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ABSTRACT 

Consider the possibility that we live in an area far from a doctor, or that we may not have enough resources to pay the 

hospital cost, or that we may not have enough time to take off work. The use of advanced computers to diagnose diseases 

will be lifesaving in such situations. Scientists have developed a number of artificially intelligent diagnostic algorithms for 

illnesses such as cancer, lung disease and Parkinson's disease. Deep learning employs massive artificial neural network 

layers of interlinked nodes that can reorganize themselves in response to updated data. This approach enables machines to 

self-learn without the need for assistance from humans. The emphasis of this article is on current developments in machine 

learning that have had major effects on identification for the detection of a variety of illnesses, such as brain tumor 

segmentation. Human-assisted manual categorization may lead to erroneous prediction and diagnosis, thus one of the most 

important and a useful technique is brain tumor segmentation tasks in medical image processing that are difficult. 

Furthermore, it is a difficult challenge because there is a vast volume of data to assist. Since brain tumors have such a 

wide range of appearances and since tumor and normal tissues are so close, extracting tumor regions from photographs 

becomes difficult. The advancement of clinical decision systems of support necessitates the identification and recognition 

of the appropriate biomarkers in relation to specific health problems. It has been established that handwriting deficiency is 

proportionate to the severity of the situation of individuals' Parkinson's disease (PD). 

Keywords: Artificial Intelligence, Artificial Neural Network, Computer Aided Diagnosis, Machine Learning, 

Segmentation.

1. INTRODUCTION 

Supported by a computer in the medical sector, 

diagnosis is an increasingly increasing and diverse field 

of study. Latest advances in artificial intelligence 

computer learning offer increased disease perception 

and diagnostic precision. By learning and acquiring 

information, computers are given the capacity to reason. 

To differentiate data sets, machine learning techniques 

are employed that come in a variety of forms. [1,2]. 

They're controlled and unsupervised at the same time. 

Algorithms for deep learning, reinforcement semi-

supervised, evolutionary has been studied and applied 

for better results [3].  

Parkinson's disease (PD) is one of the most prevalent 

neurological illnesses in persons over 65 years old. 

Because this illness is progressive in nature, failure to 

diagnose it early and monitor it at various stages would 

have a substantial cost-cutting impact for patients in 

terms of healthcare as well as serious health-related 

problems. Instability, Rigidity in posture, bradykinesia 

and tremor are some of the symptoms of movement 

abnormalities that are often seen in Parkinson's disease 

patients at various stages. It is critical to identify PD at 

an early stage in order to avoid serious consequences for 

PD patients. Finding differences in handwriting and 

drawing skills is one of the most popular frequent 

impacts that are readily visible among PD patients and 

utilized most often in the early stages of diagnosis. 
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Noninvasive tests such as sketching a spiral, waves, and 

other handwritten texts may be used to distinguish 

between individuals who have and don't have 

Parkinson's disease [26, 27]. 

Parkinson's disease in its early stages, previous 

researchers and doctors discovered a link between spiral 

sketching and handwriting. 

The main disadvantage of these types of diagnosis is 

that they need accurate interpretation of drawing and 

handwriting. Traditionally, drawings or handwritings 

were created on paper and physically translated by 

interpreters who were experts in certain fields. Now that 

digital technology is available, it is easier to do such 

tasks digitally, and machine assessments are more 

precise and accurate than in the past. Some of the 

common characteristics included in the drawings may be 

utilised as possible markers to distinguish between 

various groups of participants, such as healthy and PD 

patients, and those tasks could be used to conduct a real-

time reliability study. 

In recent years, the most prudent choice for 

recognizing anything in actual time has been to 

automate the system so that we can do the same task in 

less time and with more precision. In this regard, 

machine learning methods are more successful and have 

shown sufficient promise for application in real-world 

scenarios. 

Supervised learning: It provides a compilation of 

instances in practice with appropriate goals, and 

algorithms answer based on some training set, all 

questions should be answered properly for possible 

inputs. Supervised Learning [4] is another term for 

learning from instances. Supervised Learning takes the 

form of classification and regression. 

Unsupervised learning: The unsupervised learning 

approach attempts to identify correlations in the input 

data and then classifies the data depending on these 

similarities. Density estimate [5] is another name for 

this. Clustering is a feature of unsupervised learning that 

creates clusters based on similarities. 

