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Improving classification accuracies in Diabetic Retinopathy and ECG
applications with Transfer Learning
1 Introduction
Advancements in clinical and biological methods have significantly improved access
to different forms of information for use in different applications and the optimization of
such information in solving different problems. There have been various concerns
regarding the future of artificial intelligence (AI) in many domains, however,
necessitating further research [1]. There are myriad possible alternative or malicious
deployment of artificial intelligence in different ways that may unintentionally become
harmful such as algorithmic biases [1]. Importance of machine learning and AI from
several industries, both public and private has significantly increased in recent times [2].
A contextual placement of artificial intelligence is critical to understanding how it can be
optimized for different outcomes [3]. AI is fast evolving and must be adopted with
caution among different domains for optimized outcomes.
Different domains are fast adopting different forms of AI. Information such as
sequences of genomics and proteins, electroencephalography and medical photographs
have provided essential information to tackle multifaceted problems within different
niches. Awareness about illnesses and learning about the complexity of human health has
become more efficient with the use of different approaches resulting from advancements
in technology [4]. There is significant potential in deep learning algorithms created from
artificial neural networks for the extraction of patterns and features of learning from
complex data [5]. The primary objective of this work is to provide an in-depth analysis of
deep learning techniques used in contemporary biomedical applications.
The rise of AI in nuclear medicine and similar areas has happened rapidly within the
past five decades but more recent developments in machine learning and deep learning
have powered revolutionizing capabilities. Nuclear medicine has significantly benefitted
from the developments emanating from the field of artificial intelligence [6]. The
artificial neural network (ANN) is the backbone of both machine learning and deep
learning in nuclear medicine [7]. These methodologies have not only helped to enhance
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Figure 1. Deep Learning a subclass of Artificial Intelligence.

scientific validation of various hypothesis but shift medicine from conceptual standpoints
to more beneficial and practical outcomes.
A proper understanding of deep learning is critical to a proper application of the
different techniques applied within this domain for diverse outcomes in a complexity of
fields. Deep structured learning, simply known as deep learning, is a broader family of
machine learning methodologies, they are predicated on ANNs [8]. As shown in the
Figure 1, deep learning is a subclass of AI. Deep learning architectures, for instance
convolutional neural networks, recurrent neural networks, to name a few have been used
and applied extensively within a plethora of fields [9]. The application of deep learning
within different contexts continues to evolve over time.
Artificial neural networks (ANN) draw their inspiration from biological systems with
specific focus on handling information from nodes. ANNs have been observed to consist
of differences from biological brains in their very nature and functioning [10]. Neural
networks have been observed to be symbolic and static, for instance, compared to
biological brains which comprise of living organisms with dynamism [11]. The
multiplicity of layers in the networks of deep learning creates a certain complexity within
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the paradigm. A simple neural network, also known as Multi-layer perceptron is shown in
the Figure 2. Deep learning is a contemporary variant that is founded on an unbound
multiple of layers of bounded size [12].
Neural networks play different critical roles within different contextual settings.
Convolutional neural networks (CNN), otherwise known as ConvNet, are applied in the
analysis of visual imagery [13]. They are also called shift invariant neural networks
primarily due to their invariance behavior and shared-weight architecture. These neural

Figure 2. A Simple Neural Network (Multi-layer Perceptron)
networks have applications in financial time series, brain-computer interfaces, natural
language processing, medical image analysis, image segmentation, image classification,
recommender systems, and video recognition [14]. CNN have advanced to achieve
regularized modules of multifaceted perceptrons that imply an entirely connected
network that allows connection between one neuron in a layer with all neurons in the next
layer. Entirety in connectivity of networks allows them to over-fit data. CNN are on the
low end of the spectrum when it comes to complexity and connectedness.
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Biological processes have been observed to be the main inspiration for convolutional
networks. Connectivity patterns between neurons bear resemblance to the organization of
the animal visual cortex. Unite cortical neurons have been observed to act in response to
different stimuli in a select region of restriction known as the receptive field. Receptive
fields of various neurons partly overlap consequently leading to the coverage of the entire
visual field. There is very minimal pre-processing with CNN in comparison to other
image classification algorithms. This implies that networks would learn the filters that
were initially designed with manual effort in the traditional algorithms. The autonomy
from prior information and human effort in characteristics and feature design accrues a
significant advantage to the entire framework.
Auto encoders refer to neural networks that are not supervised and serve as algorithms
that use back propagation to create output values that are almost close to input values.
Auto encoders take inputs such as images with excellent dimensionality and attempt to
use two principal components to compress the data into smaller representations. Auto
encoders take vectors or input images and study code dictionary which is then applied in
converting the raw input from one representation into another. A stack of auto encoder
refers to a neural network that comprises of various groups of sparse auto encoders in
which the output of every layer is linked to the input of the following layer. A stack of
auto encoders, with noisy auto encoders embedded in layers, have been observed to
enhance the accuracy of deep learning.
A recurrent neural network (RNN) refers to a kind of ANN in which the nodes are
connected in the form of a directed graph that are aligned to a temporal sequence. This
framework and design facilitate the exhibition of temporal dynamic behavior. RNNs can
apply their internal memory or state to process varying lengths of sequence inputs
derived from feedforward neural networks. This process makes them applicable to tasks
such as speech recognition, connected handwriting recognition and unsegmented
handwriting recognition. Infinite impulse networks and finite impulse networks are both
described by the terminology of recurrent neural networks which is used indiscriminately
within this context. Both classes have been shown to have temporal dynamic behavior.
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A deep belief network (DBN) refers to an alternative classification of deep neural
network that comprises of different layers of hidden units that function as latent variables
with linkages between the layers but not between different units within such layers. Deep
belief networks have demonstrated the ability to learn to reconstruct inputs based on
probability when trained on a set of examples without supervision. DBNs can also be
trained to perform classification, with supervision, after the learning step where layers
also act as feature detectors. Some of the most effective deep learning algorithms
emanate from the fact that DBNs have been observed to have the capability of being
trained greedily with one layer at a time. Many real-life applications rely on the
application of DBNs which have recorded significant success in various contemporary
domains.
An analysis of deep learning and artificial neural networks must be done with the view
of enhancing understanding within the context of this research. A description of the two
primary facets of deep learning is also explored, in this regard, to lay a robust foundation
for further analysis. Model optimization and deep learning architectures are described
comprehensively with subsequent examples to demonstrate the functioning of specific
applications. Protein structure classification and prediction, genomic sequence analysis
and medical image classification are some of the models that are explained in great detail.
Perspectives for future considerations in different domains of deep learning are offered as
a way of predicting probable developments.
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2

Literature Review
A proper understanding of deep machine learning, and deep learning mechanisms is

critical to contextualizing their application across a diversity of fields. The primary
techniques that power different models in these domains require proper inferences from a
multi-dimensionality of variables. A literature review of the various techniques reveals
the complexity of the field as a contributory yet evolving facet of contemporary science.
A dive into the intricacies of the various conceptual frameworks, in this regard, further
predicate an urgent appeal to continue research and advance relevant knowledge. A
further understanding of the various applications and processes in which these techniques
are used is also critical to understanding how outcomes can be improved. This literature
review delves into a plethora of frameworks that can be improved through the effective
development of solution and corrective mechanisms predicated on the power of machine
learning and deep learning. The literature review further provides critical insight on the
framework of current research with the view of enhancing future research in the field.
Optimizing outcomes related to machine learning may be the future that the world awaits.
A lot of work has to be done for the full acceptance of artificial intelligence within
different contextual placements in contemporary society. The terms artificial intelligence,
machine learning, and deep learning are frequently confused, misused, and conflated [2].
Non-technical guidance is critical for enhancing understandability of these
conceptualizations within different domains. Influential notions around artificial
intelligence must be understood by the systematic exploitation of deep learning and
machine learning, their public presence, and growing concerns over the limitations of
mechanisms within the domains.

