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Abstract: For years’ radiologist and clinician continues to
employs various approaches, machine learning algorithms
included to detect, diagnose, and prevent diseases using medical
imaging. Recent advances in deep learning made medical
imaging analysis and processing an active research area, various
algorithms for segmentation, detection, and classification have
been proposed. In this survey, we describe the trends of deep
learning algorithms use in medical imaging, their architecture,
hardware, and software used are all discussed. We concluded with
the proposed model for brain lesion segmentation and
classification using Magnetic Resonance Images (MRI).
Index Terms: Deep learning architectures, data augmentation
machine learning, medical imaging

I. INTRODUCTION
Deep learning (DL) has touched almost every domain
and day to day activities over the last decade. It is a new
machine learning paradigm that focuses on learning with deep
hierarchical models of data. DL is a kind of Artificial Neural
Network (ANN) that comes into existence in the ’80s [1] and
become apparent in 2006 [2]. In 2012, a deep learning-based
architecture called Convolutional Neural Network (CNN)
was used by researchers for ImageNet classification where
they won a great success in a computer vision challenge.
Since then, many researchers adapted DL in medical image
analysis and other computer vision task. Advancement of
technology, self-learning [3], improvement of existing
learning methods ,and development of computing
capabilities, especially graphics processing unit (GPUs)
whose serve as the fundamental factors to the success of DL.
These factors led to the development of well successful
models used for medical image analysis which shows inherent
ability to diagnose disease, because of its ability to segment
and classify diseases which produced superb results as
highlighted in an editorial of DL techniques [4].
Medical Imaging is an essential part of the initial detection,
diagnosis, treatment, and prevention of disease. Medical
images such as X-ray , positron emission tomography (PET),
ultrasound, and magnetic resonance images (MRI) are used
for the precise diagnosis of disease.The analysis is based on
image acquisition and image interpretation.

Image acquisition is the initial stage in medical image analysis
for acquiring images, which was significantly improved with
the advancement of devices, that received the data at a faster
rate with more increased in resolution. Radiologists made
interpretation of medical images which is very challenging,
time-consuming, and also having disparity across interpreters
[4].
Recently, researchers in the medical imaging field have
focused on bringing new techniques. Before the existence of
these techniques, visual inspection of medical images is done
by trained and experienced radiologists, computer algorithms
using traditional machine learning, image processing, and
pattern recognition [5]. All these methods are not able to
recognize the problem uniquely, and there are variations in
the diagnostic. DL tackle this problem by identifying the
sophisticated features of the particular region so that
radiologist can make the right decision for the treatment.
In this paper, we explore the impact of DL in medical
imaging and discuss why DL is preferred over the traditional
machine learning in section II. We describe the hardware and
software platforms used for DL in section III. The details of
DL architectures are presented in Section IV, while the
application of DL in medical imaging was discussed in
section V. In section VI , we present a proposed model for
segmentation , detection, classification and, conclude in
Section VII.
II. WHY DEEP LEARNING OVER TRADITIONAL
MACHINE LEARNING
Deep Learning is impressive not only because its level of
performance is higher, but can build a deeper not shallow
network with millions of neurons and hundreds of layers .
This gives DL an edge over machine learning , which requires
feature engineering, as shown in Fig.1. Feature engineering
requires domain expertise, and it is a complicated task which
consumes a lot of time .
The features need to be handcrafted in traditional machine
learning that is extracted then selected while in DL it is done
automatically.
Traditional machine learning is a vigorous algorithm for
identifying patterns or image features that can be applied to
medical images for the prediction, classification, or diagnosis
of interest using selected features [6] [7].
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These features were used as input to the traditiona1 machine
learning system, which also tends to select useless or
redundant features, also not including the useful features
required [6].

