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Abstract: Medical Image analysis has gained momentum in the 

research since last ten years. Medical images of different 

modalities like X-rays, Computed Tomography (CT), Magnetic 

Resonance Imaging (MRI), Ultrasound etc. are generated with an 

increase of 15% to 20% every year. Medical image analysis 

requires high processing power and huge memory for storing the 

medical images, processing them, extracting features for useful 

information and segment the interested area for analysis. Thus, 

here comes the role of deep learning which proves to be promising 

for medical image analysis. The major focus of the paper is on 

exploring the literature on the broad areas of medical image 

analysis like Image Classification, Tumor/lesion classification 

and detection, Organ/Sub-structure Segmentation, Image 

Registration and Image Construction/ Enhancement using deep 

learning. Paper also highlights the physiological and medical 

challenges to be taken care, while analyzing medical images. It 

also discusses the technical challenges of using deep learning for 

medical image analysis and its solutions. 

 
Keywords: Convolutional Neural Network, MRI, CT-Scan, 

Transfer learning. 

I. INTRODUCTION 

In medical field, the data is available in the form of 

images and videos. So, human expertise is required to find 

the abnormal behavior of the hidden organs in the body. 

Different medical modalities available are X-rays (Chest), 

Computed Tomography (CT), Magnetic Resonance Imaging 

(MRI), Ultrasound, Thermographic, Positron emission 

tomography (PET) as shown in figure 1 respectively. Each of 

these modalities are assessed for different purpose like 

X-rays, CT, MRI gives anatomical data by which fractures of 

bones can be easily detected while thermographic, PET gives 

functional data which is used to detect the normal and 

abnormal functioning of cells and tissues. 

Early diagnosis of any disease can increase the survival 

rate of the patient [1]. Specially, when considering cancer, 

diagnosis at early stage is very crucial. Due to lack of 

symptoms at the initial stage, cancer remains undetected and 

hence results in the complicated stage. Thus, there is a need 

for automated diagnosis systems which can detect the 

abnormality at the early stage. Google claims that the trained 

Artificial Intelligence (AI) model detects diabetic retinopathy 

which almost gives similar results as that of 

ophthalmologists. The sensitivity score obtained is more than 
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Fig.1. Types of medical images. 

 

Medical Image Analysis has started from last 35 years but 

amplified since 2000 when machine learning come into 

practice. The history of medical image analysis is given by J. 

S. Duncan and N. Ayache [2]. The table 1 shows the history 

of the medical image analysis. 

As there is tremendous data to be analyzed from 2010, 

deep learning is used for medical image analysis. Currently, 

transfer learning i.e. using pre-trained models like inception 

[4-5], [7-8], VGG, etc. for training the data is widely used and 

gives excellent results. 

Section 2 discusses the literature survey on broad areas of 

medical image analysis and literature analysis. Section 3 

discusses the physiological and medical challenges faced 

while analyzing medical images. Technical challenges while 

using deep learning are discussed in section 3 along with their 

solutions. 

 

Table I.  History of Medical Image Analysis [2]. 

Sr. 

No. 

Era Approaches used 

1. Pre 1980-1984 Pattern Recognition Analysis using 

2D images. 

2. 1985-1991 Knowledge based Approaches like 

rule-based analysis and rule-based 

influencing where used. 
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3. 1992-1998 Imaging has gained momentum 

and integrated analysis on 3D 

images has started for the first time. 

4. 1999-2010 Machine Learning was introduced 

with Shallow Reasoning. 

5. 2010- till date Machine Learning with Complex 

Reasoning by using deep neural 

networks. 

II. LITERATURE SURVEY AND ANALYSIS 

The broad areas of medical image analysis are 

Image Classification, Tumor/lesion detection and 

classification, Organ/substructure segmentation, Image 

Registration and Image Construction/ Enhancement as 

shown in figure 2. 