2.1 Contextualizing Deep Learning Techniques
There have been various developments around deep learning and machine learning
that must be explored for effective correlations with applications in different scientific
domains. Empirical evidence in clinical natural language procession on big health care
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data has not been adequately documented in the literature. Different analyses and
estimates have been done using and multiplying data and information from different
domains. Machine learning has applications in almost every area due to its superior
performance in modern-day times. Different machine learning methodologies are
currently being used in the prediction of breast cancer tumor and their performances are
being assessed, such as: Logistic regression, AdaBoost classifier, Bagging classifier,
Support Vector Classifier (SVC), Voting classifier, Random Forest, and Xception model.
There is a necessity to continually explore ways of improving these techniques for better
outcomes in health care and other fields.
Deep learning has become a field of significant interest for many other domains in
medicine and science. Healthcare has significantly benefitted from exploits in deep
learning due the advent of various applications reliant on conceptualizations of interest
[15]. The timely detection of issues on Electrocardiogram is one of such developments as
it can be a crucial part in the effective monitoring of patient outcomes. Different deep
learning methods and techniques are applied to the Electrocardiogram signal for
classification purposes. Convolutional Neural Networks (CNN), Multi-layer Perceptrons,
Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), Generative
Adversarial Networks (GAN), Gated Recurrent Unit (GRU), Auto-Encoders (AE) and
Deep Belief Network (DBN) can all be applied to this classification with the end game
being improvements in patient outcomes. There is a necessity for the continuous
improvement of the application of these techniques in improving broad medical
outcomes.
The effective prediction of issues such as epileptic seizure has always been
particularly difficult in medicine [3]. The development of computing technology has
improved these processes, however, with improvements being made with the application
of machine learning techniques. Machine learning has been introduced with the creation
of new ideas for seizure forecasting [3]. The systematic application of machine learning
models within the accurate prediction of epileptic seizures is significantly helping
medical professionals to get better results. Most scientists pursue these techniques to
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improve information on understanding and training of machine learning models within
different domains of medicine.
Convolutional Neural Networks are popularly applied in domains like natural
language processing, medical image analyses, image classification, recommender
systems, and video recognition as a class of Deep Neural Networks. Convolution
Networks are usually composed of only three different layers that include Fully
Connected (LC), POOL (with the assumption of Max Pool unless indicated otherwise),
and CONV. A convolutional neural network is made up of different hidden layers as well
as an input and output layer. The layers that are hidden within a Convolutional Neural
Networks are usually comprised of different convolutional layers that convolve with
multiplications or dot product outcomes. A rectified linear unit (RELU) usually serves as
the activation function and is always followed by additional convolutions such as
normalization layers and fully connected layers referred to as hidden layers due to the
fact that their outputs and inputs are masked by the activation function and the final
convolution. The final convolution usually involves backpropagation, in turn, to aid in
the precise weight of the final product. The fundamental distinction between a
convolution layer and a densely connected layer is their ability to learn global patterns in
input feature space for dense layers whereas convolution layers learn local patterns.
Different types of neural networks including Stacked Auto Encoders (SAE), Deep
Belief Networks (DBN), Recurrent Neural Networks (RNN), and Convolutional Neural
Networks (CNN) are explored in the synthesis of literature on the current research. These
approaches are instrumental in their use in numerous deep learning-based medical
imaging applications. Convolutional Neural Networks have been adopted in this research
for both ECG Arrhythmia classification and Diabetic retinopathy detection. This research
also observes the fact that deep learning is also being used in other fields of biomedicine
including protein structure prediction, gene expression analysis and genomic sequencing.
There is a necessity for the continued harnessing of technological advancements and
perspectives for the improvement of the use of different applications in medicine.
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Figure 3. A simple Convolutional Neural Network depicting various layers [16]

The patterns existing in Convolutional Neural Networks (CNN) capacitate theme to
exhibit certain essential properties necessary for their effective functionality within
different contexts. Most of the patterns that CNNs learn are translation invariants. For
example, a ConvNet can identify a picture anywhere after learning a pattern in the lower
right corner unlike a multi-layer perceptron (or densely connected network) which must
learn the pattern all over again if it occurred at a new location. ConvNets have a stellar
level of efficiency in image processing, therefore, because the visual world is primarily
translation invariant. These networks have demonstrated that they need minimal training
samples to effectively learn representations that can be generalized [17]. ConvNets can
also learn spatial hierarchies of patterns with the first convolutional layer learning small
local patterns such as edges, the second layer learning large patterns that emanate from
the characteristics of the first and so on. This type of setup allows Convolutional
Networks to engage in learning complexities of visual abstract concepts effectively and
efficiently since the world is primarily hierarchical from a spatial point of view. A simple
CNN with different layers in it [16], is shown in Figure 3.
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Diabetic retinopathy is a disease that adversely affects the quality of life of human
beings because it presents itself within the retina of the human eye. The impact of the
rudimentary stages of this disease is very sever and includes different adverse outcomes
such as blurred and unclear vision, seeing dark things and spots due to the eventual
accumulation of blood vessels, and later phases of this disease one can experience
complete blindness in 90% of cases [5]. The effective detection and diagnosis of the
disease is properly established in the field of medicine and can be performed by
contemporary professionals in the field. The whole process is known to be very
cumbersome and expensive for patients who seek effective treatment. The rise of
Machine Learning and artificial intelligence has improved diagnosis significantly.

Figure 4. A retinal image illustrating attributes of DR from [18]

Diabetic retinopathy is one of the most consequential variables within the prevalence
of diabetes in the world. Diabetes not only affects the way the body responds to different
stimuli but also leads to the deterioration of the quality of life of the people involved [5].
Diabetic retinopathy has been identified as a key reason for blindness across all
categories of diabetic patients. Diabetes retinopathy is a primary consequence of blood
vessel damage due to the more than regular levels of glucose that reduce the movement
of blood to the retina. Based on the evaluation from the Center for Disease Control and
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Prevention (CDC), more than 30 million persons in the country suffer from diabetes.
Diabetic retinopathy can be classified into two levels that include Non-Proliferative
Diabetic retinopathy (NPDR) and Proliferative Diabetic Retinopathy (PDR) which is a
mild form of the condition [5]. The advanced stage of Diabetic retinopathy is identified
by the abnormal growth of blood vessels.
Neovascularization (the development of faulty blood vessels), Cotton wool spot
(cotton like white spot on the retina), Aneurysm (localized disproportionate swelling of a
blood vessel), Hemorrhage (leakage of blood from a damaged blood vessel), and Exudate
leakage of fluids and cells out of blood vessel) [5]. The early detection of the various
symptoms surrounding Diabetic Retinopathy can help increase the effectiveness of
treatment subsequently. The growth of Diabetic Retinopathy can be reduced noticeably if
the glucose levels of the patient are measured in the case of NPDR while the patient may
be subjected to a vitrectomy, which is basically a surgery in which a better access to the
retina is provided by removing the vitreous humor gel that is present in the eye cavity, or
simply immediate laser surgery.

