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Abstract of Thesis

The Classification of Retinal OCT Images Based on Convolutional Neural Network
and Exploration

As deep learning algorithms developed rapidly in recent years, more and more
classification and segmentationalgorithms based on deeplearninghave been applied in the
medical field due to their capacity to detect and extract disease features from medical
images. This thesis reviews traditional and deep-learning image classification methods
separately and makes comparisons between them. Using this analysis, a basic
convolutional neural network (CNN) model was designed to be used as a deep-learning
model to be used for processing image data. A publicly available retinal optical coherence
tomography (OCT) dataset was employed to train and validate the model. The model was
then refined and strengthened using theories of reducing overfitting, such as dropout,
regularization, data augmentationand transfer learning. Eventually, the validation accuracy
of the algorithm rose from under 20 percentto above 80 percent. In addition, the developed
classifier model was then explored to segment tissue types in the images and produce a
heat map of class activation to demonstrate additional clinical potential. Finally, this thesis
discusses the challenges and practical strategies on CNN model for classification and

segmentation.
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Chapter 1 - Introduction

1.1 Purpose of the Study

1.11 Background

Image classification refers to a process in computer vision that can classify an image
according to its visual content. For example, an image classification algorithm may be
designed to tell whether or not an image contains an object of interest. Image classification
techniques have beenapplied in a variety of fields, like ground cover classification (Aurdal
et al., 2005), handwritten character recognition (Akhlaghi & Ghods, 2020). In the field of
medicine, image classification can play an important role in diagnostic and teaching

purposes in medicine (Perner et al., 2002).

The initial inspiration of this work was a research project involving cold atmospheric
plasma (CAP) treatment of cancer. In contrast to conventional anti-cancer approaches and
drugs, CAP is a selective anti-cancer treatment method (Yan etal., 2017). The purpose of
the project was to investigate the use of CAP to kill the tumors on the skin using a mouse
model. Toassesstheresults of the CAP treatment, this projectemployed optical coherence
tomography (OCT) to visualize the changes of the tumors since OCT typically penetrates
less deeply into the sample but with higher resolution (Bezerraetal.,2009). However, after
the treatment in a short time of 12 hours, 24 hours and 48 hours, the slight changes of
tumors in OCT images were not obvious for human eyes to discern. It was necessary to
build develop an image analysis algorithm to detect any changes and evaluate the response

of the tumors to the CAP treatment protocols.



1.1.2 Statement of Purpose

Artificial intelligence (AI) is a potential and promising tool to perform difficult
classification tasks on images. Moreover, Al can also be automated in order to review
immense numbers of images rapidly. In particular, deep learning methods have shown
significant capability to classify images and detect objects in pictures in recent years
(Krizhevsky etal., 2017). This work involves building a classification tool based on deep
learning methods, which can assist human eyes to detect slight differences and classify
images more precisely. While detecting object can sometimes be trivial for humans, robust
image classification is still a challenge in computer vision applications. At this point in
time, the CAP cancer treatment is in very early stages, and it is not possible to significant
numbers of OCT images from the CAP treatmentof mouse tumors. To avoid the overfitting
of the training for the developed classifier, a sufficient image dataset is necessary. Fort this
reason, a retinal OCT image dataset was used to construct the classifier, test the accuracy

of itand analyze the output results.

1.2 Introduction of Retinal Optical Coherence Images

OCT hasrevolutionized the sensitivity and specificity of diagnosis, especially in ocular
pathologies and ocular manifestations in systemic diseases like diabetic macular edema
(Al-Mujaini et al., 2013), thus benefitting non-ophthalmologists as well. In this work, four
classes of retinal OCT images were used to train and build the classifier in my research

work.

1.2.1 Normal Retinal Optical Coherence Images



The retina is a thin layer of tissue that lines the back of the inside of the eye, near the
opticnerve. The optic nerve connects the eye to the brain. The retina contains light-sensing
cells that are essential for vision. The normal retina in OCT images shows clear and
distinctive layers, which can help ophthalmologists to map and measure the thickness of

retina. The figure.1 below shows a normal retina.

Fig. 1. The normal retinal OCT image. (Kermany et al., “Retinal OCT Dataset”, 2018)

1.2.2 Choroidal Neovascularization

The retina with choroidal neovascularization (CNV) means that new blood vessels
grow from the choroidal layer and break into the subretinal space. However, these new
vessels are different from normal ones. Because the fluid from the blood in the new vessels
can leak into and damage the retina. In retinal OCT images, CNV shows swelling from the

choroidal layer, which can be seen from the red arrows indicating in Figure.2. Due to the



damage to the retina, especially the light-sensing cells, by CNV, vision will be diminished

and even get lost altogether.

Fig. 2. The red arrows in OCT B-scan indicates key information about the diagnosis of

CNV. (Kermany et al., “Retinal OCT Dataset”, 2018)
1.23 Diabetic Macular Edema

Diabetic macular edema (DME) is one of the main causes of vision loss in diabetic
patients, which can occur at any stage of diabetic retinopathy (DR). Diabetic retinopathy
is a disease caused by diabetes which will damage the blood vessels in the retina. The
damaged vessels will allow fluid leak into the macula layer that makes the macula swell.
The OCT examination can provide significant information regarding whether the macula
is thickened or if fluid is leaking, which looks like hollows in the macula layer. Figure. 3

shows the retina with DME.



Fig. 3. The red arrows in OCT B-scan indicates key information about the diagnosis of

DME. (Kermany etal., “Retinal OCT Dataset”, 2018)

1.24 Drusen

Drusen are small deposits of fatty proteins or lipids that cluster on choroidal layer,
which are caused by abnormal deposition of abnormal metabolites of pigment epithelial
cells on the retina. Two different types of drusen, soft and hard, show differences in OCT
images. Soft drusen are large and cluster closer together, while hard drusen are smaller and
more spread out. Figure.4 separately shows the soft (left figure) and the hard (the right)
drusen in OCT images. Although retina with drusen may not lead to visual loss, it can

affect patients to focus on details straight ahead.



Fig. 4. The red arrows in OCT B-scan indicates key information about the diagnosis of

drusen. Left image shows the soft drusen and right shows the hard drusen. (Kermany et al.,

“Retinal OCT Dataset”, 2018)

1.3 Research Objectives
In my thesis project, the task is to classify four classes, which means that the probability

of identifying one class with blind guess is 25 percent. It is meaningful that the outputs of
the classifier are higher than 25 percent. Additionally, the accuracy of screenings can vary
significantly. According to one research of Google Deep Mind team, there is a 49 percent
error rate among internists, diabetologists, and medical residents (Sayres etal., 2019). So,

my research goal is to build one classifier with much higher accuracy than of the survey

mentioned aboveamonginternists, diabetologists, and medical residents and of blind guess,

which can effectively help physicians to make a highly accurate diagnosis.



Chapter 2 — Literature Review

2.1 Introduction of Classification Based on Artificial Intelligence

With development of science and technology, the density of information in
communication has explosively grown. Especially in recent years, the traditional text
information can no longer meet people’s needs for information acquisition. While due to
rapid development of the technologies of images storage and communication, the image
information shows more efficiency with the advantages of vivid and direct information
expression. However, as the amount of image data is growing rapidly, people need fast,
efficientand reasonable methods to process, analyze and interpretthem, so as to efficiently
and accurately extract the required information from the massive image data. Because the
method of manual identification and judgment is not only inefficient, but also very
subjective, a lot of human and time resources can be wasted. Therefore, to improve the
computer’s ability process image data and to develop effective and stable image

recognition and classification algorithms are urgent and meaningful tasks.

Image classification is a series of processes using artificial intelligence technologies,
especially machine learningmethods, to enable computersto recognize and classify images.
It plays an important role in the field of pattern recognition, such as handwriting
recognition (Plamondon & Srihari, 2000), face recognition (Tolba et al., 2006), vehicle

recognition (Al-Smadietal., 2016) and so on.