Fig. 2. MedIA Areas 

A. Image Classification 

Image Classification is classifying the images into various 

categories depending upon, whether the image is of the 

patient having a disease or not. Gulshan et al. [4] used retinal 

fundus images for the detection of diabetic retinopathy and 

diabetic macular edema. The images are obtained from 

EyePACS in the United States and Aravind Eye Hospital, 

Sankara Nethralaya, and Narayana Nethralaya in India. The 

authors used an optimized deep convolution neural network 

trained on the inception-v3 architecture along with 

distributed stochastic gradient descent for optimization. For 

better training, the authors used batch normalization and 

pre-initialization using the weights from the same trained 

network. A sensitivity of 90.1% and Specificity of 98.2% for 

moderate or worse diabetic retinopathy were obtained. 

Esteva et al. [5] used open-access dermatology 

repositories, the ISIC Dermoscopic Archive, the annotated 

images from Edinburgh Dermofit Library as malignant and 

benign, and data from the Stanford Hospital annotated with a 

specific disease to classify skin cancer. Authors have used 

transfer learning to train their 129,450 clinical images which 

can be classified into 2,032 different diseases. The model 

used is Inception-v3 for training their dataset and 9-fold 

cross-validation is used for generalized model. The accuracy 

achieved by the trained CNN model with cross-validation 

was 55.4% while accuracy achieved on the same dataset by 

two dermatologists was 53.3% and 55.0%. 

Payan & Montana [7] and Hosseini-Asl et al. [8] used 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

dataset which consist MRI images of 755 patients having 

2,265 historical scans to classify the images into three classes 

as Alzheimer’s Disease (AD), Mild Cognitive Impairment 

(MDI) and Normal Control (NC). Payan & Montana used 2D 

and 3D CNN. The accuracy achieved to classify three classes 

was 85.53% for 2D and 89.47% for 3D. Hosseini-Asl et al. 

have trained the dataset by using 3D CNN pre-trained on the 

3D three stacked autoencoders. 

B. Tumour /lesion classification and detection. 

Pan et al. [9] worked on the MRI images of Brain Tumor 

Segmentation (BRATS 2014) dataset for the detection of 

brain tumors and its classification. The dataset consists of 

MRI images of 231 patients. Authors implemented the model 

by using backpropagation Neural Network, CNN for 

different kernel sizes and the different number of kernels on 

CNN. The one-layer CNN structure gives better performance 

over both sensitivity and specificity with an intersected value 

of 0.67. Dou et al. [11], proposed the model for the detection 

of Cerebral Microbleeds from the dataset of 320 MR scans. 

The authors constructed a 3D fully convolutional network 

model for the implementation. The Sensitivity and False 

Positives achieved were 98.29% and 282.8 respectively. 

Kawahara et al. [12] proposed the model for unknown skin 

lesion detection and classification. The Dermofit Image 

Library dataset consists of 1300 skin images with 10 class 

labels. Authors used AlexNet, the pre-trained CNN model to 

extract the feature and used logistic regression for the 

classification of 10 class, 5 class and 2 class. The prediction 

accuracy recorded in 10 class, 5 class, and 2 class were 81.6 

%, 85.8%, and 94.8% respectively. 

Humpire -Mamani GE et al. [13] used 884 images of 

thorax-abdomen CT scans and proposed the method for 

locating multiple organs simultaneously in the images. The 

authors used a sigmoid layer for multilabel classification with 

CNN to train their dataset and to predict the location of 11 

structures in the orthogonal view of the images. The 

performance is measured by calculating the wall distance to 

the referencing bounding box. 

C. Organ / Substructure Segmentation 

Segmentation is the process of identifying the common 

characteristics in the pixels of the image and grouping them 

together to separate Region of Interest (ROI) in the image. S. 

Pereira et al. [14] M. Havaei et al. [16] and X. Zhao et al. [17] 

proposed the CNN model for the automatic brain tumor 

segmentation by using publicly available dataset BRATS. S. 