2.2 Different stages of Diabetic Retinopathy
In the dataset used for classification, there are 5 levels of severity with Level-0
meaning no retinopathy. The other 4 levels are briefly mentioned below and the sample
images from all the 5 classes from this dataset are represented in the Fig. 5.

•

Level 1: Mild:
This is the earliest stage of the disease, where in, few micro-aneurysms (swelling
in the tiny blood vessels in the retina) are seen.

•

Level 2: Moderate:
Symptoms of this stage could be few hemorrhages, a greater number of microaneurysms and possibly some cotton-wool spots.
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Figure 5. Different stages of Diabetic Retinopathy.
•

Level 3: Severe Non-Proliferative DR:
This stage is usually diagnosed by dividing a retinal image into 4 quadrants and
thereafter using a “4-2-1” rule:
1. Four quadrants of intraretinal hemorrhages and micro-aneurysms or
2. Two or more quadrants having venous beading or
3. Intra-Retinal Microvascular Abnormalities (IRMA) present in one of the
quadrants minimally

•

Level 4: Proliferative DR:
In this advanced stage, the newly grown blood vessels can leak and bleed (also
known as neo-vascularization). Vitreous or preretinal hemorrhages can also lead
to this stage. This can cause retinal detachment and a permanent vision loss if
treatment is not given at the earliest stage.

The process of diagnosing Diabetic Retinopathy is very complex in terms of time and
resources needed. It is currently done manually, necessitating the involvement of trained
clinicians to investigate fundus images of the retina [5]. There is a significant problem of
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lack of requisite equipment and resources in various parts of the world where incidence
and prevalence of Diabetic Retinopathy is high among local populations [5]. The
infrastructural requirements of preventing Diabetic Retinopathy related blindness are
likely to become scarce over time as the problem increases among diverse populations.
New techniques and tools need to be developed to help screen for Diabetic Retinopathy at
a low cost and high efficiency. Recent research efforts in the areas of deep learning and
pattern recognition have yielded significant progress, in this regard, as diagnostic
processes continue to advance.
There are numerous trends emerging in the exploration of AI capabilities in different
domains. There are various developments in fields such as health care that may require
interventions predicated on artificial intelligence. The mortality rates arising from
different health crises, for instance, require comprehensive attention from a scientific
point of view [15]. Dangerous diseases in recent times and in the entire contemporary age
must be placed within the microscope of science and effective solutions sought for
positive outcomes. Limitation of vaccinations, for instance, requires improvements in
screening and rapid diagnostic processes to improve management at onset of different
medical conditions [15]. Patients require mechanisms for self-detection to reduce rapid
spread to other people.
Developments in the field of artificial intelligence are shaping perspectives across
many scientific domains. For example, brain tumor cases which have been growing very
rapidly, shave a strong need for automating the early detection. A deep CNN model using
ResNet50 has proven to be very useful in such diagnostic processes [19]. Deep neural
networks and other technologies are commonly used for medical image classification to
help neurologists in the diagnostic process and subsequent treatment [20]. Overfitting and
vanishing gradient problems are significant demerits of the deep networks [21].
Improvements continue to take shape in the field of artificial intelligence and deep
learning for the benefit of various domains in science.
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3

Classification Methodology using Deep Learning
3.1 Dataset for Diabetic Retinopathy Detection
The dataset for this work was made available by EyePACS (a platform for
examining Retinopathy freely) through the Kaggle competition [22]. This contained
a total of 35,126 fundus images, with almost equal number of images for left and
right eyes for each patient. Each image is also labelled into one of the 5 classes based
on severity. Table 1 shows the distribution of images in each of the 5 classes, where
an enormous class imbalance can be seen (73% for level-0 and 2% for level-4). This
can cause overfitting and can cause the model to get more biased towards level-0.
Table 1. Distribution of images in the Dataset in different classes
Class/Level
0
1
2
3
4

Level of Severity
No DR
Mild DR
Moderate DR
Severe DR
Proliferative DR

No. of images (Percentage)
25810 (73.48%)
2443 (6.96%)
5292 (15.07%)
873 (2.48%)
708 (2.01%)

3.2 Image Preprocessing
Images provided in the dataset are of different resolutions and are from different
fundus cameras with different lighting levels. These are standardized by reducing the
artifacts and unused information. Various standard preprocessing techniques are then
applied:
1) Preprocessing is first done on each RGB image by centering them and then
cropping to 512 x 512 pixels. Images with such superior resolution would provide
a improved accuracy during classification.
2) Pixel values that are currently in the range [0,255] are then normalized to the range
[-1,1], before they are input to the neural network
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3.3 Data Augmentation
Training the Deep Learning neural networks involves running the neural networks on
various images. This will enable the neural network to learn by itself. The more the
images the better is the training and efficiency of the neural network. Most of the times it
is challenging to obtain numerous images. In such cases a technique called as data
augmentation can be used to artificially create the required number of images. This is
most used technique to create a large dataset for the purpose of training the neural
networks. The primary goal is to expose the neural network with various possible images
that it might come across.
A few commonly used methods for achieve data augmentation are to flip an image by
various degree, change the brightness or contrast of the image, zoom the image and so on.
For instance, let us say we are training a neural network to identify cat and dog images. If
we are provided with a dataset that has 90 cat images and 10 dog images. This is a hugely
unbalanced distribution of dataset. Ideally, we would like equal number of cat and dog
images. To achieve this each dog image is taken a various levels of data augmentation is
performed on it. For example, zooming an image by 30% and/or changing the color or
contrast would give us one additional new image. We might flip an image of a dog to
obtain an inverted image, and so on. Using various kinds of transformations, we can
obtain 80 artificially generated images of the dog, resulting in total of 90 dog images.
This will balance our dataset with a competitive number of dog and cat images.
Since our dataset of the left and right eye images were small, similar augmentation
techniques were applied to increase three dataset size.

3.4 Enhanced Deep Learning Techniques
3.4.1 Transfer Learning
Transfer learning has become one of the most popular trends in developing
contemporary models for Convolutional Neural Networks. CNN which is pre-trained on
some dataset will be used to predict data from a completely new or a different dataset but

16

has some attributes like the original dataset. For example, a CNN trained on CIFAR-100
images can be used for classifying MNIST hand-written digits. This greatly reduces the
effort and resources needed for training process, where the need to train a CNN from
scratch is reduced.

Figure 6. Transfer Learning.

