
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