Semi-supervised learning: A supervised learning 

method that is partly supervised is a kind of supervised 

learning technique. Unlabeled data are often used for 

training (A tiny quantity of categorized data and a big 

number of unlabeled data are typical.) between 

unsupervised (unlabeled information) and supervised 

learning is semi-supervised learning (labeled-data) [6] 

Reinforcement learning: Behaviorist psychology 

supports this reinforcement learning.  If the answer is 

incorrect, an algorithm is notified, but it is not notified 

of how to correct it.  It must investigate and test 

different options before it discovers the correct answers 

[7].  Learning with a reviewer is another term for it. It 

makes no suggestions for change. 

Evolutionary Learning: This human evolution 

learning may be compared to how biological organisms 

develop to improve their odds of surviving and 

generating children. [8] We may implement this model 

in a computer by using the notion of fitness to determine 

the accuracy of the response. 

Deep learning: Back propagation is a method for 

learning all of the model parameters at the same time to 

optimize the task's performance [9]. It employs a deep 

graph of several processing layers comprised of a 

variety of nonlinear and linear transformations. 

1.1. Machine Learning Techniques for 

Disease Diagnosis and Detection 

The quantification of disease progression during 

medical care is possible thanks to the automatic and 

continuous measurement of biomarkers [10, 11]. 

Increased sensitivity and efficacy of medical therapies 

will aid in the implementation of more reliable disease 

management, which reduces the amount of participants 

required in clinical trials as well. This article analyses 

and compares several machine learning algorithms for 

detecting illnesses including cancer, lung disease, and 

Parkinson's disease. 

2. DEEP LEARNING IN CANCER 

DETECTION 

The gold standard for illness detection research is 

biological tissue extracts from pathologist's reports. One 

of the most common forms of breast cancer is cancerous 

tumors in the mass. Malignant tumors are difficult to 

identify on mammograms because they are concealed by 

different densities of parenchyma tissue structures. 

Following the advent of deep learning, current 

advances in the field of machine intelligence have 

ushered in a paradigm shift across all industries. In the 

healthcare sector, the development of deep learning and 

sophisticated computer-aided detection systems has led 

to more precise and accurate diagnosis. When it comes 

to Parkinson's disease, there are a number of biomarkers 

that must be examined in order to determine a patient's 

clinical status. Hand tremors and dispersed motor 

flexibility in the hands are two of the most common 

symptoms of Parkinson's disease, and they contribute to 

a reduction in the capacity to draw and write. As a 

result, assessing the capacity to write and draw may be 

regarded a critical indicator for determining Parkinson's 

disease clinical development and diagnosis. This study 

investigates a technique for evaluating the sketching 

pattern of spirals and waves in Parkinson's disease 

patients, as well as identifying Parkinson's disease. The 

Atlantis Highlights in Computer Sciences, volume 4

357



system was built using two-dimensional convolutional 

neural networks and voting-ensemble classifiers. 

Smita Jhajharia developed a model based on neural 

networks and principal component analysis for 

predicting breast cancer prognosis (PCA) features that 

has been processed. To apply a predictive model, a 

multivariate survey computational method was 

combined using a machine learning method based on 

artificial intelligence [12]. Principal component pre-

processes data, analysis and chooses the most relevant 

characteristics for AI processing. For the classification 

of new cases, the ANN learns trends in the records. 

Experimental review reveals that the accuracy is 96 %. 

For mass detection in mammograms, Zheng L suggested 

a discrete wavelet transform (DWT) method that 

incorporates several artificial intelligence capabilities. 

Among the AI methods are dimension analysis of 

fractals, multi-resolution Markov random fields, and the 

dogs-and-rabbits algorithm. [13]. Dimensional 

examination of fractals is used as a pre-processor in 

mammography to assess the estimated positions of 

cancer-prone areas. The LL sub band of a three level 

DWT the mammogram's breakdown is segmented using 

the rabbits-and-dogs clustering algorithm. Finally, a 

tree-type classification technique is used to decide if a 

given area is cancer-prone. According to the verification 

data, the sensitivity of the suggested method is 97.4 % 

and an amount of false positives per picture of 3.91 %. 

Table 1. Cancer identification methods based on 

machine learning 

Techniques of 

Machine 

Learning  

Publisher Year Disease Accuracy 

PCA, ANN Smita 

Jhajharia 

2016 Cancer 95.9% 

Dogs-and-

Rabbits 

algorithm, fractal 

dimension 

analysis, DWT, 

Markow random 

method 

Zheng L 2014 Cancer 97.4% 

 

 
Figure 1 Deep learning diagnosis of tumor 

One of the most difficult and time-consuming jobs is 

separating the region of interest from a person, and the 

challenge of isolating a MRI brain picture of a tumour is 

crucial. Researchers from all around the globe are 

working on determining the best-segmented ROI and 

simulating many alternative methods from diverse 

perspectives. The usage of Neural Network-based 

segmentation provides great results nowadays, and it is 

becoming more popular by the day. 