Transfer learning is also very useful when we do not have sufficient training data
on the new datasets that are generated. Transfer learning is usually accomplished in 2
ways:
1. Fine-tuning some of the layers in the pre-trained network, while keeping some
layers frozen
2. Replacing some of the layers in the network with different layers and making
them trainable

Transfer learning has different applications and has been incorporated in different
domains of science. Algorithms for transfer learning are available within different
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contexts and are applied in the resolution of different problems [23]. The use of transfer
learning has been used within the framework for spam filtering, medical imaging, digit
recognition, text classification, general game playing, building utilization, and the
discovery of cancer subtype. In a recent study [24], transfer learning has also been proven
to be very useful for classifying Electroencephalographic (EEG) brainwaves based on the
Electromyographic (EMG) signals emanating from the muscles and vice-a-versa.
Algorithms have been observed to improve when they are exposed to other domains
resulting in the desired performance.

3.4.2 Batch Normalization
There is a sophisticated level of sophistication in the architecture and function of
deep neural networks. Training deep neural networks with the complexity that they
present can be quite challenging and sensitive [25]. The initial random weights and
configuration of the algorithm for learning can be particularly sensitive and must be
treated with care and a high level of understanding [26]. These reasons necessitate a
significant level of attention for scientists as they seek to come up with optimized
outcomes [27]. One of the reasons of the high level of difficulty in training deep neural
networks emanates from the fact that distribution of inputs to layers deep in the networks
is likely to change after every minim batch following updating of weights [28]. The
moving target can be chased by the learning algorithm forever because of such changes.
The changes in the distribution of inputs to layers in the network is called internal
covariate shift [29]. These considerations must be made a preliminary consideration as
they may permanently affect the entire framework.
Batch normalization generally refers to methods for training sophisticated deep
neural networks that standardize the inputs to a layer for every mini batch. This approach
is suitable as it helps in the stabilization of the learning process and significantly
decreases the requisite training epochs in the comprehensive training of deep networks
[30]. There are different considerations that must be done to regularize the application of
such methods and achieve the desired outcomes in the long run [31]. Deep neural
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networks must be understood as being difficult to and challenging to train because of the
dynamism of the inputs from previous layers and their nature of change after weights
update [19]. Batch normalization can be adopted to ether activations of previous layer or
inputs directly as a method of standardizing the inputs to a network [32]. Batch
normalization must also be understood as an acceleration agent for training. Batch
normalization can be used to half the epochs or provide better regularization to reduce
generalization errors [33]. These factors are essential to the application of batch
normalization in various domains.
Batch normalization must be understood within the constructs of a few
dimensions that include the problem of training deep networks, the proper standardization
of layer inputs, the approaches to adopt in the standardization of layer inputs, how to
apply batch normalization in different environments and the general framework for they
systematic improvement of batch normalization across different environments [34].
Training of networks with multiple layers can be particularly challenging without the
right moderation and system for identification of errors [35]. These variables are essential
for the appropriate application of batch normalization across different domains [36]. The
challenges faced within the contextualization of batch normalization can be minimized
through different techniques that differ depending on the application of such approaches.

3.4.3 Global Average Pooling
Pooling is an operation performed after Convolutional operation to reduce the size
of the feature maps. There are number of ways pooling can be done: Max-Pooling, MinPooling, Global Average Pooling etc. In a Global Average Pooling (GAP) operation, the
average value of a single feature map is extracted. This reduces the dimensions of the
tensor significantly such that, the time and resources needed for computing during each
iteration reduces substantially. This layer also does not add any parameters that need to
be optimized during the training process, thereby not leading to overfitting problem. As
shown as an example in the Fig. 7 below, GAP reduces a single layer in the feature map
of size 6x6 into a single element.
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Figure 7. Global Average Pooling operation.

3.4.4 Learn Rate Scheduling
Reducing learning rate is often necessary in the progression of the training of
deep neural networks. Reducing the training rate of deep neural network learning is
usually achieved using adaptive learning rate methods or pre-defined learning rate
schedules [37]. Through some of the pre-determined methods such as step decay, timebased decay or exponential decay, the learning rate is usually reduced at intervals.
Moderation of the learning rate is an essential variable that must be done through proper
constructs to achieve the desired effect.
A contextual understanding of learn rate scheduling is critical to understanding
the significance of its application within machine learning. In gradient-based
optimization algorithms, learning rate is a crucial factor which determines the step size to
be taken at each iteration. This happens while the parameter moves towards the minimal
point of a loss function. This aspect of machine learning represents the speed of the
learning process of the machine learning model metaphorically since it influences the
extent to which new acquired information overrides the information that was there
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before. The adoption of such techniques is critical in the moderation of the learning
process.
There is a tradeoff between overshooting and the rate of convergence in setting
the learning rate in different contexts. Learning rate determines the step-size at each
iteration, while the direction of descent is the negative gradient of the loss function. If the
learning rate is very large, the model can diverge from the minima or oscillate around it
and if it is very small, it can take a long time for convergence or can also get stuck in the
local minima, sometimes. There must be a good trade off that is suitable to optimize
outcomes in such a framework. The learning rate needs to be varied to the desired values
during training either using an adaptive mechanism or according to a learning rate
schedule.
There are various approaches that can be taken in learn rate scheduling. Initial rate
can either be selected using a range of techniques or left as the system default.
Considerations must be done before selecting the most suitable approach because it
eventually has a bearing on outcomes of the overall process. A learning rate schedule
effects different changes within the learning rate framework during the process of
learning and is most often modified between iterations or epochs. These changes are
usually affected within two parameters that include momentum and decay. There are
various learning rate schedules that the most prominently used exponential, step-based,
and time-based techniques. It is essential to adopt the most appropriate learn rate
scheduling to achieve the desired results within the learning continuum.