Pereira et al. used BRATS13 and BRATS15 dataset and 

developed the model by using CNN with the small 3x3 

kernel. The Dice Similarity Coefficient metric of the model 

for the complete, core, and enhancing regions in BRATS13 is 

0.88, 0.83, 0.77 respectively and for BRATS15 is 0.78,0.65 

and 0.75 respectively. M. Havaei et al. 

[16] proposed the cascaded CNN network in which the 

output of one CNN is the supplementary input for the 

succeeding CNN and to handle the imbalance tumor labels, 

2-phase training procedure is adopted. The dice Similarity 

Coefficient metric recorded for their model were 0.81, 0.72 

and 0.58 for the complete, core, and enhancing regions 

respectively in BRATS13 dataset. X. Zhao et al. [17] 

developed a model by assimilating Fully CNNs and 

Conditional Random Fields (CRFs) on BRATS13, BraTS15, 

and BRATS16. Instead of using CRFs as the preprocessing 

step, authors have used CRF- 
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RNN which implements CRFs [29] so that training can be 

done together as a single model. The process of training is 

done in 3 steps i.e. first, image patches of equal size of each 

class are used to train FCNNs and by keeping the parameters 

of FCNNs fixed, the same image slices are used to train 

CRF-RNN. Finally, image slices are used to fine-tune the 

complete model. The Dice Similarity Coefficient metric of 

0.80,0.66 and 0.57 on BRATS15 for complete tumor, core 

tumor, and enhancing tumor respectively were obtained. 

Michiel Kallenberg et al. [15] performed breast density 

segmentation on three clinical datasets. The authors proposed 

an unsupervised feature learning method by using 

convolutional sparse autoencoders and recorded the average 

Area under curve (AUC) as 0.61. 

D. Image Registration 

Image Registration is aligning two images into one 

coordinate system for comparison. Cheng et al. 

[18] proposed the model to pre-train the deep neural 

network by using stacked denoising autoencoder for the 

similarity learning for multiple modality medical images. 

They used the computed tomography (CT) and MR head 

image slices from the same patient. The performance is 

evaluated by using the similarity parameters like mutual 

information and local cross-correlation. 

Simonovsky et al. [19] proposed a CNN model that gives 

the similarity metric for 3D multiple modalities. The dataset 

used is publicly available brain atlases Alberts which consist 

of T1-weighted and T2-weighted MRI scans of 20 infants. 

Each pair image is aligned and annotated with a mapping 

of50 anatomical i.e. structural regions. The similarity 

measure is evaluated by Dice and Jaccard coefficients. The 

authors obtained the dice and Jaccard coefficient after 

registration as 0.704 ± 0.037 and 0.556 ± 0.041 respectively. 

Miao et al. [20] proposed the model which extracts the 

information from the digital reconstructed medical images 

like radiographs, CT-scans and X-rays. The authors used 

CNN regressors to predict the transformation parameters for 

2D/3D images for similarity measurement. The authors 

introduced a feature extraction step to find the 3D complex 

features that are providing sensitive information for the 

variables to be regressed by CNN and Graphical Processing 

Units (GPUs) are used for better performance. 

E. Image Construction/Enhancement 

Image Enhancement is changing the pixels values in the 

images so that the enhanced images obtained are suitable for 

analysis. Li et al. [21] proposed the CNN model for the 

multi-modality medical images where authors are 

constructing the Positron Emission Tomography (PET) 

image from the input MRI image for brain disease diagnosis. 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) 

database is used which consists of data of 830 patients, where 

432 patients have only MRI images while 398 patients have 

MRI as well as PET images. The authors trained the 398 

subjects on 3D CNN for both PET and MRI images and the 

trained model is used for constructing the PET images for the 

remaining 432 patients. The classification accuracy on all 

830 patients was reported as 0.7621 ± 0.0205 and 0.7305 

± 0.0315 for the constructed and the true PET images 

respectively. 