Still, there are some challenges of image classification, like large intra-class variation
and inter-class ambiguity. If the images of one class have similar visual properties and the

images of different classes show obviously different visual properties, the computer system



would be able to classify the classes easily. In fact, the image data gained from our real life
will not show the clear visual patterns depended on the similarities of different classes, the
views of angle and background brightness, background noise and so on, which will lead
difficulties in classification tasks, especially in case of different classes with low contrast.
For example, the two dogs shown below are two different breeds, which coming from
OXFORD-IIIT PET Dataset. The left one is a beagle and the right one is a basset hound. It
is even hard to distinguish by people who are not familiar to dogs’ breeds for they show
similar color and pattern on their heads. This kind of confusion in image classification is

also a big challenge in medical images.

Fig. 5. Leftimage shows the breed of beagle and right shows the breed of basset hound.
(Omkar M Parkhi, Andrea Vedaldi, Andrew Zisserman and C. V. Jawahar. “The Oxford-

IIIT Pet Dataset”)

Classification of images generally comprises four stages: feature extraction, training,
decision and assessing the accuracy of the classification. The research work of traditional

classification is mainly focused on the process of feature extraction, which includes



designing new feature descriptors and optimizing feature selection. Although, these
research works have achieved success on classifications, when the image type changes, the
method that has achieved good results on a certain image classification task does not
perform well in another task. Therefore, it is necessary to find a robust and efficient image
classification method. As the research of machine learning has rapidly developed in recent
years, this sort of classification method, especially deep learning methods, show the

promise of outstanding performance and potential.

2.2 Traditional Classification Methods

The main task of traditional classification methods is feature extraction, with the
features being representative information of image. Generally, the image features can be

derived from two main spaces: input image space and feature space.

The classification based on the features derived from image space mainly uses the
underlying characteristics of the image such as color, grayscale levels, texture, shape, and
position to classify the image. Images can be classified according to the color features,
because the color distribution of objects on image is different. The color histogram method
proposed by Swain and Ballard (1991) is the earliest method to apply color features to
image classification. This method is computing the proportion of each color in the image
space to classify images, but this method cannot identify and distinguish the information
described by the image. The texture feature is evaluated as being coarse or smooth, rippled,
irregular or lineated. Textures are everywhere on images and there are different textures on
different objects. After the texture of the image is processed and digitized by the computer,
the signal foranalyzingand processing the image can be obtained. Early research on image

texture mainly used some mathematical transformation to analyze textures, such as
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autocorrelation functions (Kurita & Otsu, 1995), power spectra (Wang & He, 1990),
Markov meshes (Cohenetal., 1991) and so on. Although these studies had achieved some
success, they did not well define the spatial characters of textures, which means that when
researchers analyze the image features with those methods mentioned above, they still
know little about the features spatially. Moreover, due to the diversity of texture images
and the complexity of analysis algorithms, it is difficult to apply the same texture feature
in different fields. The shape feature describes the area enclosed by the closed contour
curve. It is generally related to the target object depicted in the image. Presently,
classification methods based on shape features basically classify images by contour and
regional structure, like inner distance which is defined as the length of the shortest path
between landmark point within the shape silhouette (Ling & Jacobs, 2007). To classify
images through image space-based classification methods requires a large amount of
calculation data and the calculation process is very complex, but, practically, the classifier
system designer also should consider the speed of the classifying process to meet the

requirements of the project.

Classification based on the features derived from feature space tend to perform more
efficiently. The original image is mapped to a high-dimensional space through
transformation methods such as K-L transformation (Fukunaga & Koontz, 1970) and
wavelettransformation (Ghazalietal.,2007), and then the high-level features are extracted
to achieve image classification. This method effectively reduces the dimension of the
calculation data and the complexity of the calculation process. However, the classification

result highly depends on the adaptability of the feature extraction method.
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The two types of space where image features are derived are both used for image
classification. The difference is that one extracts low-level features and the other extracts
high-level features. We can see that the extraction of image features is the basis of image
classification. Importantly, the feature extraction methods are a crucial part of the
classifying pipeline, because some features can only show good results with some
particular extraction methods. The main methods of feature extraction are divided into two
categories: linear feature extraction methods and nonlinear feature extraction methods. The
linear feature extraction method extracts features through linear mapping methods, among
which the more representative methods are principle component analysis (PCA), linear

discriminate analysis (LDA) based on Fisher's criterion and Projection Pursuit (PP) etc.

Kirby and Sirovich (1990) introduced a PCA method using the covariance change
matrix in the K-L transformation. After a series of linear transformations, a set of optimal
projection axes are found, and the original samples are reconstructed using this projection
axis. This method canreduce the dimensionality of multi-dimensional data and reconstruct
the original sample with as little data as possible. However, the PCA method will easily
cause the loss of high-order statistical features during data compression, which makes the
feature description insufficient. The LDA method proposed by Swets and Weng (1996) is
to find a set of optimal linear transformations so that the intra-class variance of the
projected sample is the smallest and the inter-class variance is the largest, so as to achieve
the purpose of image classification. Researchers using PP method (Friedman & Tukey,
2006) study high-dimensional data by mapping the high-dimensional observation data in
the sample to a relatively low-dimensional subspace and finding a projection that can

reflect its data structure. However, this method is weak in processing nonlinear problems
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and requires a huge amount of calculation. The above linear feature methods are all linear
features extracted from the sample through a certain linear mapping, which makes these

methods ineffective for nonlinear distribution structure problems.

Non-linear feature extraction methods depend on non-linear mapping methods to
obtain the characteristics. The main methods include k-nearest neighbor (kNN), support

vector machine (SVM) and kernel principal component analysis (KPCA) etc.

The kNN method is one of the most typical classifying method and is also easy to
realize in practice. In KNN method, we need to set a sample data set, also called a training
sample set, where each data in the sample set has a label, which means that we know the
relationship between each data in the sample set and its category. After inputting unlabeled
data, compare each feature in the new data with the corresponding feature of the data in the
sample set, and then extract the classification label of the most similar data (nearest
neighbor) in the sample set. Generally speaking, we only selectthe firstk mostsimilar data
in the sample data set, and that is the meaning of k in the kNN algorithm. Usually k is an
integer not greater than 20. Finally, the category with the most occurrences among the k
most similar data is selected as the category of the new data. The SVM method is to map
the sample space to a high-dimensional space through a non-linear mapping, so that the
linearly inseparable problem in the sample space is transformed into a linearly separable
problem in the high-dimensional space to perform image classification (Burges, 1998). The
KPCA method (Zhangetal., 2006) is to map the output space to the feature space through
a nonlinear mapping and perform PCA. The above two methods both map the original
sample to a high-dimensional space and then perform linear segmentation, which is easy

to cause a "dimensional disaster". Because there are many types of image data, the
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traditional image classification methods are mostly for a specific type of image
classification. When the image type changes, the previous method that has achieved good
results on a certain type of image classification task is not satisfied with another type of
image classification. Therefore, it is necessary to find a universal and efficient image

classification method.

2.3 Deep-Learning Classification Methods

Deep learning is a branch or subfield of machine learning. It uses multi-level nonlinear
information processing and abstraction for supervised or unsupervised feature learning,
representation, extraction, classification, and pattern recognition. Most people think that
modern deep learning methods have been developed since 2006. In 2006 Geoffrey Hinton
and his team proposed the concept of deep learning (reference for this? , and then his team
proposed one of the deep learning models, the deep belief network, and gave an efficient
semi-supervised algorithm: layer-by-layer greedy algorithm to train the parameters of the
belief network in the deep layers, which successfully overcomes the disadvantages of deep
networks that are difficult to train and starts the new stage of deep learning. In 1998, the
convolutional neural network (CNN) proposed by LeCun and his team. His team designed
the CNN model based on the information processing mechanism study by Hubel and
Wiesel (1962) that the process of visual information received by the retina is transmitted
to the brain by multiple levels of receptive fields, and the theory by Fukushima (1980) that
the pattern recognition is not affected by position changes, small shape changes,and image
size based on the concept of receptive fields. As the model depth continues to deepen, the
network structure and training parameters have become more complex, which makes the

amount of calculations increase rapidly. In the meantime, the network training is prone to
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fall into a local optimum, and over-fitting occurs in the processing. Additionally, coupled
with the limitations of the hardware conditions at that time, it can only be applied to small-
scale images. In 2006, Hinton proposed two important points: the first one is that the
learning ability of a deep neural network with multiple hidden layers is significantly better
than that of shallow learning, which means that the characteristics of features obtained are
more meaningful, and the second one is that the difficulty of training deep neural networks
can be greatly reduced by layer-by-layer initialization. So far, the above situation can be

improved (not sure what you are trying to say here?).