3.4.5 Early Stopping
Early stopping in machine learning is essential for the optimization of training.
Early stopping is taken as a regularization technique that primarily avoids overfitting in
the training process of a learner with an iterative approach like a gradient descent [38].
Early stopping approaches are used to update the learner so that they can fit every
iteration to fit the training data [39]. Early stopping has been observed to improve the
general performance of learners on different pieces of information that is outside the
training set to a certain point. Improvement of the learner’s ability to fit to the training
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information can be derived only at the expense of enhanced generalization errors past
such a point. The rules of early stopping provide guidance regarding the number of
iterations that can be run before learners begin to over-fit. The rules of early stopping
have been applied in various machine learning methods with differing levels of
theoretical predications.
Machine learning algorithms have been optimized to train models leaning on a
finite set of information or training data. Models are assessed based on how well they can
predict different observations during such training. The objective of machine learning
schemes is fundamentally to produce models that help generalize and predict
observations that have not been seen before. Overfitting can be said to occur because of
models fitting data in training very well. Such training and fitting of data then results in
the occurrence of generalization errors. Early stopping not only helps to reduce
overfitting but generally improve the logical conclusions arising out of machine learning.
The process of algorithm modification in learning algorithms to avoid overfitting
in the context of machine learning is known as regularization. The process of
generalization consists of various steps and tasks that are aimed at imposing on a learned
model some sort of smoothness constraint. The smoothness of a model may be enforced
explicitly through the systematic fixing of the number of variables in a model. This can
also be achieved through the augmentation of the cost function like in the case of
Tikhonov regularization. The Tikhonov regularization scheme falls under the spectral
regularization schemes umbrella with others such as the principal component regression
technique. These regularization techniques are primarily characterized by the application
of filters. Early stopping also belongs to this classification of regularization techniques
and its application in machine learning has yielded significant benefits in different
contextual placements.
Gradient descent methods are optimizing methods that are iterative and firstorder. A move in the direction opposite to the gradient (or negative of the slope) of the
loss function aids in providing a proximate solution to the optimization problem by each
iteration update Convergence to local minimums of the objective functions can be
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achieved through the selection of the step-size accordingly within such an approach.
Gradient descent is adopted and applied within constructs of machine learning through
the definition of loss functions that indicate the error of the learner on the training set and
them systematically minimizing such a function. A comprehensive understanding of this
approach is critical to the effective optimization of the entire framework. Early stopping
is proving to be one of the most essential variables within machine learning due to these
effects on different processes within the field.
Boosting within the context of early stopping has been broadly used to refer to the
group of algorithms through which sets of weak learners are amalgamated to produce
strong learners. Weak learners are defined as those learners that are correlated with the
true process. Regularization through early stopping has been proven to guarantee a
certain level of consistency in outcomes. Consistency is taken to refer to a general
gravitation towards the true solution as the number of samples approach infinity within
machine learning. Methods of boosting have also been observed to have be correlated
closely to gradient descent methods described above to achieve regularization.
Early stopping which is validation-based, works through the splitting of the initial
training sets into new training sets and validation sets. The errors on validations sets are
usually taken and used as proxies for generalization errors in arriving at the exact
instance that overfitting kicks in. These methods are adopted mostly in neural network
training. There are various complex forms of machine learning that adopt cross-validation
including multiple data strands being partitioned into multiple training sets and validation
sets instead of singular partitions into one training set and one validation set. Validation
errors may create fluctuations during training leading to the production of multiple local
minima. Early stopping remains an essential approach within optimizing outcomes within
machine learning.
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3.5 ADAM (Adaptive Moment Estimation) Optimizer
ADAM (Adaptive Moment Estimation), proposed by Kingma and Ba [40] in 2015, is
a variant of stochastic gradient descent which combines the advantages of two other
optimization algorithms: Momentum and RMS Prop (Root Mean Square Propagation).
Currently, it is an extensively used optimization algorithm in various types of Deep
Neural Networks for training. It stores the exponentially decaying averages of the
previous squared gradients (as in RMS Prop) and the gradients (as in Momentum).

The equations for computing the decaying averages as proposed by them [40] are:
(1)
(2)

where

- first moment (or mean) of the gradient after t epochs.
- second moment (or variance) of the gradient after t epochs.
,

- parameters chosen by the user.

- gradient after t epochs.

To prevent these values from getting biased towards zero in the initial execution of
algorithms, authors proposed bias corrected terms:
(3)

(4)

Then the parameter update is done like the RMS Prop:
(5)

The default values for

and

suggested by the authors are 0.9, 0.999 and 10-8.
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3.6 Loss function
Categorical cross-entropy which is widely used as a loss (or objective) function in
multi-class classification problems is also being used here, as we have 5 classes in the
output. It is computed using the equation:
(6)

where

represents the one-hot encoded value assigned for the particular category,

is

the predicted value (or probability obtained at the output) of the model, N is the number
of classes in the output and M is the number of samples in the dataset or in the minibatch. In the one-hot encoding scheme, for each sample in the training or validation
dataset, an N-bit vector is assigned where the bit representing true class is denoted as 1,
while all other classes are represented by 0.

3.7 Architecture of the proposed CNN
The deep CNN model used in this work is depicted in Figure 9. The model uses
VGG-16 as a pre-trained network for fine tuning, followed several other types of layers
(GAP layer, Dense layer etc.). VGG-16 (shown in Figure 8.), proposed in 2014 by
Simonyan and Zisserman [41], achieved a top-5 test accuracy of 92.7% in ImageNet
classification competition. Large kernel-sized filters in AlexNet [42] are replaced with
multiple 3x3 kernel sized filters, one after another and achieved higher accuracy over the
AlexNet. As VGG-16 accepts images of size 224 x 224 pixels, the fundus images are
downscaled to this size (from 512 x 512 pixels).
In the proposed model (shown in Figure 9.), the last three convolutional layers (in
the block-5) of VGG-16 are made trainable, while all the preceding layers are kept
frozen. The three dense layers are also removed (from the VGG-16 model) and are
replaced with a dense layer with 128 neurons and a ReLU (Rectified Linear) activation
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unit. ReLU layer outputs a zero, if a negative number or zero is input, else it outputs the
input value directly.
To improve the speed of the training process Batch Normalization [43] technique
has been used. Usage of dropout layers prevents the model overfitting on the training
data. GAP layers [44] also assist in speeding up the training process, by reducing the
network size. The final output layer has 5 neurons, corresponding to the 5 classes with
softmax activation and categorical cross-entropy as a loss function. Parameters used for
training are listed below in the Table 2.

Table 2. Hyperparameters for training the model
Parameter
Learning Rate
Optimizer
Loss function
Early Stops/
Epochs
Mini-Batch
Size

Chosen value(s)
Initially chosen to be 0.001 (scheduled to decrease by a factor of 10, if validation
loss remains unaffected for 3 consecutive epochs,)
ADAM (Adaptive Moment Estimation)
Categorical Cross Entropy
Stops, if for 8 consecutive epochs validation loss shows no improvement. Or
else continually runs for 30 epochs
100 images
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Figure 8. VGG-16 (pre-trained) network with the last block (Block-5) made trainable
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Figure 9. Architecture of the Proposed Convolutional Neural Network.
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4 Evaluation Methodology
4.1 Performance Metrics
To assess the performance of the model, we use the outcomes predicted from the
validation dataset and form a confusion matrix based on a threshold (cut-off) value for
decision-making, as shown in the Table 3 below:

Table 3. Confusion Matrix for a binary classification
Actual YES

Actual NO

Predicted YES

TP

FP

Predicted NO

FN

TN

With the terms:
TP: True Positives (when the model rightly predicts those having the disease as positive)
TN: True Negatives (when the model rightly predicts those not having the disease as negative)
FP: False Positives (when the model wrongly predicts those not having the disease as positive)
FN: False Negatives (when the model wrongly predicts those having the disease as negative)

Using the equations below precision, accuracy, and F1-scores of the model are
determined:
(7)
(8)
(9)
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(10)

(11)

(12)

However, for multi-class classification, in addition to computing the precision, accuracy,
F1 for each class individually, micro-averaged and macro-averaged values of precision,
recall and F1-scores are also considered.