iii. Tensor Flow
Tensor Flow is a DL framework for high computation
performance created by google brain team of researchers and
engineers [14] using data flows for machine learning and deep
neural networks research. It supports C++ and Python
interfaces and runs on both GPUs and CPUs.
iv. Torch
Torch [15] is an efficient scientific computing framework,
very easy to use, and provide broad support for machine
learning. It Provides a Lua interface which is a supremely
lightweight scripting language used by Facebook Artificial
Intelligence research [16].
IV. DEEP LEARNING ARCHITECTURES
A. Supervised Learning
Supervised learning is the process whereby for every input
variables X, there is a labeled output variable Y, which are
used to train the machine and get the desired outputs. There
are several Supervised learning models which include;

Fig. 1: Traditional Machine Learning Vs. Deep Learning

III. H/W AND S/W PLATFORMS USED FOR DEEP
LEARNING
Hardware and software play key roles in the development
and application of deep learning.
A. Hardware
Graphics Processing Unit (GPU) is one of the critical
factors responsible for the advancement and success of DL. It
provides higher performance and a potent processing unit for
computing applications [8] with its computing platforms that
is Compute Unified Device Architecture (CUDA) and Open
Computing Language (OpenCL) [9]. GPU is a powerful
computing machine that performed mathematical operations
with high performance than central processing units (CPUs)
with more execution threads [10].

i. Neural Network
Neural Network is learning algorithms that mimic the
brain, identify the pattern, and form the basis of most DL
algorithm [5]. It is made up of inputs, weights, activation
function, and biases, as shown in Fig. 2 below. Neural
networks training involves many stages or epochs when new
data (input) is added. Delta rule is used as the learning
process for the adjustment of the weights, training, and
implementation by exploiting back propagation routine [17].
The network weights are initialized randomly and trained
using an iterative training method called gradient descent.
The gradient descent was also used for the optimization and
minimization of the disparity that occurs in the network
output, and the targeted network output.

B. Software
In DL there are varieties of open-source software
frameworks used which includes;
i. Convolutional Architecture for Fast Feature
Embedding (Caffe)
Caffe is an open-source software created and developed by
the Berkeley Vision and Learning Centre (BVLC) [11]. It
explores different architecture and implements them
efficiently for learning and prediction. Matlab, C, C+, and
python are interfaces that support Caffe.
ii. Theano
Theano is an open-source python library developed in
Montreal by members of Montreal Institute for Learning
Algorithms (MILA) lab. It is used for optimizing and
evaluating mathematical expressions with multi-dimensional
array [12]. It was designed to perform the computation for a
vast neural network and to increase development and
execution time for the machine learning algorithm [13].
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Fig. 2: Neural Network
ii. Deep Neural Network
The shallowness of ANN makes it fail with more than four
hidden layers; this leads to the introduction of Deep Neural
Network (DNN) [18-20]. The DNN architecture comprises
input and output layers, with tens to hundreds of hidden
layers.
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The amount of hidden layers and the model architecture
depends on the application. The architecture used for the
detection of breast cancer proposed by [21] is entirely
different from the one proposed by [22] for the detection of
breast cancer . In the DNN architecture information are
passed from the input to the output layer through the hidden
layer in a sequential manner called feedforward network. In
each layer, various computation is performed before any
output is generated, which become an input to the next layer.
DNN is feedforward networks that model complex
non-linear correlation of data from the input to the output
layer without looping back, as shown in Fig. 3. Training a
deep neural network sometimes is complicated because if
errors are backpropagated to the few first layers and the
network considers the errors inconsequential which can be
neglected, this leads to vanishing gradient descent problem.
However, sophisticated variant backpropagation [23] have
overcome vanishing gradient descent problem, but it slows
down the learning process. Different approaches have been
provided by DL to train DNN architecture. In training the
DNN architecture, labeled data are provided in case of
supervised learning to learn the weights in such a way that it
minimized the errors between desire and the target output
values for either classification or regression [17].