The suggested approach has not been tested, and the 

following results have been obtained: a full 

segmentation procedure based on Mathematical 

Morphological Operations and a spatial FCM algorithm 

that saves time in computation; however, the suggested 

approach has not been tested, and the following results 

have been obtained: The classifier has an accuracy of 

86.5 % and a specificity of 92% in detecting cancer is 

developed by Devkota et al. [14]. Yantao et al. [15] 

used a technique that was similar to the segmentation 

technique based on histogram. The brain tumor 

segmentation problem (tumor, necrosis, plus tumor, 

edoema, and normal tissue) using two modalities FLAIR 

and T1 is a three-class grouping question. To identify 

irregular regions, a region-based active contour model 

using FLAIR modality was employed. The k-means 

procedure was used to differentiate edoema and tumor 

tissues in unhealthy regions using the contrast 

enhancement T1 modality, with a sensitivity and Dice 

coefficient and of 90.2% and 73.5% respectively. 

In terms of the number of true positives, the 

convolutional neural networks model for both wave and 

spiral drawings performed well. However, the original 

null hypothesis proposed that healthy individuals may 

be predicted as Parkinson's patients with minor 

misclassifications, while Parkinson's patients must not 

have a single misclassification. Due to the existence of 

stage 2 and 3 misclassification in spiral and wave for 

Parkinson's patients, CNN models did not agree with 

this specific hypothesis. As a result, a combinatory 

analysis was required, and we used the prediction 

probabilities of both the wave and spiral CNN models to 

train two separate classifiers in order to get an Ensemble 

judgement. 

All pictures were treated to a static policy-based 

augmentation in order to prepare them for training. 

Because the dataset contains a very small number of 

pictures, using Deep Learning methods such as CNNs 

becomes problematic. As a result, picture augmentations 

were done to ingest some synthetic examples in the 

dataset for training as well as to enhance the dataset's 

variety. Tables 2 and 3 mentioned the different image 

augmentation parameters that were applied to the wave 

and spiral training data. 
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2.1. Preprocessing and augmentation of data 

Resizing and histogram equalisation were applied to 

the pictures utilised in the research. The spiral drawings' 

pictures were scaled to 256 px wide and 256 px height, 

while the wave sketches were resized to 256 px width 

and 512 px height. The pictures gathered for the 

research show a lack of contrast and brightness, as well 

as general clarity. As a result, utilising Histogram 

equalisation, contrast augmentation and correction were 

applied to all of the pictures. All pictures were treated to 

a static policy-based augmentation in order to prepare 

them for training. Because the dataset contains a very 

small number of pictures, using Deep Learning methods 

such as CNNs becomes problematic. As a result, picture 

augmentations were done to ingest some synthetic 

examples in the training dataset as well as to enhance 

the dataset's variety. 

Table 2. Data Augmentation Parameters for Spiral 

Sketches 

Parameters for Augmentation Settings 

Horizontal Rotation TRUE 

Vertical Rotation TRUE 

Range of Width Shift 0.1 

Range of  Height Shift 0.1 

Brightness Scale 0.5,1.5 

Range of Shear 0.2 

Range of Zoom 0.2 

Max Crop Percentage 0.2 

Crop Probability 0.3 

Range of Rotation 360 

 

Table 3. Data Augmentation Parameters for Wave 

Drawings 

Parameters for Augmentation Settings 

Horizontal Rotation TRUE 

Vertical Rotation TRUE 

Range of Width Shift 0.1 

Range of  Height Shift 0.1 

Brightness Scale 0.3,1.8 

Range of Shear 0.2 

Range of Zoom 0.2 

Max Crop Percentage 0.3 

Crop Probability 0.1 

Range of Rotation 5 

 

Badran et al. utilised a clever edge detection model 

combined with adaptive thresholding to eliminate the 

ROI utilizing edge detection methods. [16]. There were 

102 images in the dataset. Images were first 

preprocessed, and then adaptive thresholding was 

applied to two different neural networks, the first of 

which used canny edge detection and the second of 

which used adaptive thresholding. The Harris technique 

identifies distinguishing elements from the segmented 

picture, which are then encoded as a level number. Then 

two neural networks are used, one for detecting whether 

the brain is stable or tumor-infested, and the other for 

determining the type of tumour. When comparing the 

two models and depicting the effects, the canny edge 

detection system performed better when it comes to 

precision. Pei et al. [17] suggested a strategy for 

improving Longitudinal MRI tumor segmentation based 

on texture by using tumor growth patterns as novel 

features. After removing textures (such as fractal and 

mBm) and intensity functions, label maps are worn to 

model tumor cell density prediction and growth. The 

model's output was measured using the Mean DSC with 

density of tumors cells of LOO: 0.819301 and 3-Folder: 

0.82121. 