Macro-F1: Average of F1-scores obtained for all the classes.
(13)

(14)

Micro-F1: Harmonic mean of Micro-Precision & Micro-Recall

4.2 Receiver Operating Characteristic
Neural Network Model (NNM) that we build would predict the data. Our next step
would be identifying the accuracy of its prediction. To classify the sample data a
threshold value is set to begin with, and it would give a set of TP, FP, TN and FN values.
For the different value of threshold, a different set of values are obtained for these values.
If the threshold value is lowered, the true positives will be correctly classified but the
cases of false positives would increase and the number of true negatives would also be
reduced, giving us incorrect values for FP and TN. If a higher value of threshold is used,
then it would result in incorrect values for FP. If a confusion matrix is created for each
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threshold value, then it would result in many confusion matrices which would be
challenging to evaluate and compare. Identifying the appropriate threshold is challenging.
Instead of the confusion matrices, Receiver Operator Characteristic graphs (ROC)
provide a simpler evaluation method by representing all the above discussed information
in the form of a graph as shown in Fig 10. The true positive rate is shown by the Y-axis,
which is presented in the form of sensitivity. The true positive rate represents the ratio of
that data that has been correctly classified. The false positive rate is marked on the Xaxis. This represents the ratio of the data that has been incorrectly classified as false
positives.
Each of these rates can be calculated for different values of threshold and can be
plotted as ROC graph. One ROC curve represents all the confusion matrices that would
create for different threshold values, enabling us to view them at one place and decide on
the threshold value that is provides accurate prediction. Different NNM can also be
compared using the ROC curves. For this, the area under the curve (AUC) is calculated.
A model can be determined as better if the value of AUC is higher.

4.3 Evaluation on Early-Stage Detection
The results obtained for various binary classifications: Healthy (0) vs Sick (1,2,3,4),
Non-referable (0,1) vs Referable DR (2,3,4) and Non-Proliferative DR (0,1,2,3) vs
Proliferative DR (4) are shown in the Figures 11, 12 and 13 respectively. The
corresponding Precision Recall and F1-scores are listed in Tables 4, 5 and 6.
Accuracy on validation data: 70%
Table 4. Comparison of Healthy (0) vs Sick (1,2,3,4) classification
Class-0 (No DR)
Class-(1,2,3,4)
micro avg
macro avg
weighted avg

Precision
0.68
0.74
0.70
0.71
0.71

Recall
0.87
0.49
0.70
0.68
0.70

F1 score
0.76
0.59
0.70
0.68
0.69

Support
45
35
80
80
80
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Figure 10. A typical Receiver Operating Characteristic (ROC) curve

Figure 11. Receiver Operating Characteristic (ROC) curve for Healthy (0) vs Sick (1,2,3,4) classification.
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Table 5. Comparison of Non-Referable DR (0,1) vs Referable DR (2,3,4) classification
Class-(0,1) Non-RDR
Class-(2,3,4) RDR
micro avg
macro avg
weighted avg

Precision
0.78
0.83
0.81
0.81
0.81

Recall
0.78
0.83
0.81
0.81
0.81

F1 score
0.78
0.83
0.81
0.81
0.81

Support
88
112
200
200
200

Accuracy on validation data: 81%

Figure 12. ROC curve for Non-Referable DR (0,1) vs Referable DR (2,3,4) classification.
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Figure 13. ROC curve for Non-Proliferative DR (0,1,2,3) vs Proliferative DR (4)
classification.

4.4 Non-proliferative DR vs Proliferative DR
Table 6. Comparison of Non-Proliferative vs Proliferative DR classification
Class-0,1,2,3 (NPDR)
Class-4 (PDR)
micro avg
macro avg
weighted avg

Precision
0.77
0.80
0.78
0.78
0.78

Recall
0.80
0.77
0.78
0.78
0.78

F1 score
0.78
0.78
0.78
0.78
0.78

Support
64
66
130
130
130

Accuracy on validation data: 78%

4.5 Severity Classification
A Receiver Operating Characteristic (ROC) curve has been plotted for the with the
results obtained as shown in the Figure 14. For 5-level classification, a micro-averaged
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graph across all the classes is being shown. Compared to the earlier works, they show
better results: with a sensitivity of 80% at specificity of 65% and an area under the curve
of 0.80.
As expected, the accuracies of classification with respect to 5-level severity are
not as high as for the two-level classification namely: (Non-Referable DR (classes: 0,1)
vs. Referable DR (classes: 2,3,4) or the Healthy (class: 0) vs Sick (classes:1,2,3,4) results.
Nonetheless, the proposed model achieves a good accuracy of about 74%, which is
greater than those of the previous approaches listed in Table 7. The Macro-F1, Micro-F1
and the average class accuracy (ACA) scores are shown (on the validation data, which
was not used for training).
The fundus images in the Kaggle dataset, may have been acquired by different
operators with distinct hardware equipment. As a result, the quality of images can have a
large variation amongst them. For instance, the early signs of Retinopathy can get
obscured due to low contrast, blur, brightness, or other factors that affect the quality of
image. Image quality, therefore, plays a vital role in accurately detecting the symptoms of
the disease [45]. Huge class imbalance problem also needs to be addressed while giving a
newer dataset. Another possible reason for accuracies to be lower than 80% could be the
very subtle differences between the Level-0 (no DR) and Level-1 (mild DR) images.
Some of the earlier works [46-47] also corroborate this, where the Healthy vs Sick (0 vs
1,2,3,4) classification always had lesser accuracy than the Non-Referable DR (0,1) vs
Referable DR (2,3,4) classification. This problem needs to be studied more deeply in the
future work.
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Figure 14. ROC curve for 5-level severity classification.

Table 7. Comparison of Severity Classification Results
Bravo et al [47]
ResNet-50 [48]
Bi-ResNet [48]
RA-Net [48]
BiRA-Net [48]
This work

ACA
0.5051
0.4689
0.4889
0.4717
0.5431
0.74

Macro-F1
0.5081
0.4753
0.5503
0.5268
0.5725
0.60

Micro-F1
0.5052
0.4689
0.4897
0.4724
0.5436
0.74
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5 ECG Arrythmia Classification
Deep Learning Toolbox in MATLAB provides several inbuilt functions which
help in developing (training and validating) various neural network models easily. Some
of these functions are:
1. trainNetwork()
2. trainingOptions()
3. classify()
4. classificationLayer()
5. addLayers()

5.1.1 Normal Sinus Rhythm
Normal Sinus Rhythm (NSR) originates from sinus rhythm, which is the heart's
rhythm and is determined by the heart's sinus node [49]. For a NSR, the sinus node's
electrical impulse is the default, which means a heart rate of approximately 60 to 100
beats per minute at rest.
When the heart rate is under the lower limit (<60 bpm), it is defined as sinus
bradycardia. In comparison, when it is above the given upper limit (>100 bpm), it is
described as sinus tachycardia. The irregular heart rate produced by variation in the P-P
interval is defined as sinus arrhythmia. Even at rest, the heart rate cannot be described as
entirely constant. Some of these variations result from the continuous variation of the
constant and balance between the autonomic nervous system structures that affect the SA
node firing rate. Particularly, an increase in sympathetic activities increases the rate,
while an increase in parasympathetic activities decreased the heart rate [49].
Correspondingly, NSR is characterized by a regular rhythm of 60-100 bpm in
adults, 110 to 150 bpm in newborns, 85- 125 bpm in 2-year-old children, 75-115 bpm
among 4-year-old, and 60-100 bpm among children from 6 years and above. Moreover,
each QRS complex ought to be preceded by a regular P wave, and the PR interval
remains normal or constant. More than often, variabilities in the heart rate have been used
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to indicate how the body functions in relation to blood pressure, temperature, and
respiration [49].