Since 2010, the annual ImageNet ILSVRC (Large Scale Visual Recognition Challenge)
image classification competition is a well-known international competition and has
achieved many excellent results. The competition uses a subset of the ImageNet data set
(Dengetal., 2009), which contains millions of images and are divided into more than 1,000
categories. In2010and 2011, the teams that won the championshipin the competition used
traditional image classification algorithms. They mainly used algorithms such as SIFT and
LBP (Ahonenetal.,2006)to process image features, and thenused classifiers suchas SVM
to extract and classify them. The best result achieved was an error rate of 28.2%

(Russakovskyetal., 2015).

The ILSVRC 2012 competition is an important turning point in the field of image
classification research. In this competition, AlexNet proposed by Alex Krizhevsk et al.
used the convolutional neural network model for the first time in a large-scale image
classification task, and successfully reduced the error rate to 16.4% (Krizhevsky et al.,
2017), which was approximately lower than the second place of 10% error rate. AlexNet

is an eight-layer convolutional neural network with the first five layers as convolutional
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layers and the last three layers as fully connected layers. The last layer of the fully
connected layer uses the softmax classification method and uses ReLU (Rectified Linear
units) function as a nonlinear activation function. In addition, the model proposes the

dropout method to reduce the occurrence of overfitting.

Clarifai, the winning team of ILSVRC 2013, proposed a deconvolution network for
each convolutional layer of AlexNet (Zeiler & Fergus, 2013), so that the features leamed
by each convolutional layer can be visualized and analyzed. This method gives people
access to understanding of the principle of image classification for convolutional neural

networks, which has reduced the error rate to 11.7%.

A big breakthrough was made in the image classification results in the ILSVRC 2014
competition. The GoogleNet proposed by the Google team won the championship with a
good error rate of 6.7% (Szegedy et al., 2015), and the error rate was lower than the
previous best results by half. The network applies Hebbian learning rules and uses multi-
scale processing methods to optimize the convolutional neural network. The team was
inspired by the idea of research work by Lin’s team (2013) and proposed the Inception
module. This module broadens the depth and width of the network and reduces training

parameters. At the same time, it effectively reduces the occurrence of over-fitting.

In ILSVRC 2014, the Microsoft Research Asia team proposed the SPP-NET model
(Zhang et al., 2015), which won the third place that year with an error rate of 8.3%. This
model employs a new pooling method called spatial pyramid pooling. Before that, since
the number of parameters of the fully connected layer in the convolutional neural network
is fixed, it is necessary to ensure that the input dimension of the fully connected layer is

fixed. The input dimension of the fully connected layer is determined by the output
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dimension of the convolutional layer, and the output dimension of the convolutional layer
is determined by the input dimension of the convolutional layer, so the size of the input
image needs to be fixed. Therefore, it is necessary to adjust the length and width of the
image, which will cause loss of original image information or distortion of the image. The
spatial pyramid poolingmethod divides the inputimage into a fixed number of local spatial
blocks and performs maximum pooling, so that the output dimension is fixed. At the same
time, multi-level spatial block division is adopted to ensure the extraction of features of

differentscales. This method enables the network model to use images of any size as input.

Microsoft Asia Research Institute proposed the PReLU-Nets model (Zhangetal., 2015)
in early 2015. This model is the first time to surpass the effect of human eye recognition,
error rate of 5.1% (Szegedy etal., 2015), on the ILSVRC image classification dataset with
an error rate of 4.9%. The model employs the parameterized modified linear unit (PReLU)
as the activation function, and greatly improves the recognition accuracy with a small

cumulative cost method.

Soon after, Google proposed a new generation of GoogleNet model, which achieved
an error rate of 4.82% on the ILSVRC 2012 dataset (Ioffe etal., 2015). This model uses
the normalization method in the activation function inside the network to normalize the
data transmitted between layers. Due to the use of stochastic gradient descent for training,
the normalization can only be performed within each minibatch. This method has achieved

good results, such as high learning rate, accuracy rate, and reducing overfitting.

Convolutional neural networks are increasingly capable of image learning, but their
ability to learn image space invariance, especially rotation invariance, cannot still work

well. To solve this problem, Google DeepMind research team proposed the spatial
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transformer module (Jaderbergetal., 2015), which can perform spatial transformation on
the input data and make the extracted features easy to learn and classify. Additionally, the
module has the ability to learn independently for the required spatial transformation

requirement during the training process without additional supervised training.

ILSVRC 2015, the 152-layer deep residual network proposed by the Microsoft
Research Asiateam won the image classification championship with an absolute advantage
of 3.57% error rate (Zhang et al., 2016). As the depth of the network increases, the
difficulty of training continues to increase. Moreover, the accuracy of image recognition
and classification gets saturated and even begins to decline. The team came up with the
idea of residual learning, that is, when the effect obtained by network training cannot be
further, the residual function with a learning value of 0 is easier to achieve good results
than the identity function. The shortcut connection method is used for linking between
some layers in the network to achieve residual learning, so that the appropriate accuracy

rate will not decrease due to the increase in the number of network layers.

Inthe subsequentILSVRC competitions, ensemble models becamethe mainstream, and
there was no major breakthrough in model innovation. Since the convolutional neural
network was first applied in the ILSVRC image classification competition in 2012 and
achieved remarkable results, the convolutional neural network has been widely used in the
field of image recognition and classification. Continuously, improved network models
emergence with the hard work by research teams and refresh the ILSVRC competition
record, and also strengthen the ability of convolutional neural networks to learn and extract
image features for classifyingtasks. In the meantime, with the development of high-quality

and large-scale datasets such as ImageNet and MSCOCO, the training process of
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convolutional neural networks has been continuously improved, which makes the model
have stronger and more robust capabilities for different types of images so as to and

improve the performance in practical classification tasks.

2.4 Comparison of Two Types of Classification Methods

Compared with traditional image classification methods, the biggest advantage of
image classification with convolutional neural networks is that there is no need to extract
specific image features for specific image datasets. As was previously described for
traditional methods, they will need a lot of mathematical processes and analysis for the
image data to make sure to choose the appropriate image features and apply the
correspondingextraction methods. However, the good classifier for one type of image may
not work well for another type of image. That means it should entirely reconstruct the
classification pipeline. While CNN simulates the visual processingmechanism of the brain
and automatically selects the image features, so as to realize the classification task of the
image with less complexity of process. This solves the problem of manually extracting
features in traditional image classification methods,and truly realizes artificial intelligence,
which will notneed to design the image feature descriptor andthereforereduces the amount
of computing significantly. In addition, the convolutional neural network has the ability of
transfer learning. The transfer learning is that the trained network can apply the previously
learned features from some image dataset to a new image classification task, which can
greatly improve the accuracy and efficiency form the experience of previous image

classification tasks and strengthen the robustness of model.

The application of convolutional neural networks in various image classification

systems has become more and more widespread. However, there are still some challenges
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mainly in the following aspects. Firstly, the theoretical research of convolutional neural
networks is relatively insufficient, and the understanding of the specific mechanisms of
image feature extraction and classification is not totally clear, which results in that setting
of network parameters requires much experience to avoid overfitting as the network
deepens. Secondly, for the image classification problem, the training of network requires a
large number of labeled datasets to improve its generalization ability, but the existing
datasets cannot be enough to meet its development needs, especially in medical research
fields. This is the main factor restricting the development and promotion of convolutional
neural networks in medical imaging application. Thirdly, the related theories of
convolutional neural networks completeness are relatively insufficient, and there are
phenomena such as "deception" in image classification (Nguyen et al., 2014). That means
that the classifier will believe one object belonging to one category with high confidence,
while the object may not be completely unrecognizable to human eyes. Although, the
convolutional neural network model is designed based on human visual system, the
features extracted from image will be much different from the that from human eyes.
Inspiringly, Wang and his team (2020 fix this reference) visualized the CNN and gave
access to know what the CNN extracts from the image data in each layer. It is very

meaningful to understand what image features the network is interested in.