Dina et al. [18] proposed a Learning Vector 

Quantization algorithm centered on the architecture of 

Probabilistic Neural Networks. A total of 64 MRI scans 

were used to test the model, the test set consisted of 18 

individuals, whereas the training set consisted of the 

remaining individuals. The photographs were smoothed 

with the Gaussian filter. The updated PNN system 

slashed 79 % of the loading time. Principal Component 

Analysis (PCA) was used by Othman et al. to develop a 

probabilistic neural network-based segmentation method 

to remove characteristics and reduce the data's high 

dimensionality. [19]. The MRI images are transformed 

to matrices, which are then, classified using a 

Probabilistic Neural Network. Finally, a performance 

evaluation is carried out. There were 20 subjects in the 

training dataset and 15 in the evaluation dataset. The 

precision varied from 73% to 100% depending on the 

spread value. Rajendran et al. [20] used an Based on 

Region based Fuzzy Clustering and deformable model, 

we used an enhanced Probabilistic Fuzzy C-Means 

method with specific morphological procedures to 

obtain 95.29 % and 82.09 % ASM and Jaccard Index. 

For tumour segmentation, Zahra et al. [21] used the 

LinkNet network. They started by sending all seven 

training datasets to a single Linknet network for 

segmentation. They ignored the photos' view angle and 

developed a way for Without the requirement for 

preprocessing, the most prevalent kinds of brain tumours 

may be automatically segmented by CNN. A single 

network receives a Dice score of 0.72 and for various 

systems, 0.78 is received. The methods for segmenting 

tumors from a 2D Brain MRI are presented, as well as a 

comparison of our proposed machine learning and deep 

learning classification models. With SVM, they 

achieved 92.41 % accuracy, and with CNN, they 

achieved 97.86 % accuracy. 

Table 4. Performance of the CNN Model 

Sr. 

No. 

Training 

Image 

Testing 

Image 

Precision 

(%) 

Portion 

Ratio 

1 152 65 92.97% 70:30 

2 174 43 97.86% 80:20 
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3. DETECTION OF LUNG DISEASES 

USING ARTIFICIAL INTELLIGENCE AND 

MACHINE LEARNING 

Artificial Intelligence (AI) is being handed down to 

increase the precision of lung disease diagnosis. 

Machine learning makes use of algorithms that can learn 

from and analyse data in order to make predictions. For 

detecting CVDs, Juan Wang proposed a deep learning 

algorithm. To make the distinction, a 12-layer 

convolutional neural network was utilized BAC (breast 

arterial calcifications) from non-BAC and to diagnose 

BAC using a pixel-by-pixel, patch-based technique. 

Both the calcium mass quantification analysis and free-

response receiver operating characteristic (FROC) 

analysis were used to evaluate the system's performance 

[22]. The deep learning method, according to the FROC 

research, reaches detection speeds similar to human 

specialists. The calculated calcium mass is close to the 

ground truth, according to the calcium mass 

quantification study, with a linear regression between 

them yielding a coefficient of determination of 96.23 %. 

Shubhangi Khobragade suggested an algorithm for 

detecting lung illnesses that are severe automatically. 

For the diagnosis of lung diseases such as tuberculosis, 

lung cancer, and pneumonia, artificial neural network 

technique is used to segment the lungs, remove lung 

features, and classify them [23]. The intensity-based 

technique and the technique based on discontinuity are 

utilized to identify lung limitations. Geometrical and 

Statistical characteristics may be calculated. To identify 

pictures, feed forward and back propagation techniques 

are employed. It was found that the accuracy was 86% 

[28-30]. 

Table 5. Machine Learning Techniques for Detecting 

Lung Disorders Automatically 

Machine 

Learning 

Techniques 

Author Year Disease Accuracy 

FROC, 

ANN 

Jun Wang 2017 Lung 

Disease 

96.24% 

Feed 

Forward 

and Back 

Propagation 

Neural 

Network  

 

Shubhangi 

Khobragade 

2017 Lung 

Disease 

86% 

 

 

Figure 2 Annotations on a CT slice are used to generate 

image patches in this example.  