Bahrami et al. [22] proposed the deep CNN model for 

constructing 7T MRI images from 3T MRI images by using 

the anatomical data and intensity i.e. appearance features as 

inputs which gives the intensity of center voxel in the 

corresponding 7T patch. The authors apply the proposed 

CNN model to map each input 3T patch to the 7T image 

patch of 15 patients, each with both 3T and 7T MRI images. 

The performance of the model is evaluated by the appearance 

of the constructed 7T MRI image. 

F. Literature Analysis 

MedIA using deep learning has increased from 2010 with 

the major research in segmentation, detection of objects and 

disease classification, by using microscopic images for the 

detection of abnormalities in blood and brain image analysis 

with MRI images for the detection of tumors or 

Alzheimer’s disease. Convolutional Neural network 

(CNN), autoencoders and Deep belief Networks (DBNs) are 

used for training the data. The Emergent learning method 

adopted is transfer learning i.e. training the data with the 

pre-trained models like Google’s v3 inception which is 

trained on ImageNet dataset. Transfer Learning with 

fine-tuning the parameters gives good results as compared to 

other machine learning and deep learning algorithms [4-5], 

[7-8]. 

III. DISCUSSION AND CHALLENGES 

The development of the global Computer-Aided Diagnosis 

(CAD) model for medical analysis is still a big challenge as 

there is a need to focus on the important factors while dealing 

with human anatomy. As each patient has a different 

physiological structure, the medical images may contain the 

variations in the same body part. For example, if the patient is 

fat the X-ray image of the hidden parts of the body may be 

different than the thin patient. Even there is inter and intra 

organ variability due to body development and age. For 

example, during the embryotic and fetal stages, the growth of 

the fetus changes in few weeks and same changes may not be 

recorded in each fetus in same gestational age. Thus, to 

develop the global automated model age, body development 

of the patient needs to be considered for the accuracy. 

Even considering the physiological challenges is not 

sufficient to develop the automated models. While 

implementing the model using deep learning, there are 

technical issues like the lack of annotated data for the medical 

images which is required for the verification. The creation of 

manual annotations from the experts is a challenging task as 

it requires expert knowledge and extensive labor work, thus 

becoming the bottleneck for the development of the 

automated model. 

Another problem is to train the model with a smaller data 

size. By using transfer learning, in which the pre-trained 

model trained on the data from a source domain where the 

large dataset of annotated images is available can be used to 

train the complex model. By, fine-tuning the parameters with 

data of the target domain can increase the performance on the 

smaller datasets. Another solution is to use deep learning 

models as the feature extractors and then use other machine 

learning or deep learning techniques for training on the 

extracted features. Also, to enlarge the dataset, Generative 

Adversarial Networks (GANs) [31] which is a synthetic data 

generator can be used. GAN’s framework has the ability to 

mimic the behavior of the images and generate synthetic 

images similar to any domain. 

It is getting huge important by 

the computer vision 

community. 
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There are various medical modalities and each modality 

has a different way of assessment i.e. X-rays and CT-scans 

are used for accessing dysfunctions of anatomy while 

functional MRI, PET is used for functional assessment. Thus, 

using both the modalities together can give both anatomical 

data as well as functional data. A computer-aided diagnosis 

model which combines the features of multiple modalities 

will give good results as compared to a single modality. 

IV. CONCLUSION 

Artificial Intelligence is playing a crucial role in molding 

the world towards using computer- aided design models for 

learning digitally and examining diseases. Based on today’s 

requirement, there is a need for developing generalized 

automated models that embed the physiological structure of 

all the developed stages inherited by the human body as well 

as considers the multiple modalities for examining the 

diseases. Thus, the research on broad areas of medical image 

analysis using deep learning is carried out and it proves that 

the state of art deep learning algorithms detects abnormalities 

accurately. The future scope includes creating a generalized 

model for abnormality detection by solving the highlighted 

physiological, medical and technical issues. 
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