2.5 Application on Medical Image

Medical image analysis initially mainly employs traditional classification methods
such as edge detection, texture features and construction of shape models for matching. As
deep learning technology achieve huge success on general images, many research teams

also try to transfer this method to medical image field. Yaniv and his team (2015)
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conducted a project to transfer the classifier model trained with ImageNet dataset, non-
medical image dataset, to classify chest pathology images. Although the model is trained
by non-medical images, it still can show a good performance with accuracy of 80%. Deep
learningis data-driven method and can automatically learn relevantmedical image features
and data characteristics from large-scale datasets for specific problems. Using a learning
process, the model selects the correct features from the training data so that the classifier
can make correct decisions when testing new data. Also, the deep learning method has
become a promising research field due to its efficiency, which dramatically reduces
workload of physicians on image diagnosis. However, the biggest challenge comes from
the medical image dataset. The robustness of classifier is highly depended on the sufficient
training dataset. In fact, clearly labeled medical image datasets are nearly as big as the
amount of images in the ImageNet dataset for many reasons, like patients’ privacy,
complexity of pathological structure and so on. Nevertheless, some medical image datasets
have emerged in recent years, like such as brain tumor MRI image BRATS dataset (Wang
etal., 2015), retinal OCT image dataset (Kermany et al., 2018), ISLES dataset of ischemic
stroke (Maier et al., 2017), which will facilitate testing and validation of classification

models.

2.6 Conclusion

In summary, deep learning has the ability to automatically learn more discriminative
image features from data. It has been applied to many research fields including medical
image analysis and has made breakthroughs, which has been proved by the results of
several image classification challenging competitions. Additionally, the development of

cloud computing and multi-GPU high-performance computing technology has made deep
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learningmethod possible to learn and extract features frommassive image dataset. As more
and more public medical image databases emerge, the application of deep learning on
medical image will show its potentiality and dramatically promote the development of

medical research and industry.
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Chapter 3 — Methods

3.1 Retinal OCT Dataset

In this research, I employed a dataset of high-resolution JPEG retina optical coherence
tomography (OCT) images which come from team of Kermany etc (2018). The images are
splitinto a training set of 100,000 OCT images and a testing set of 1,000 OCT images from

independent patients and are labeled as CNV, DME, DRUSEN, and NORMAL.

Considering the limitation of computing ability on GPU, I utilized a fraction of this
dataset, the training set of 6,000 images and the test set of 1,000 images. Although the
smaller training set may lead to overfitting and reduce the accuracy of outputs, there are

also severalmethods to overcomethis problem and enhance the robustness of the classifier.

3.2 Basic Structure of Classifier Based on CNN

The convolutional neural network (CNN) is a deep learning method, which is most
commonly applied to analyzing visual imagery and can perform better than other types of
artificial neural networks. The most fundamental advantage of CNN is automatic feature
extraction for the given task, which can recognize the pattern of images from the training
process. This work will construct a CNN classifier and optimize the model to a higher
accuracy step by step. Because the CNN needs to make convolutional computation on the
input images, that will cost a lot of time. To accelerate the process, the algorithm was
compiled with a GPU, which can dramatically speed up compared with CPU. The first
classifier model is based on the basic CNN structure, called model version.1, which is
constructed by three blocks containing one convolutional layer and one max pooling layer

and a fully connected layer. (Shown in Figure. 6.) Although adding more blocks could let
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the model to learn more deep image features from inputdata, less trainingdata would prone
to overfittingin the earlier training stage. So, in this work, the model was constructed based

on three blocks to test its performance and validation.

FULLY
BLOCK ] BLOCK BLOCK
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Fig. 6. Structure of model version. 1.
3.2.1 Convolutional Layers

Convolutional layers consist of many convolutional kernels which are trained to
recognize different image features. The convolutional kernels in shallow layers will leam
some simple image features like edges, curve, corners and parallel lines. And those in deep
layers will learn some more complex image features, like circles and triangles, and some
patterns of images. There are some methods to visualize the convolutional kernels.
However, all the features or patterns may notbe recognized orunderstood by human. Some
of them are slightly different, but the computer version system can decern and classify

them.

Convolutional kernels convolve the input and pass its result to the next layer, which is

similar to the function of a neuron in the visual cortex to response a specific stimulus. Each
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convolutional kernels processes data only for its receptive field which are designed by the
programmer and can be adjusted for different sizes of original images. Because the
receptive field of convolutional kernels are part of the original input images, the kernels
can effectively detect the local information of input images and catch subtle differences of
them, which are superior to human eyes. Each kernel in a convolutional layer computes
an output value by applying a specific function to the input values coming from the

receptive field in the previous input layer and learns to iteratively adjust the function.

In the model version. 1, kernels with size of 3x3 were used to make convolution for

learning and there were 32 kernels in the first block, 64 kernels in the second block and

128 kernels in the third block.

3.2.2 Max Pooling Layers

Pooling layers reduce the dimensions of the data by combining the outputs of neuron
clusters at one layer into a single neuron in the next layer, which is a form of non-linear
down-sampling. Max poolingis the most common method. It partitions the input image,
or pixel value matrix, into a set of non-overlapping rectangles and outputs the maximum
for each such sub-region. Figure.33 shows the process of the max pooling. The pooling
layer facilitate to progressively reduce the spatial size of the representation, to reduce the
number of training parameters, which can control and reduce overfitting and speed up the
training process. Surely, using smaller convolutional kernels can also reduce the
representation and then discarding pooling layers. However, that will increase the
convolutional computing process, which will cost a great amount of training time.
Therefore, in this work, it was decided to construct the classifier model with max pooling

layers.
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Fig. 7. The process of max pooling.

3.2.3 Fully Connected Layer

In a fully connected layer, each neuron is connected to every neuron in the previous
layer, the feature map produced by convolutional layers, and each connection has its own
weight. The fully connected layer will serve to identify which class the inputimage belongs
to base on the values from each convolutional kernel in the previous layer. And the number
of neurons is equal to the number of the classes which we plan to identify. In my project,

four classes need to be categorized, so there are 4 neurons in the fully connection layer.

3.3 Reducing Overfitting

The model version.1 of classifier is constructed with the basic architecture of CNN.
When faced with insufficient training dataset or the task to classify images with subtle
differences, the model would most likely be overfitted. Therefore, to increase the accuracy

of classifier, several methods were utilized to reduce overfitting of the model step by step.

3.3.1 Dropout

Because the fully connected layer needs to connect all the neurons of previous layer,
there are a great number of parameters need to be computed. That is prone to overfitting,

One simple idea is to choose a subsetof neurons to connect to the last layer in each training
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process. By avoiding training all nodes on all training data, dropout decreases overfitting
and allows the model to learn more robust features. Additionally, adding a dropout layer
can also dramatically improve training speed. The figure below is model version. 2 with

dropout.

In the model version. 2, the parameters were the same as version. 1, but a parameter of

0.5 was used to randomly dropout half of the neurons before the fully connected layer.

FULLY
CONNECTED
LAYER
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Fig. 8. Structure of model version. 2.

3.3.2 Regularization Penalty Term

A regularization penalty term can constrain coefficient estimates, or equivalently,
shrink the coefficientestimates towards zero. The two best-known techniques for shrinking
the coefficients towards zero are the lasso, or called L1 norm, and ridge regression, or
called L2 norm (need a reference here). The goal of training is reducing the error between

the output of the model and true label.