Transparent red is used to show the lung area. 

Polygons are used to depict pathology areas in the real 

world. The patches have a 100% overlap with the lung, 

at least an 80 percent overlap with reality, and no 

overlap with each other. 

4. TECHNIQUES FOR MACHINE 

LEARNING IN PARKINSON'S DISEASE 

Parkinson's Parkinson's disease (PD) is a 

neurodegenerative disorder that impairs movement. The 

multistage classifier developed by Satyabrata Aich, 

Sabyasachi Chakraborty, Eunyoung Han, Jong-Seong-

Sim, , Jinse Park, and Hee-Cheol Kim used deep 

learning algorithms and convolutional neural networks 

to identify Parkinson's disease from Wave and Spiral 

Sketches and produced promising results. The study's 

model's performance, average memory, average 

precision, and average f1 score were 93.3 %, 94 %, 93.5 

%, and 93.93 %, respectively. Furthermore, to test the 

model's generalizability, a 5-fold cross validation was 

performed on the entire dataset, and it was discovered 

that the model generalised well between the two groups 

and also displayed a consistent bias toward precision 

and recall across random data folds of preparation, 

validation, and research. In the study dataset, there were 

30 pictures of wave sketches and 30 images of spiral 

sketches. In addition, we can see from the uncertainty 

matrix that there are two missorted in the Healthy class, 

all of which were predicted to be Parkinson's disease. 

They have gone through a thorough examination of the 

possibilities of those two misclassified samples, it was 

discovered that the sketches made by some human 

specimens were deformed and very similar to the 

drawings created by Parkinson's sufferers. As a 

consequence, since all of the healthy patients were 

matched to the same age group, it's likely that a stable 
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individual living with Parkinson's disease may be a 

victim of progression. 

Using Multilayer Perceptron, BayesNet, Random 

Forest, and Boosted Logistic Regression, Kamal Nayan 

Reddy Challa, Venkata Sasank Pagolu, Babita Majhi 

and Ganapati Panda created automatic diagnostic 

models [24]. The highest result was found to be Boosted 

Logistic Regression, which had an excellent precision of 

97.159 % and a 98.9 % region according to the ROC 

curve. 

Sachin Shetty and Y. S. Rao proposed an SVM-

based machine learning approach to identify Parkinson's 

disease based on gait analysis [25]. The Support vector 

machine (SVM) classifier built on a Gaussian radial 

basis function kernel achieves an overall precision of 

83.33 %, a strong identification rate for Parkinson's 

disease of 74.99 %, and poor false positive findings of 

16.66 % [36-40]. 

The model's performance, as seen in the graph, is 

completely consistent with the hypothesis that was 

originally proposed. In addition, the confusion matrix 

reveals two misclassifications in the Healthy category, 

both of which were anticipated to have Parkinson's 

disease. Now, after carefully examining the probability 

of those two misclassified samples, it was discovered 

that the sketches produced by those specific individuals 

were very deformed, and that they were quite 

comparable to the drawings made by Parkinson's 

sufferers. As a result, it's possible that a healthy 

individual who is diagnosed with Parkinson's disease 

may be a subject of progression, since all of the healthy 

subjects were matched to the same age group. 
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Figure 3 Confusion Matrix 

Principal component analysis, rotation forest 

ensemble using support vector machines, and sparse 

multinomial logistic regression, and artificial neural 

networks, and boosting methods are among the rigorous 

methods suggested by Indrajit Mandal and N. Sairam for 

treating Parkinson's disease (PD) [40]. For related 

feature collection and rating, a current ensemble 

approach as a classifier, a Bayesian network optimised 

using the Tabu search method is employed, together 

with Haar wavelets as a projection filter. Sparse 

multinomial logistic regression and Linear logistic 

regression have the greatest accuracy of 100 % and 

sensitivity, specificity, and sensitivity, specificity, 

respectively of 0.995 and 0.983. The results are 

established using adjusted t-tests in both investigations, 

which have 98.98% and 94.99% confidence levels [31-

35]. 

Table 6. Machine Learning Techniques for Parkinson's 

Disorder Predictive Diagnosis 

Machine 

Learning 

Techniques  

Author  Year  Disease  Accuracy  

Boosted 

Logistic 

Regression  

Kamal 

Nayan 

Reddy 

Challa  

2016  Parkinson 

Disease  

97.15%  

SVM using 

a Gaussian 

radial basis 

function 

kernel 

Sachin 

Shetty Y. 