5.1.2 Arrhythmia
Machine learning and artificial intelligence continue to revolutionize medicine in
different domains creating significant potential to automate various tasks that human
beings perform beyond human capabilities. A general understanding and literacy in
machine learning and deep learning methods is becoming quite consequential to the way
that nurses and other medical professionals approach health care [50]. Heart rhythm
problems are caused when electrical impulses that coordinate heartbeats do not function
properly leading to heath beating irregularly too fast or too slow [51]. Heart arrhythmias
may feel harmless but may sometimes be life threatening and must be managed when it
occurs. The use of deep learning techniques in seeking moderation of the human heart is
an essential development in medicine. The buzz around arrhythmia has been the
possibility of taking a bunch of ECGs and putting them through artificial intelligence and
getting answers regarding diagnosis, prognosis and treatment targeting [52]. The poor
structure of data sources is a significant problem, however, and has to be resolved to
achieve the desired outcomes [53]. Diagnostic classifications are loose and data structures
remain poor, inconsistent, and weak. Training artificial intelligence systems requires
extensive data and this must remain a primary consideration in optimizing the integration
of deep learning and machine learning in healthcare.

5.1.3 Congestive Heart Failure
Cardiovascular diseases have been observed to be a significant problem within the
contemporary global health care sector. Some studies estimate that more than 17 million
people die annually across the world, because of cardiovascular conditions. These heart
failures can happen either due to the inability of the heart to pump blood (systolic) during
contraction or due to the inability to fill-in (diastolic) during the relaxation phase. It can
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begin either from the left-ventricle or from the right ventricle and can sometimes involve
both the sides. Different types of health conditions that can lead to the weakening of heart
are Coronary artery disease, damaged valves in the heart, inflammation of heart muscles,
high blood pressure, and many other causes. Even chronic conditions like diabetes,
hyperthyroidism etc. can result in heart failures. Biostatistics and other analyses aimed at
identifying patterns and associations that may not be captured by doctors become critical
in the reduction of the bad statistics [54]. Machine learning has been particularly
observed to help in the prediction of the survival of patients from the data that can be
individuated within their medical records. Machine learning can be optimized to reduce
cases of heart failures among a diversity of patients.
In certain cases, serum creatinine and ejection fraction have proven to be
extremely useful features to predict the survival of the patients who had heart failure [45].

5.2 Dataset
ECG dataset used in this work is from PhysioNet Databank and is made easily
accessible on GitHub [55]. It has a total of 162 samples (ECG waveforms) from different
patients. Of these 162 samples, 96 belong to the class Arrythmia (ARR), 30 belong to
Congestive Heart Failure (CHF) and 36 belong to Normal Sinus Rhythm (NSR). Each of
these samples is a Time-series data which has ECG recorded from the patient for a
duration of about 8 minutes and 32 seconds at a sampling rate of 128 Hz, leading it to
have a total of 65,536 samples per each patient’s recording.

5.3 Feature Extraction
Many other methods [56] used various complex statistical signal processing
algorithms and techniques to extract important features from this time-series data. Once
these features were extracted, a suitable Neural Network would be chosen to train on that
data and then perform classification task. In this work, we transform the time-series data
into Time-Frequency (TF) Scalogram images using Continuous Wavelet Transforms.
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These images were then input to a Convolutional Neural Network (CNN) that uses a pretrained CNN (like SqueezeNet, VGG-16 etc.) for training.

5.3.1 Continuous Wavelet Transforms
Continuous Wavelet Transforms (CWT) have been used in various areas of
engineering, mathematics, and science as it plays a significant role in analyzing TimeFrequency information [57]. Although the CWT is built on the classical short-time
Fourier transform, it still allows variable time-frequency resolution. Fourier Transforms
convert a signal from time domain into frequency domain, by decomposing a signal into
many sines and cosines, but they do not give any information about the Time-Frequency
localization. On the other hand, the CWT decomposes signal into wavelets (oscillations
for short durations) which are time-localized, thereby enabling us to obtain the valuable
information of Time-Frequency localization present in a signal [58].
In the CWT, the wavelet ψ is the analyzing function since it compares the signal
to a compressed and shifted wavelet [57]. This compression or stretching can be defined
as scaling or dilation and must correspond with the scale's physical notion. When
discussed alongside scalogram, it represents the energy percentage for each of the given
coefficients. Often, the scalogram defines a wavelet transform by having axes for scale,
coefficient, and time value. More precisely, the scalogram is also an absolute value of the
CWT. In consideration of the method of the CWT, it reflects the interaction between a
function (wavelet) and analyzed continuous-time signal x(t) [59].

CWT is usually represented using the equation:
+

1
X w (a, b) =  x(t ) a ,b *(t )dt =
a
−

+

 x(t )

−

a ,b

*(

t −b
) dt
a

(15)

where X w ( a, b) is the wavelet transform of x(t ) , and the two parameters a and b,
represents wavelet dilation (or scaling) and wavelet translation (which indicates the time
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localization) respectively. ψ*(t) is the conjugate of ψ(t), the mother wavelet. Further,
coefficient

1

represents the energy normalized factor.

a

However, multiplying every coefficient by scaled and shifted wavelets gives the
constituent wavelets of the initial signal. Morlet wavelet is one of the more often used
wavelets for CWT [59]. Sample waveforms for each of these above mentioned three
classes and their corresponding scalogram images (obtained through CWT) are shown in
the Figures 15-17.
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(a) Arrythmia Waveform

(a) Arrythmia Scalogram

Figure 15. Arrythmia Waveform and Scalogram.
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(a) Congestive Heart Failure Waveform

(b) Congestive Heart Failure Scalogram

Figure 16. Congestive Heart Failure Waveform and Scalogram.

43

(a) Normal Sinus Rhythm Waveform

(b) Normal Sinus Rhythm Scalogram

Figure 17. Normal Sinus Rhythm Waveform and Scalogram.
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5.2.2 Stochastic Gradient Descent with Momentum
Stochastic Gradient Descent with Momentum (SGDM) is amongst the known
optimization algorithms that are currently being used in machine learning and statistical
estimation [60]. A technique applied in accelerating gradient vectors to the required
direction, promoting faster convergence. To understand SGD with momentum, it is
important to grasp SGD (Stochastic Gradient Descent) itself, an iterative technique meant
to help optimize a particular objective function with viable properties. Stochastic
Gradient Descent with momentum always functions faster than the algorithm Standard
Gradient Descent. Overall, the ultimate phenomenon of the SGD with momentum is to
evaluate and calculate the exponentially weighted average of gradients and later to use
the acquired gradient to update the weight vector for every iteration [60]. It is usually
represented as:

Vt = Vt −1 + (1 −  ) w L(W , X , y )

(16)

W = W − Vt

(17)

where Vt is the update vector,  w L(W , X , y ) is the gradient of the loss function
with respect to weight vector, and the learning rate is denoted by α. Furthermore, SGD
with momentum focuses on fixing one of the major challenges associated with SGD that
involve navigation through curves [61].
While making progress to the local optima, momentum speeds the SGD to the
relevant direction while dampening the oscillations. When momentum is in the
application, the chances are that faster convergence is created, as seen when pushing
something down a slope [60].