L2 norm regularization is the most common form of regularization. It is implemented

by penalizing the squared magnitude of all parameters directly in the objective. The L2
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norm regularization has the intuitive interpretation of heavily penalizing peaky weight
vectors and preferring diffuse weight vectors. Due to multiplicative interactions between
weights and inputs this has the useful property of encouraging the network to use all of its

inputs a little rather than some of its inputs a lot.

L1 norm regularization is another common form. It is implemented by penalizing the
magnitude of all parameters directly in the objective. The L1 normregularization leads the
weight vectors to become sparse during optimization. In other words, neurons with L1
regularization end up using only a sparse subset of their most important inputs which has
a major advantage over L2 norm regularization for less parameters and more robust. In
addition, L1 norm can show more stable on input with noise. Here, [ add the regularization
penalty terms L1 with value of 0.01 into the classifier model version. 2 to strengthen its

ability.

3.3.3 Data Augmentation

The main reason of overfitting is an insufficient training dataset. There are 6,000
images in this project to be utilized for the training process. Compared with the ImageNet
of 14 million images, the size of my trainingdata is very small. In fact, high-quality medical
image datasets, with accurate labels, are limited. Fortunately, modern deep learning
methods, like CNN, can learn position-independent image features from input data, which
can help the model to learn these features insensitively to some changes, such as the left-
to-right and top-to-bottom order, the lightingchanges of images, and so on. So, the training
datasetcan be enlarged with some digital image processingmethods, like flipping, rotation,
scaling, cropping, translation along x or y axis and adding Gaussian noise. That is called

as data augmentation.
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The main intention of data augmentation is to expand the training data with reasonable
new data. In other words, we can let the model see a larger diversity of training data. For
example, if we flip an objectin image horizontally, thatmakes sense. Because the camera's

shooting angle may be left or right.

In recent years, some generative models emerged and attracted widespread attention
due to their excellent performance, especially generative adversarial network (GAN)
(Goodfellow et al, 2014). Its ability of generating samples can also be used for data
augmentation. However, the method based on GAN is more complicated than traditional
data augmentation techniques, but the generated samples are more diverse. Inspiringly,
there has been a lot of work in the field of medical image generation using GAN, which
cansolve problems such as data insufficiently (Frid-Adar, 2018). Existingwork shows that
GAN can be used to synthesize realistic prostate lesion (Kitchen & Seah, 2017), retinal
images (Schlegl etal., 2017) or lung cancer nodules (Chuquicusmacet al., 2018). Synthetic

lung cancer nodules are indistinguishable fromreal ones, even for radiologists.

In this project, basic data augmentation methods were employed to strengthen the
training process and build the classifier model version. 3, such as random rotation in the
range of 40°, random width or height shiftin the range of 20%, random rescaling in the

range of 20% and horizontal or vertical flips.

3.4 Transfer Learning

According to Sir Isaac Newton, "if 1 have seen further, it is by standing upon the
shoulders of giants". Transfer learningis like a story telling aboutstanding on the shoulders

of giants. With the emergence of more and more deep learning application and models,
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people will inevitably think about how to use the trained models to complete some similar
tasks. Due to retraining an excellent model requires a lot of time and computing power. It
is undoubtedly the best way to reuse some image features learned and extracted by pre-
trained models. The structure of CNN makes it possible forits relatively independent layer-
by-layer architecture. Additionally, the image features extracted from the shallow layers
show more generic, like textures, while that extracted from the deep layers show more
dataset specific. That means that if the content of dataset to be classified is similar to that
of dataset for pre-training model, one can directly use the fully connected layer of the
classifiermodel to make decision. If not, there is a strategy called fine-tuning. This strategy
involves freezing the trained weight values of shallow layers and put the parameters of
deep layers and last fully connected layer together to be trained with the new dataset. That
will reduce the process of training generic image features and make the decision more
corresponding to the classes to be categorized. This project uses a famous pre-trained
model for transfer learning process, VGG-16 (Simonyan & Zisserman, 2014), to build the

classifier model version. 4.

VGG was proposed by the Visual Geometry Group of Oxford University. This network
is applied in ILSVRC 2014. It proved that increasing the depth of the network can affect
the final performance of the network. The typical characteristic of VGG-16 is that it
employs several smaller convolutional kernels to replace a larger one. Suppose that
overlapping three 3x3 convolutional kernels layer by layer. In this arrangement, each
neuron in the firstconvolutional layer has a 3x3 field of view to the inputdata. The neurons
on the second convolutional layer have a 3x3 field of view to the first convolutional layer,

which is a 5x5 field of view to the input data (shown in Fig. 9.). Similarly, the neuron on
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the third convolutional layer has a 3x3 field of view to the second convolutional layer,

which is a 7x7 field of view to the input data.

% == Second Convolutional

\ ¢mmmm  First Convolutional Layer

/
/ /| 4ummmm  Inputlmage Data

Fig. 9. The process of overlapping two convolutional kernels.

Assume that without using the three 3x3 convolutional kernels layer by layer, the
model employs a single convolutional kernel with a 7x7 field of view. The receptive fields
of all neurons are also 7x7, but there are some disadvantages. Firstly, the structure of
multiple convolutional layers can extract deeper and better features than a single
convolutional layer structure. Secondly, a single 7x7 convolutional kernel will contain 7 x
7 =49 parameters, while the combination of three 3x3 convolutional kernels layer by layer
has only 3 x (3 x3) =27 parameters. Intuitively, it is better to choose a convolutional layer
combination with a small kernel instead of using a convolutional layer with a large one.
The former can express more powerful features from the input data and use fewer

parameters.

3.5 Other Parameters in Model Training
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3.5.1 Batch of Size

Batch size is an important parameter in machine learning. The loss function for each
parameter updating is not obtained by a data, like one image, but by a set of data. The
number of this set of data is batch size. If the size of datasetis relatively small, the full
dataset can be used for training, which is called full batch leaming. Its advantage is that the
training direction determined by the full dataset can better represent the sample. On the
contrary, for larger dataset, with the massive growth of dataset and limitation of memory,
itis impossible to load all the data at once. A good choice of batch size is to find the balance

between memory efficiency and memory capacity.

3.5.2 Epoch

One epoch means thatall the training data have been inputnetwork for training. In each
training step, one batch of training data will input to network for computing and updating
all the parameters. Practically, one time for training all data is not enough. However, there
is no criteria of how many epochs is perfect. It all depends on the results of several trials

and experience.
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Chapter 4 — Results

4.1 Results of Model Version. 1

In training process, the batch size was set at 64 and epoch set at 100. As described
above, the settings for batch size and epoch may not appropriate for each training process.
If the results show overfitting, the next epoch will not be meaningful. The results (Fig. 10)
show that the model version. 1 appears overfitting in early epochs and the validation
accuracy is under 20%. Unfortunately, the accuracy is lower than 25% which is the
probability of blind guess with four classes of OCT image dataset. The model version. 1
does not have the capacity of retinal OCT classification. Besides, the training process

costed about 10 minutes.
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Fig. 10. Accuracy and Loss of Model Version. 1.

4.2 Results of Model Version. 2

Because of the relatively small size of training dataset in this project, it was decided to
develop the 10-fold cross-validation ofthe model version. 2, which can reuse the data from

the original dataset and make all the image data in training. The results in the Fig. 11 show
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that the validation accuracy increase slightly compared to that of model version 1, but not

by a lot. In addition, the training process for this process costed an additional 15 minutes.
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Fig. 11. Accuracy and Loss of Model Version. 2.

4.3 Results of Model Version. 3

It can be seen from Fig. 12 that the validation accuracy increases corresponding
with the training accuracy and the validation loss also decreases corresponding with
training loss. It seems like that no overfitting occur. For this reason, model version. 3 was
trained with a setting of 100 epochs. If a larger epoch number is used, the validation
accuracy will increase continually and occur overfitting eventually. While the time of
training process, about 50 minutes, is more than that of the first two models because of the

more training data with the augmentation.
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Fig. 12. Accuracy and Loss of Model Version. 3 within 100 epochs.