S. Rao  

2016 Parkinson 

Disease  

83.33%  

 

Linear LR 

NN  

SVM  

SMO  

Pegasos  

AdaBoost  

Additive L 

R Ensemble 

Selection  

FURIA 

Multinomin

al Ridge LR 

 RF 

 Bayesian 

LR  

Indrajit 

Mandal 

N. 

Sairam  

2012  Parkinson 

Disease  

96.58%  

96.05%  

96.58%  

95.22%  

96.58%  

96.41%  

96.75%  

95.9%  

96.41%  

95.73%  

96.07%  

95.9%  

 

5. CONCLUSION  

This article provides an overview of current AI 

systems that may be used to forecast and diagnose 

different illnesses. The machine examines specific 

diagnostic imagery and related point data to generate a 

conclusion that can assist a doctor in making a 

professional decision. The Deep Learning system 

merely serves as a conduit for clinical image flow and 

archived image evidence. To use the Deep Learning 

framework, no application-specific engineering is 

needed. The use of Deep Learning algorithms to 

diagnose different diseases will speed up decision-

making and reduce false-positive rates. The research 

explicitly shows that different Deep Learning algorithms 

improve the precision of disease detection for a variety 

of diseases. 

 

Atlantis Highlights in Computer Sciences, volume 4

361



REFERENCES  

[1] C. K. Shie, C. H. Chuang, C. N. Chou, M. H. Wu, 

and E. Y. Chang, 2015, “Transfer representation 

learning for medical image analysis,” in IEEE Conf 

Eng Med Biol, pp. 711–714.  

[2] Meherwar Fatima, Maruf Pasha, 2017, “Survey of 

Machine Learning Algorithms for Disease 

Diagnostic”, Journal of Intelligent Learning 

Systems and Applications, pp.1-16.  

[3] D. Yu, and L. Deng, 2011, “Deep learning and its 

applications to signal and information processing,” 

IEEE Signal Process. Mag., vol. 28, no. 1, pp. 145-

154.  

[4] J. Shi and J. Malik,2000, “Normalized cuts and 

image segmentation,” IEEE Transactions on 

Pattern Analysis and Machine Intelligence, vol. 22, 

no. 8, pp. 888–905.  

[5] A. Kumar, J. Kim, W. Cai, and D. Feng, 2013, 

“Content-based medical image retrieval: a survey 

of applications to multidimensional and 

multimodality data,” J Digit Imaging, vol. 26, no. 

6, pp. 1025–1039.  

[6] N. Tajbakhsh, J. Y. Shin, S. R. Gurudu, R. T. Hurst, 

C. B. Kendall, M. B.Gotway, and J. Liang, 2016, 

“Convolutional neural networks for medical image 

analysis: Full training or fine tuning?” IEEE T Med 

Imaging, vol. 35, no. 5, pp. 1299–1312.  

[7] Adriana Albu, Loredana Stanciu, 2016, “Benefits of 

using artificial intelligence in medical predictions,” 

1EEE, E-Health and Bioengineering Conference 

(EHB).  

[8] M. Abedini, N. C. F. Codella, J. H. Connell, R. 

Garnavi, M. Merler,S. Pankanti, J. R. Smith, and T. 

Syeda-Mahmood, 2015, “A generalized framework 

for medical image classification and recognition,” 

IBM J Res Dev, vol. 59, no. 2/3, pp. 1:1–1:18.  

[9] C. Bishop, 2006, Pattern Recognition and Machine 

Learning. Springer-Verlag New York.  

[10] Erol Gelenbe, Yongha Yin, 2016, “Deep learning 

with random neural networks”, Neural Networks 

(IJCNN), 2016 International Joint Conference.  

[11] Y. LeCun, Y. Bengio, and G. Hinton, 2015 “Deep 

learning,” Nature, vol. 521, no. 7553, pp. 436–444.  

[12] Smita Jhajharia , Harish Kumar Varshney , Seema 

Verma ,Rajesh Kumar, 2016, “ A neural network 

based breast cancer prognosis model with PCA 

processed features”, IEEE, International 

Conference on Advances in Computing, 

Communications and Informatics (ICACCI)  

[13] Zheng L, Chan AK., 2001, “An artificial intelligent 

algorithm for tumor detection in screening 

mammogram”, IEEE Trans Med Imaging, 

20(7):559-67.  

[14] B. Devkota, Abeer Alsadoon, P.W.C. Prasad, A. K. 