exhibit certain similarity with multi-layer perceptron (MLP)
that is, the images are converted to pixels, perform some
pre-processing on them then fed the raw pixels into the CNN
[26]. It takes the raw image pixel as input, and transforms it
via Convolutional Layer, Rectified Linear Unit [27] and
Pooling Layers [28]. After various computations are
performed on the raw pixels by the predecessor’s layers, the
result is pass to the fully connected layer. This layer shows the
classification by assigning a class score to the image.
Convolution is the process of performing manipulation on
two mathematical functions. To analyze the images, they have
to be converted to a pixel value, use as an input to the network
model. Then the filter function is performed, as depicted in
Fig. 4 . The RELU serves as the activation function, which
changes all the negative values to zero. They speed up the
computation of the model training and eliminate the vanishing
gradient problem. The pooling layer is used to reduce the
parameters numbers, which lies in between the convolution
layer and the activation layer. As stated in [29], the most often
layer used is max pooling as other layers exist. In max
pooling, the number of layers is reduced by selecting the
highest value. The output of the previous layers function as
the input; then it used to calculate the probability score and
classify them based on the result.

Fig. 4: Convolutional Layer

Fig. 3: Deep Neural Network
i. Convolutional Neural Network
Among the successful architecture of DNN is the
CNN, mostly utilized in image analysis task. The popularity
of CNN architecture is due to its application in computer
vision and other variants of its kind [24]. It is considered as
the most competent and accessible deep learning algorithm,
especially for image analysis and recognition. It features
selection capability of retaining the local image relation at the
same time performing dimensionality reduction makes it
suitable for any image analysis tasks [25]. Furthermore, it
increased the computation efficiency of various models
through the decrease of learnable parameters at the same time,
capturing vital features needed to perform the classification
task. CNN extract features using multiple filters which learn
high-level features from the original data of an image then
used for classification, as shown in Fig. 5. CNN architecture
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B. Unsupervised Learning
In unsupervised learning, unlabeled data are used for
learning. The data is used to describe the hidden structure.
There are several unsupervised algorithms which include;

estimated through the reconstruction of the original input
using a backward pass learning procedure.

i. Autoencoders
Autoencoders are used for unsupervised of coding .The
codings are the input data; they study the feature
representation in an unsupervised way without labeled data.
As illustrated in Fig. 6 , inputs are transformed into inputs and
outputs with encoder and decoder in between them [30].

Fig. 7: Deep Belief Network and Deep Boltzmann Machine
a. Deep Belief Network
Deep Belief Network (DBN) was much used for the
reawakening in deep learning [34]. DBN train the network in
a layer by layer way [35], though it works hierarchically as the
real-world data do, for which higher-level layers learn more
top feature and lower ones also determines smaller features.

Fig. 6: Autoencoders
a. Stacked Autoencoders
They are a type of autoencoders in which separate training
of different subset of encodes are done before they are stacked
together [31].
b. DE noising Autoencoder
DE noising Autoencoder is another type of autoencoder
where noise is added, usually Gaussian noise to the hidden
layer [31] or through dropout, that is a random selection of
some neurons in the first hidden layer and turning them off.
This process forces the model to learn some useful coding in
other to reconstruct back noise-free input at the output layer.
c. Sparse Autoencoder
Sparse Autoencoder is the type of autoencoders that learn
essential features in the input data that can be useful at the
output layer. The features extracted from data that are not
important or useful are set to zero [32]. The process of sparse
representation of input is essential in the initial training of the
model for classification tasks.They imposed sparsity on the
hidden layer during model training by increasing the number
of hidden layers than the previous one.
ii. Restricted Boltzmann Machines
Restricted
Boltzmann
Machines (RBMs) are
bidirectional graphical and generative models that consist of
two unit layers (visible and hidden) [33], no direct connection
between the hidden to hidden and visible to visible.The
probability distribution from the initial input in RBM is
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b. Deep Boltzmann Machines
It is a variant of neural network based on Boltzmann family
[36]. DBM is trained in a layer by layer way as it is in DBN.
As shown in Fig 7. Both DBN and DBM possess undirected
connections. In DBN the time inference is very high as
compare to DBN, which makes optimization very difficult
while training the network [37].
C. Semi-Supervised Learning
Semi-supervised learning is the amalgamation of
supervised and unsupervised learning. Generative
Adversarial Networks is an example of Semi-supervised
learning.
i. Generative Adversarial Networks
Generative Adversarial Network (GANS) are generative
models used for image synthesis [38]. They generate useful
information (data) with limited available training data .
GANs, as shown in Fig 8., comprise two competing models,
the generator and the discriminator, which are used
simultaneously.The Generator (G) generates fake data(image)
from random noise that mimics the original dataset (image).
The generated and original datasets(images) are feed into the
discriminator. The discriminator, which is a conventional
CNN,
will
differentiate
between
the
original
dataset(images)and the generated images by assigning
probability label (0,1).
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in [43] for cardiac MRI.