The next step involved turning the number of epochs to 200 to check when the

overfitting occurred. This step produced the results shown in Fig. 13.
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Fig. 13. Accuracy and Loss of Model Version. 3 within 200 epochs.

The Fig. 13 shows that with more training epochs, the validation accuracy eventually

reach approximately 23%. Though the model version. 3 shows a better performance than

the two model above, tis still under the probability of blind guess. In addition, the process

of using 200 epochs costs almost 2 hours.

34



4.4 Results of Model Version. 4

From the results shown in Fig. 14, the validation accuracies have significantly
increased compared with the previousthree models with an accuracy ofaround 76%. These
accuracy results are dramatically larger than the probability of blind guess, which means
thatthe model version. 4 possesses strongcapacities to classify the fourretinal OCT images.
What’s more, the training time also decreased dramatically, since the weighting parameters,
except for the last block in VGG-16 architecture, do not need to be trained using the OCT
dataset and the epoch number was reduced to 50. That eventually saves a lot of time and

only cost less than 5 minutes to finish the training process.

The results are shown below:
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Fig. 14. Accuracy and Loss of Model Version. 4 with VGG-16.

In addition, to make the convolutional kernels better fitthe retinal OCT images dataset,
fine tuning was applied to the kernels on the last few blocks of VGG-16, which means the
kernels in the last blocks were retrained with the retinal OCT dataset used in this project.
Figure. 15 shows the results that the validation accuracy has continually increased to 80%.

Compared with the two groups’ results, it can be seen that as the deeper layers are free to

35



be retrained by the new training data, the more image features fitted with this training data

will be provide improved classification.
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Fig. 15. Accuracy and Loss of Model Version. 4 with fine-tuning VGG-16.

4.5 Discussion

The four CNN classifier models demonstrate the basic structure of CNN and different

methods to reducing overfitting. The table below shows the results of each model.

Accuracy Loss Training Time
Version. 1 (Basic Structure) 20% 2.8 10 min
Version. 2 (Adding Dropout 21% 3.4 15 min
and Regularization Term)

Version. 3 (Data 23% 2.9 110 min
Augmentation)

Version. 4 (Transfer Learning 81% 0.8 <4 min
with VGG-16)

Tab. 1. Comparison of each version.
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This data demonstrates that the basic CNN structure may not be able to make an
appropriate decision on retinal OCT images. There are many reasons to explain it.
Compared with the model version 2 and version. 3, the main reason is insufficient training
data, which lead to overfitting in early epoch. It should be also noted that the training time
will increase drastically with enlarged training dataset. Although, the model version. 4 with
transfer learning method performs best among them in aspect of time and accuracy, the
pre-training process may take several days or even several weeks for computing all the

parameters in the CNN model.

In addition, though the model version 4 performs well with an accuracy of 81% with
10-fold cross-validation on training dataset, the classification ability should be tested on
the new data. As a test of the functionality of the algorithm, an additional dataset of 1,000
unused OCT images was used in each class to test its validation. Inspiringly, the result of
testing accuracy is 82.5%, which is similar to the initial validation accuracy and shows its

robust capacity for classifying new retinal OCT images in each of the four classes.
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Chapter 5 — Exploration

5.1 Visualization of the Models

Since the CNN classifier model needs no pre-extracted features from the input images
manually, it performs like a black box. To know how the CNN work inside the box is very
important for giving an instruction to tune the layers and convolutional kernels. In recent
research, especially the research work by Wang’s team (Wang et.al. 2020), some
visualization methods have been developed, like visualizing intermediate layer activations,
visualizing convolutional kernels and visualizing heatmaps of class activations. This
project focused primarily on the convolutional kernels and the heatmaps of class

activations.

5.1.1 Visualizing Intermediate Layer Activations

To understand how our deep CNN model is able to classify the input image, we need
to understand how our model sees the input image by looking at the output of its
intermediate layers. That means that we can print the output of the intermediate layers. By
doing so, we are able to learn more about the working of these layers. But it still offers us

insufficient information of the classifier’ mechanism.

5.1.2 Visualizing Convolutional Kernels

Another way of learning about what your Convolution network is looking for in the
images is by visualizing the kernels of convolutional layer. These kernels work as filters
for particular image features. By displaying the network layer filters one can learn about

the pattern to which each filter will respond to. This can be done by running gradient
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descent on the value of a convolutional net so as to maximize the response of a specific

filter, starting from a blank input image.

For example, VGG-16 is a very regular network, and all the filters’ (convolutional
kernels) sizes are 3x3. With such small filters, it is very difficult to understand their
function. Wang and his team (Wang et. al. 2020) provided an idea to analyze them. When
the input image is more similar to the filter, their convolution output will be larger.
Therefore, input a large number of pictures to the CNN and see which one has the largest
output. But this is not valid in practice. And the other idea is that one can directly input a
noisy image and use a method similar to gradientdescentto continuously update the image,
so that the results of output continue to increase. Finally, the image will reflect to the filter
showing what it looks like. In the next step, this method was used on the pre-trained VGG-
16 which is for transfer learning in the model version.4. Its kernels were visualized from
shallow layer to deep layer. For simplicity, there will show the first 64 filters in each layer
and will only look at the first layer of each convolution block. The Fig. 15 shows the first
64 filters in the first block. We can see from this that the kernels in the shallow
convolutional layer seem to filter basic and generic image features such as edge, color and

simple textures.
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Fig. 16. The first 64 kernels in the first convolutional block.

In the next Fig. 16, more kernels begin to decern more complex texture combined with

different color and basic texture appearing in the shallow convolutional layer.
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Fig. 17. The first 64 kernels in the second convolutional block.

That is more obvious in the next layer shown in Fig. 17. At this level, one can begin to
see more complicated and various patterns, such as spirals, waves, squares, shapes like

eyes and shapes like roof'tiles.
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Fig. 18. The first 64 kernels in the third convolutional block.

At this deeper level (shown in Fig. 18 the pattern of the picture is more complicated. It
seems to be a large pattern composed of the small patterns in the previous layers, such as
a shape similar to a twist, a shape similar to a spider web, etc. The features recognized by
these filters are difficult to interpret, but definitely more advanced. Since only part of the

filters are selected for visualization, the patterns are difficult to discern.
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Fig. 19. The first 64 kernels in the fourth convolutional block.

So, it can be understood that the shallow filters of CNN generally detect the basic and
generic features such as edge and color. After that, the filters can identify various texture
and patterns in the deep layer. In the much deeper layers, filters can detect patterns like

twist, bugs and so on which are composed of the previous basic image features.
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5.1.3 Visualizing Heatmaps of Class Activations

While predicting the class labels for images, sometimes the model will predict the
wrong label for your class, which means that the probability of the right label will not be
maximum. In cases such as these, it will be helpful if people could visualize which parts
of the image is the network looking at and deducing the class labels. The general category
of such techniques is called class activation map (CAM) visualization. One of the
techniques of using CAM is to produce heatmaps of class activations over input images. A
class activation heatmap is a 2D grid of scores associated with a particular output class,
computed for every location for an input image, indicating how important is each location

1s with respect to that output class.

A heat map is an image usually used to classify categories. It is somewhat like an
infrared imaging map, where the high temperature part shows red and the cold part shows
blue. In the same way, we can use the heat map to show which part of the picture has the
largest activation value by the neural network. For example, considering that the model is
designed to make cat and dog classification, if the network identify that input is a cat, the
warmer color will be generally scattered on the cat in the image and indicate which part of

the cat contribute more to identifying the cat class.

For this work, this CAM method was applied to the three kind of abnormal retinal OCT
images. The goal is to test whether the model making the correct decision of the three
classesis based on the focal area of retinal disease. Firstly, I randomly choose three images
separately coming from the three abnormal retain classes and input these images into the

model version. 4. Then prediction results show in the matrix below.
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The rows indicate the order to input the model. In sequence, from the first row to the
third row, those are CNV, DME and drusen. The columns indicate the four classes, which
are, from the first columns to the fourth, CNV, DME, drusen and normal retina. The value
of element in the matrix is the probability of each class predicted by model. So, the results

show that the model version. 4 has correctly classify the three images.