5.2.3 Implementation
The network is trained on a GPU: Nvidia GTX 1050 Ti. It has 768 CUDA cores, 4
GB GDDR5 (Graphics Double Data Rate) Memory, which is very good to handle the
given dataset and the chosen pre-trained networks with very good speeds for training and
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validation. The accuracy and loss plots on the training and validation data for different
pre-trained neural networks are illustrated through Figures 18-20 in the following section.
Firstly, VGG-16 has been tried with, here. In VGG-16, when the layers FC6, FC7
and FC8 are removed, the accuracy has reached a maximum of 60% and stayed constant
even with increased number of iterations, as shown in Fig. 18. It has reached an accuracy
of 87.66% when the layer FC8 is removed and 90.66% when none of the fully connected
layers were removed, as illustrated in figures 19 and 20, respectively. VGG-16 has a very
bulky size, thereby needing a long amount of time nearly 13 minutes for running 30
epochs. Even changing the values of Learn Rate did not yield any better result.

Figure 18. Result using VGG-16 as pre-trained network with FC6, FC7 and FC8 layers removed.
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Clearly, GoogLeNet as reported in [62] yielded much higher accuracy of about 96%, that
is considerably higher than those obtained using VGG-16 even by varying several
parameters.

Figure 19. Result using VGG-16 as pre-trained network with FC8 layer removed.
.
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Figure 20. Result using VGG-16 as pre-trained network with prob and output layers removed.

5.2.4 SqueezeNet
SqueezeNet, was proposed in 2016, by a group of researchers from DeepScale,
University of California, Berkeley, and Stanford University [63]. It comes with a
relatively smaller number of parameters (1.2 million with a model size of only about 5
MB) when compared to other pre-trained networks. Consequently, offering many
important advantages [63]:
•

These models are more easily deployable on hardware (like FPGAs and
ASICs) which have limited on-chip memory.

•

In distributed training methods, the communication between the servers and
the clients can be greatly reduced. Also, the smaller models get trained faster.

•

Bandwidth requirements for data transfer from cloud to autonomous cars can
be significantly reduced.
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•

Whenever model updates take place, they can be easily transported from
servers to cars, with very less overhead.

Architecture of the SqueezeNet is shown in the Figure 21 below. Input image of
size 224x224x3, first goes through a convolutional filter of size 7x7 with a stride of 2,
followed by a max pool layer of size 3x3, with stride 2. Subsequently, it goes through a
series of 8 blocks called the Fire modules. A fire module (shown in Fig. 24) consists of a
sequence of squeeze and expand layers. Squeeze layers have 1x1 convolutional filters,
whereas the expand layers have a combination of 1x1 and 3x3 convolutional filters. The
last fire block (fire9) is followed by a convolutional layer, global average pooling layer
and finally a softmax output layer. Thus, it can be shown to consist of a much smaller
sized neural network (with size about 5.2 MB) and still has yielded a particularly good
accuracy comparable to that of AlexNet (with size > 240 MB), on ImageNet
classification [63]. The number of parameters that need to be trained are about 1.2
million, which is significantly smaller than 61 million in AlexNet or 138 million in VGG16. These parameters (1.2 million) can further be reduced using pruning techniques [64]
to about 421,908, without compromising on the accuracy substantially.
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Figure 21. SqueezeNet architecture and the fire module [63]
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Figure 22. Result using SqueezeNet as pre-trained network with LR = 5e-5
From the actual SqueezeNet architecture (shown in Figure 21), 3 replacements
were done in our model: ‘drop9’ (dropout layer), ‘conv10’ (convolutional layer) and the
final classification output layer. These changes were similar to those reported in the prior
work [62]. After a few trials with Learning Rate (LR), it was found that reducing to 5e-5
has yielded a very good accuracy with SqueezeNet.
Whereas SqueezeNet, with these modifications yielded an accuracy of 96.88%
which is better than that reported by MathWorks [62] and is also comparable to the result
obtained through GoogLeNet. SqueezeNet has the further advantage that it is slightly
smaller than GoogLeNet.
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6 Conclusion
Machine learning and deep learning has proven to be quite useful within different
contexts. The application of different methods in the resolution of different health
problems is a testament to the growth of these field and their likely impact soon. Various
other considerations must be done around the future of deep learning in medicine to
improve their application and help human beings tackle some of the problems such as
congestive heart failure and myocardial infarctions. There is also a necessity for future
research to enhance socialization of deep learning for the benefit of human beings.
This work demonstrates that classification tasks in biomedical images could be
done effectively using some of the efficient Deep Convolutional Neural Networks aided
by transfer learning methods. Two applications that were focused upon here are diabetic
retinopathy detection and ECG signal classification. Diabetic Retinopathy (DR) is one of
the main causes for impaired vision in patients with Type-1 or Type-2 Diabetes.
Detecting it early helps immensely in diagnosing it and administering an effective
treatment. VGG-16, a pre-trained network proposed in 2014, has been used for finetuning and building a Convolutional Neural Network model. This model has used other
efficient techniques in deep learning such as Global Average Pooling, Batch
Normalization, Learn Rate Scheduling and Early Stopping on images with good
resolution. This technique achieved a sensitivity of 80% at a specificity of 65%, an
average class accuracy (ACA) of 74%, and an area under the curve (AUC) of 0.80 for 5level severity classification in the ROC plot. These are significantly greater than the
values obtained in the earlier works. The training and evaluation processes were
performed using an Nvidia Tesla V100 High Performance GPU.
For ECG signal classification, CWT (Continuous Wavelet Transforms) were used to
create the time-frequency representations of ECG signals in the form of scalogram
images, to classify into three categories: Arrythmia, Normal Sinus Rhythm and
Congestive Heart Failure by leveraging the pre-trained CNN SqueezeNet. Good
accuracy levels of above 96% were achieved here as well.
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7 Future Work
There are different facets of machine learning and deep learning that are yet to be
explored. An in-depth analysis of the various application and techniques applicable
within these domains demonstrates the fact that there is room for improvement through
further research and interrogation of existing methodologies. An enhancement of the
knowledge areas will require a proper adoption of cross-cutting techniques that overhaul
existing misconceptions. The world must move to a new paradigm that encapsulates the
developments in the field of artificial intelligence and machine learning as well as deep
learning. Fears regarding the applicability of these methodologies can only be addressed
from a multi-stakeholder point of view with the view of improving human life.
If more training data is provided, with roughly equal number of images for each
of the 5 classes, much higher levels of accuracy could be obtained. Also, it has been
observed that the differences between Level-0 (No DR) and Level-1 (Mild DR) images
are very subtle. So, improved image processing techniques may be needed to distinguish
between these classes.
Hardware implementation could be done first on FPGAs, and eventually build
customized hardware. It might also be possible, in future, to integrate the hardware into
devices like cell phones or tablets.
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