Singh, A. Elchouemi, “Image Segmentation for 

Early Stage Brain Tumor Detection using 

Mathematical Morphological Reconstruction,” 6th 

International Conference on Smart Computing and 

Communications, ICSCC 2017, 7-8 December 

2017, Kurukshetra, India.  

[15] Song, Yantao & Ji, Zexuan & Sun, Quansen & 

Yuhui, Zheng. (2016). “A Novel Brain Tumor 

Segmentation from Multi-Modality MRI via A 

Level-Set-Based Model”. Journal of Signal 

Processing Systems. 87. 10.1007/s11265-016-

1188-4.  

[16] Ehab F. Badran, Esraa Galal Mahmoud, Nadder 

Hamdy, “An Algorithm for Detecting Brain 

Tumors in MRI Images”, 7th International 

Conference on Cloud Computing, Data Science & 

Engineering - Confluence, 2017.  

[17] Pei L, Reza SMS, Li W, Davatzikos C, 

Iftekharuddin KM. “Improved brain tumor 

segmentation by utilizing tumor growth model in 

longitudinal brain MRI”. Proc SPIE Int Soc Opt 

Eng. 2017.  

[18] Dina Aboul Dahab, Samy S. A. Ghoniemy, Gamal 

M. Selim, “Automated Brain Tumor Detection and 

Identification using Image Processing and 

Probabilistic Neural Network Techniques”, 

IJIPVC, Vol. 1, No. 2, pp. 1-8, 2012.  

[19] Mohd Fauzi Othman, Mohd Ariffanan and Mohd 

Basri, “Probabilistic Neural Network for Brain 

Tumor Classification”, 2nd International 

Conference on Intelligent Systems, Modelling and 

Simulation, 2011.  

[20] A. Rajendran, R. Dhanasekaran, “Fuzzy Clustering 

and Deformable Model for Tumor Segmentation on 

MRI Brain Image: A Combined Approach,” 

International Conference on Communication 

Technology and System Design 2011.  

[21] Sobhaninia, Zahra & Rezaei, Safiyeh & Noroozi, 

Alireza & Ahmadi, Mehdi & Zarrabi, Hamidreza & 

Karimi, Nader & Emami, Ali & Samavi, Shadrokh. 

(2018). “Brain Tumor Segmentation Using Deep 

Learning by Type Specific Sorting of Images”.  

Atlantis Highlights in Computer Sciences, volume 4

362



[22] Wang J, Ding H, Bidgoli FA, Zhou B, Iribarren C, 

Molloi S, Baldi P, 2017, “Detecting Cardiovascular 

Disease from Mammograms With Deep Learning”, 

IEEE Trans Med Imaging, 36(5):1172-1181.  

[23] Shubhangi Khobragade , Aditya Tiwari , C.Y. Patil 

, Vikram Narke , 2017,“Automatic detection of 

major lung diseases using Chest Radiographs and 

classification by feed-forward artificial neural 

network”,IEEE,International Conference on Power 

Electronics, Intelligent Control and Energy 

Systems (ICPEICES).  

[24] Kamal Nayan Reddy Challa, Venkata Sasank 

Pagolu, Ganapati Panda, Babita Majhi, 2016, “An 

improved approach for prediction of Parkinson's 

disease using machine learning techniques”, Signal 

Processing, Communication, Power and Embedded 

System (SCOPES), 2016 International Conference , 

IEEE.  

[25] Sachin Shetty, Y. S. Rao, 2016, “SVM based 

machine learning approach to identify Parkinson's 

disease using gait analysis”, Inventive Computation 

Technologies (ICICT), International Conference.  

[26]   Tonmoy Hossain1*, Fairuz Shadmani Shishir2@ , 

Mohsena Ashraf3#  MD Abdullah Al Nasim4&, 

Faisal Muhammad Shah5$ Brain Tumor Detection 

Using Convolutional Neural Network 1st 

International Conference on Advances in Science, 

Engineering and Robotics Technology 2019 

(ICASERT 2019) 

[27] International Conference on Advanced 

Communications Technology(ICACT) Sabyasachi 

Chakraborty*, Satyabrata Aich*, Jong-Seong-

Sim*, Eunyoung Han**, Jinse Park**, Hee-Cheol 

Kim* Parkinson’s Disease Detection from Spiral 

and Wave Drawings using Convolutional Neural 

Networks: A Multistage Classifier Approach 

[28] Bhuvaneswary, N., S. Prabu, S. Karthikeyan, R. 

Kathirvel, and T. Saraswathi. "Low Power 

Reversible Parallel and Serial Binary 

Adder/Subtractor." Further Advances in Internet of 

Things in Biomedical and Cyber Physical 

Systems (2021): 151. 