Heatmaps were then developed and then overlapped on the three images. The results

are shown below (Fig. 20 - 22).

Fig. 20. Left image shows CNV disease and right one is overlapped with CAM.
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Fig. 21. Left image shows DME disease and right one is overlapped with CAM.

Fig. 22. Left image shows Drusen disease and right one is overlapped with CAM.

Classifiermodel version. 4 was able to correctly categorize the three images with 100%
accuracy, and the figures also show its capacity to find the focal area with applying heat
map. The warmer color on the heat maps display the representative parts of the abnormal
types. We can see the validation of mark the key information of CN'V and Drusen. However,
it doesnotseem to perform well in markingthe pathology of DME. The CAM method may
have potential in certain areas of image information searching. Furthermore, these regions
identified by heatmaps can facilitate clinical experts to make pathology analysis. It seems

to be a promising segmentation method.
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Chapter 6 — Conclusion and Future Work

6.1 Conclusion

This project is based on the insufficient training datasets, which causes the obvious
overfitting and low accuracy. While there are many methods to reduce overfitting,
Regularization term and dropout layer can reduce overfitting but not obvious in case of
scarcity in training datasets. And the data augmentation shows better results. In other words,
to enlarge the training datasets is an effective way to optimize the CNN model. In the
meanwhile, employing some mature pre-trained model features into my CNN model can
also significantly increase the validation accuracy. Practically, when faced with a
classification tasks, we should pay more attention to dataset. A high-quality dataset would
train a robust classifier model. Moreover, taking various methods to reducing overfitting

is effective way to refine the classifier model.

6.2 Future Works

Classification based on CNN structure is a comprehensive topic. Although, the models
can get about 80% accuracy to classify retinal OCT image classes, there are still many

challenges. Here, I list three main tasks of the project in future works:

First one is fine tuning the models of transfer learning methods: In my project, I take
use of VGG-16 pre-trained model and make fine tuning the only last convolutional layer,
which means thatputthe lastconvolutional layerinto training. [f more deep layers of VGG-
16 model take part into the training process, the new model may learn more data-relative
features and eventually will perform more accurately. But this task will need enough trials

to make sure how many layers and parameters should be frozen or not.

47



Second one is to study more about GAN. It can be seen that the high quality of training
dataset plays an important role in deep learning research. However, the fact is that not
enough medical image datasets support to deep learning research in medical field. GAN is
promising way to create image as people’s requirement, which provide me a new way to

make data augmentation in the future except for those traditional augmentation methods.

Third one s to dig deeper on CNN structures with visualization methods and strengthen
the ability of classifier to serve for segmentation. Visualizingintermediate layer activations
and convolutional kernels will provide more information on how the CNN works, which
can facilitate me to make fine tuning. In addition, thee heatmaps suggest a new
segmentation method on some respective regions of one particular class image. In other
words, if the classifier correctly identifies the class of one image, itcan take use of heatmap
to extract the representative part of the object for analysis. Traditional segmentation
methods are mainly based on the analysis of histogram, edge information, graph-theoretical
algorithm and mathematical function. They have got success in the field of segmentation
and applied in real life widely. However, somewhat like image classification issue, these
traditional methods are still faced with the problem of generalization ability. The new
thought of segmentation method with heat map will be independent on the image features,
but it highly depends on the ability of classification. If the classifier model could not make
the correct decision of object’s class, the color of heat map will not make sense. Besides,
correlation between understanding of representative object’ part from the human eyes and
that from computer classifier should also be carefully study and test. Although, trying to
utilize the class activation heatmap to make segmentation of interesting region in images

is a new starting point that will come with challenges, such as to improve accuracy and to
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analyze the mechanism of computer vision, the results suggest that this area has great

promise.
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Appendix A — Source Codes

Setting Datasets

os, shutil

original dataset dir =

base dir =
data_dirs
class dirs =

numpy np

seed =
np.random.seed(seed)
images = {

[

data_dirs:
C class dirs:
dataset dir = base dir
os.makedirs(dataset_dir )
fnames = | C i i (images[d][@]
images[d][1])]
fname fnames:
shutil.copyfile(original dataset dir+fname
dataset _dir+fname)

Model Version 1

tensorflow.keras.preprocessing.image ImageDataGenerator

train_datagen = ImageDataGenerator(
val_datagen = ImageDataGenerator(
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train_generator = train_datagen.flow from_directory(

)

)

val generator = val datagen.flow from _directory(

=i )

tensorflow. keras models, layers, optimizers
model = models.Sequential()
model.add(layers.Conv2D( ( )

=({ )))

model.add(layers.MaxPooling2D(( )))
model.add(layers.Conv2D( ( )
model.add(layers.MaxPooling2D( ( )))
model.add(layers.Conv2D( ( )
model.add(layers.MaxPooling2D( ( )))

.add(layers.Flatten())

.add(layers.Dense(

.add(layers.Dense(

.summary ()

compile(
=optimizers.RMSprop(
=l 1)

history = model.fit generator(train_generator

=val generator

=50)

model.save(

matplotlib.pyplot plt

(history.history.keys())
acc = history.history|[ ]




val acc = history.history|
loss = history.history[

val loss = history.history|[
epochs = ( (acc) +

.figure(1)

.plot(epochs, acc
.plot(epochs, val acc
.title(

.xlabel( )
.ylabel(

.legend()

.savefig(
.figure(2)

.plot(epochs
.plot(epochs
.title(
.xlabel(
.ylabel(
.legend()
.savefig(

.show()

Model Version 2

tensorflow.keras.preprocessing.image ImageDataGenerator

train_datagen = ImageDataGenerator(
val datagen = ImageDataGenerator(

train_generator = train_datagen.flow from_directory(

)

)

val generator = val _datagen.flow_from_directory(
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tensorflow. keras models, layers, optimizers

model = models.Sequential()
add(layers.Conv2D( (
=( )))
.add(layers.MaxPooling2D( ( )))
.add(layers.Conv2D( ( )
.add(layers.MaxPooling2D( ( )))
.add(layers.Conv2D( ( )
.add(layers.MaxPooling2D(( )))
.add(layers.Flatten())
.add(layers.Dense(
=regularizers.11(
.add(layers.Dropout( ))
.add(layers.Dense(
.summary ()

compile(
=optimizers.RMSprop(
=l D

history = model.fit generator(train_generator

=val generator

-50)

model.save(

matplotlib.pyplot plt

(history.history.keys())
acc = history.history[ ]
val acc = history.history|
loss = history.history[
val loss = history.history[
epochs = ( (acc) + 1)

plt.figure(1)




.plot(epochs, acc
.plot(epochs, val acc
.title(

.xlabel( )
.ylabel(

.legend()

.savefig(

.figure(2)

.plot(epochs
.plot(epochs
.title(
.xlabel(
.ylabel(
.legend()
.savefig(

.show()

Model Version 3

tensorflow.keras.preprocessing.image ImageDataGenerator

train_datagen

= ImageDataGenerator(
=1./

)

val_datagen = ImageDataGenerator( =1./ )

train_generator = train_datagen.flow from_directory(

)
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val generator = val datagen.flow from_directory(

)

data _batch, labels batch train_generator:
( data_batch.shape}')
( labels batch.shape}')

tensorflow. keras models, layers, optimizers
regularizers

model = models.Sequential()
model.add(layers.Conv2D( (

=({ )))
model.add(layers.MaxPooling2D(( )))

model.add(layers.Conv2D( ( )
model.add(layers.MaxPooling2D( ( )))
model.add(layers.Conv2D( ( )
model.add(layers.MaxPooling2D( ( )))
.add(layers.Flatten())
.add(layers.Dense(
=regularizers.11(
.add(layers.Dropout( D)
.add(layers.Dense(
.summary ()