Zero(0) for the generated ( fake ) image and one (1) for the
original image. The posterior probability is given by
P(Label/Data).

Fig. 8: Generative Adversarial Network

B. Segmentation
Segmentation is a method of apportioning images or data
to multiple sub-regions manually, semi-automatically, or
automatically based on pixels or essential features [44]. In
recent studies, segmentation has been applied to medical
images [45]. Organs, lesions, and other hidden parts
segmentation of the medical images simplified the analysis of
experimental parameters related to the shape and location.
There are various DL architectures used by many researchers
in segmenting different anatomical structures from different
modalities. These architectures include 2D and 3D CNN
architectures [46]. A deep learning-based model architecture
was proposed in [29] for the segmentation of sclerosis lesion
in MR images. The architecture contains a 3D-CNN, which is
made up of two pathways, the convolution learned the
hierarchical feature representation and a deconvolutional path
that provide both the unpooling layer and the deconvolutional
layer. In [47], a 3D DL architecture was proposed and used
for the segmentation of brain tumor.
Also, in [49], a two-path architecture with eleven layers has
been proposed, the architecture was based on Deconvolution
Neural Network (DCNN) for brain lesion segmentation. They
used dense training with 3D patches which utilized a 3D fully
connected conditional random field.
C. Classification
In medical image analysis, classification is a vital task. It
is used for classifying of diseases based on their features for
further diagnosis.
Researchers suggested many DL models for classification
of medical images in different anatomical and different
modalities. In [48-50], new models have been proposed for
classification . They achieved an accuracy from 85.5% above
. The proposed network is trained from the extracted patches
of the whole image , which serves as the input to the models.

Fig. 9: Classification Architecture
V. APPLICATION OF DEEP LEARNING IN
MEDICAL IMAGING
DL has momentous achievements in many domains,
especially in medical image analysis. With the current
advancement in DL and GPU, researchers in the field of
medical image analysis have achieved excellent results in
detection,segmentation,classification, and registration [39].
A. Detection
Detection of abnormality (Lesion) is a pre-processing task
before segmentation in medical image analysis, for
identification of disease in different modalities.
In the literature, there are various detection algorithms
proposed, which include both generative and discriminative
models. In [40] a brain lesion detection was done, an accuracy
of 91% sensitivity, and 59% specificity was achieved using
multi-sequence images that include T1 , T2, and flair with
their annotated images . Also, approaches were proposed in
[40-42]. In [41], supervised and unsupervised methods are
amalgamated together to performed lesion detection on MRI
images. Detection of myocardial abnormalities is carried out
Retrieval Number: C10191083S219/2019©BEIESP
DOI:10.35940/ijrte.C1019.1083S219

D. Registration
Medical image registration is an image analysis task of
computing. The coordinate transform the medical image from
one form to another , with the input images, a deep learning
algorithm is used by [51] [52] to guess the image registration
using transform parameters.
VI. PROPOSED MODEL
A deep learning model for brain lesion detection,
segmentation, and classification using MR images to
differentiate between Neurocyserticorsis and Tuberculoma is
proposed as illustrated in Fig 10.
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