[29] Bhuvaneswary, N., S. Prabu, K. Tamilselvan, and 

K. G. Parthiban. "Efficient Implementation of 

Multiply Accumulate Operation Unit Using an 

Interlaced Partition Multiplier." Journal of 

Computational and Theoretical Nanoscience 18, no. 

4 (2021): 1321-1326. 

[30] Hu, Liwen, Ngoc-Tu Nguyen, Wenjin Tao, Ming 

C. Leu, Xiaoqing Frank Liu, Md Rakib Shahriar, 

and SM Nahian Al Sunny. "Modeling of cloud-

based digital twins for smart manufacturing with 

MT connect." Procedia manufacturing 26 (2018): 

1193-1203. 

[31] Seyhan, Kübra, Tu N. Nguyen, Sedat Akleylek, 

Korhan Cengiz, and SK Hafızul Islam. "Bi-GISIS 

KE: Modified key exchange protocol with reusable 

keys for IoT security." Journal of Information 

Security and Applications 58 (2021): 102788. 

[32] Nguyen, Tu N., Bing-Hong Liu, Nam P. Nguyen, 

and Jung-Te Chou. "Cyber security of smart grid: 

attacks and defenses." In ICC 2020-2020 IEEE 

International Conference on Communications 

(ICC), pp. 1-6. IEEE, 2020. 

[33] Parameshachari, B. D., H. T. Panduranga, and 

Silvia liberata Ullo. "Analysis and computation of 

encryption technique to enhance security of 

medical images." In IOP Conference Series: 

Materials Science and Engineering, vol. 925, no. 1, 

p. 012028. IOP Publishing, 2020. 

[34] Subramani, Prabu, Ganesh Babu Rajendran, Jewel 

Sengupta, Rocío Pérez de Prado, and 

Parameshachari Bidare Divakarachari. "A block bi-

diagonalization-based pre-coding for indoor 

multiple-input-multiple-output-visible light 

communication system." Energies 13, no. 13 

(2020): 3466. 

[35] Subramani, Prabu, K. Srinivas, R. Sujatha, and B. 

D. Parameshachari. "Prediction of muscular 

paralysis disease based on hybrid feature extraction 

with machine learning technique for COVID-19 

and post-COVID-19 patients." Personal and 

Ubiquitous Computing (2021): 1-14. 

[36] Z. Guo, L. Tang, T. Guo, K. Yu, M. Alazab, A. 

Shalaginov, “Deep Graph Neural Network-based 

Spammer Detection Under the Perspective of 

Heterogeneous Cyberspace”, Future Generation 

Computer Systems, 

https://doi.org/10.1016/j.future.2020.11.028.  

[37] Y. Sun, J. Liu, K. Yu, M. Alazab, K. Lin, “PMRSS: 

Privacy-preserving Medical Record Searching 

Scheme for Intelligent Diagnosis in IoT 

Healthcare”, IEEE Transactions on Industrial 

Informatics, doi: 10.1109/TII.2021.3070544. 

[38] K. Yu, L. Lin, M. Alazab, L. Tan, B. Gu, “Deep 

Learning-Based Traffic Safety Solution for a 

Mixture of Autonomous and Manual Vehicles in a 

5G-Enabled Intelligent Transportation System”, 

IEEE Transactions on Intelligent Transportation 

Systems, doi: 10.1109/TITS.2020.3042504. 

Atlantis Highlights in Computer Sciences, volume 4

363



[39] K. Yu, L. Tan, M. Aloqaily, H. Yang, and Y. 

Jararweh, “Blockchain-Enhanced Data Sharing 

with Traceable and Direct Revocation in IIoT”, 

IEEE Transactions on Industrial Informatics, doi: 

10.1109/TII.2021.3049141. 

[40] Z. Guo, A. K. Bashir, K. Yu, J. C. Lin, Y. Shen, 

“Graph Embedding-based Intelligent Industrial 

Decision for Complex Sewage Treatment 

Processes”, International Journal of Intelligent 

Systems，2021, doi: 10.1002/int.22540. 

[41] K. Yu, Z. Guo, Y. Shen, W. Wang, J. C. Lin, T. 

Sato, “Secure Artificial Intelligence of Things for 

Implicit Group Recommendations”, IEEE Internet 

of Things Journal, 2021, 

doi: 10.1109/JIOT.2021.3079574. 

 

 
  

 

 

Atlantis Highlights in Computer Sciences, volume 4

364