.compile(
=optimizers.RMSprop(
= 1)

history = model.fit generator(train_generator

=val generator

=50)

matplotlib.pyplot plt




(history.history.keys())
acc = history.history|[ ]
val acc = history.history[
loss = history.history[
val loss = history.history][

epochs = ( (acc) +

plt.figure(1)
plt.plot(epochs
plt.plot(epochs
plt.title(
.xlabel(
.ylabel(
.legend()
.savefig(

.figure(2)
.plot(epochs, loss
.plot(epochs, val loss
.title(

.xlabel( )
.ylabel( )
.legend()

.savefig(

.show()

tensorflow.keras.preprocessing.image

train_datagen

=1./

ImageDataGenerator(

)

val datagen = ImageDataGenerator(

ImageDataGenerator




train_generator = train_datagen.flow_from_directory(

)

)

val generator = val datagen.flow_ from_ directory(

= )

data_batch, labels_batch train_generator:
( data batch.shape} ')
( labels batch.shape}')

tensorflow. keras models, layers, optimizers
regularizers

model = models.Sequential()
add(layers.Conv2D( (
=( )))
.add(layers.MaxPooling2D( ( )))
.add(layers.Conv2D( ( )
add(layers.MaxPooling2D( ( )))
add(layers.Conv2D( ¢ )
add(layers.MaxPooling2D(( )))
add(layers.Flatten())
add(layers.Dense(
=regularizers.11(
.add(layers.Dropout( ))
.add(layers.Dense(
N EISA®)

compile(
=optimizers.RMSprop(
=l 1)

history = model.fit generator(train_generator

=val generator

=50)




model.save(

matplotlib.pyplot plt

(history.history.keys())
acc = history.history|[ ]
val acc = history.history[
loss = history.history|[
val loss = history.history|

epochs = ( (acc) +

plt.figure(1)
plt.plot(epochs, acc
.plot(epochs, val acc
.title(
.xlabel( )
.ylabel(
.legend()
.savefig(

.figure(2)
.plot(epochs
.plot(epochs
.title(
.xlabel(
.ylabel(
.legend()
.savefig(

.show()

Model Version 4

tensorflow.keras.preprocessing.image ImageDataGenerator

train_datagen = ImageDataGenerator(
val_datagen = ImageDataGenerator(

train_generator = train_datagen.flow from_directory(
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)

val generator = val datagen.flow from_directory(

=( )

tensorflow.keras.applications

conv_base = VGG16(

conv_base.trainable =

tensorflow. keras models, layers, optimizers
regularizers

model = models.Sequential()
model.add(conv_base)
model.add(layers.Flatten())
model.add(layers.Dense(

=regularizers.11(
model.add(layers.Dropout ( D)
model.add(layers.Dense(
model.summary()

compile(
=optimizers.RMSprop(
=l 1

history = model.fit generator(train_generator

=val generator

=50)

model.save(




matplotlib.pyplot plt

(history.history.keys())
acc = history.history[ ]
val acc = history.history|
loss = history.history[
val loss = history.history[
epochs = ( (acc) +

.figure(1)

.plot(epochs, acc
.plot(epochs, val acc
.title(

.xlabel( )
.ylabel(

.legend()

.savefig(

.figure(2)

.plot(epochs, loss
.plot(epochs, val loss
.title(

.xlabel( )
.ylabel( )
.legend()

.savefig(

.show()

tensorflow.keras.preprocessing.image

train_datagen = ImageDataGenerator(
val datagen = ImageDataGenerator(

ImageDataGenerator

train_generator = train_datagen.flow_from_directory(

)




val generator = val datagen.flow_from_directory(

)

tensorflow.keras.applications

conv_base = VGG16(

conv_base.trainable =

layer conv_base.layers:
layer.name:
layer.trainable =

tensorflow. keras models, layers, optimizers
regularizers

model = models.Sequential()
.add(conv_base)
.add(layers.Flatten())
.add(layers.Dense(

=regularizers.11(

add(layers.Dropout( ))
add(layers.Dense(
N EISA®)

=optimizers.RMSprop(
D

history = model.fit generator(train_generator

=val generator

=50)

model.save(




matplotlib.pyplot plt

(history.history.keys())
acc = history.history][ ]
val acc = history.history[
loss = history.history|[
val loss = history.history|
epochs = ( (acc) +

.figure(1)

.plot(epochs, acc
.plot(epochs, val acc
.title(

.xlabel( )
.ylabel(

.legend()

.savefig(

.figure(2)

.plot(epochs, loss
.plot(epochs, val loss
.title(

.xlabel( )
.ylabel( )
.legend()

.savefig(

.show()

Test the Validation of Model Version. 4 with New Data

tensorflow
tensorflow.keras.preprocessing.image ImageDataGenerator

model = tensorflow.keras.models.load model( )

model.summary()

test datagen = ImageDataGenerator( )

test_generator = test_datagen.flow_ from_directory(
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scores = model.evaluate_ generator(test_generator

(scores[1])

Visualizing Kernels

tensorflow
tensorflow.compat.vl.disable eager execution()
tensorflow.keras.applications VGG16
tensorflow. keras backend K

numpy np

model = VGG16(

deprocess_image(x):
X -= x.mean()
X /= (x.std() + le-5)

np.clip(x

generate_pattern(layer_name, filter_index, size=

layer output = model.get layer(layer name).output

loss = K.mean(layer_ output[:, :, :, filter_index])
grads = K.gradients(loss, model.input)[@]

grads /= (K.sqrt(K.mean(K.square(grads))) + le-5)
iterate = K.function([model.input], [loss, grads])
input_img data = np.random.random(( size, size )) *

step =
i (40):

loss value, grads value = iterate([input_img data])
input_img data += grads_value * step

img = input_img data[@]
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deprocess_image(img)

matplotlib.pyplot plt

layer name =
size =
margin =

results = np.zeros((8 * size + * margin * size + 7 * margin

))

(8):
J (8):

kernel img = generate_pattern(layer_name

horizontal start = i * size + i * margin
horizontal end = horizontal start + size
vertical_start = j * size + j * margin
vertical end = vertical start + size

results[horizontal_start: horizontal _end, vertical_start:
vertical _end] = kernel img

plt.figure(1)
plt.figure( =({ ))
plt.imshow(results)

Test Whether Correctly Predict the Classes of the Images with Heatmap

tensorflow
tensorflow.keras.models load model
tensorflow.keras.preprocessing image
matplotlib.pyplot plt

numpy np

model = load model(

img_nor image.load img(

= ))

img_cnv image.load_img(

=( ))
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image.load_img(
= ))
image.load_img(

=( ))

image.img _to_array(img_nor)
(x1.shape)
np.expand dims(x1 =0)
(x1.shape)

image.img _to_array(img_cnv)
np.expand_dims(x2 =1%)

image.img_to_array(img_dme)
np.expand dims(x3 =0)

image.img_to_array(img_dru)
np.expand _dims (x4 =0)

predl = model.predict(x1)
(predl)

pred2 = model.predict(x2)
(pred2)

pred3 = model.predict(x3)
(pred3)

pred4 = model.predict(x4)
(pred4)

Algorithm of Heatmap

tensorflow. keras backend K

output = model.output[:, np.argmax(pred[0])]
last_conv_layer = model.get layer( )
grads = K.gradients(output, last conv_layer.output)[9]
pooled_grads = K.mean(grads =( D)

iterate = K.function([model.input]
[pooled grads, last_conv_layer.output[©]])
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pooled grads_value, conv_layer output_value = iterate([x])

i ( ):

conv_layer output value[:, :, i] *= pooled grads value[i]
heatmap = np.mean(conv_layer output value =-1)

matplotlib.pyplot plt
heatmap = np.maximum(heatmap )
heatmap /= np.max(heatmap)
plt.figure(2)
plt.matshow(heatmap)

plt.show()

cv2
img = cv2.imread(ima_path)

heatmap cv2.resize(heatmap, (img.shape[l], img.shape[@]))
heatmap np.uint8( * heatmap)
heatmap cv2.applyColorMap(heatmap, cv2.COLORMAP_JET)

superimposed img = heatmap * + img

cv2.imwrite( superimposed_img)
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