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Abstract 

Electrocardiogram (ECG) technology has grown as a crucial diagnostic method in the clinical 

cardiovascular field, helping doctors identify heart conditions and track the heart's electrical activity 

easily. The ECG identifies CVDs by detecting ventricular hypertrophy, arrhythmia, myocardial 

infarction, and atrial fibrillation. Recent studies explore transforming wireless patient data through 

IoT and MEMS devices, designing and integrating small, power-efficient ECG sensors for 

wearables, and automatically detecting heartbeats. The patient's special heart rhythm can be 

identified because advanced computers work together with a strong processor to gather health 

information. The wearable ECG denoising module for the multistage classification system was 

created by utilizing the Zynq7000 ZedBoard, an advanced and highly regarded platform in this 

research project. Preprocessing biosignals is essential for analysis because it affects both the data's 

quality and clinicians' decision-making abilities. It's crucial for how the bio-signals are classified in 

the system. An efficient digital filter, tailored for resource efficiency, is programmed onto an FPGA 

to reduce noise from an ECG signal. 

Keywords: Cardiac Vascular Disease, Computer-Aided Diagnostic Systems, Deep Learning, 

MIDNet. 
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1 Introduction  

Myocardiocytes and cardiac pacemaker cells are the terms used to describe the approximately 300 billion 

muscle cells that comprise the heart muscle. Excitable cells include myocardiocytes, as well as skeletal 

and neuronal cells. These cells exhibit both resting and action potential electrical characteristics. The 

internal and external membranes of the myocardiocytes produce an electrical potential difference (Fang 

et al., 2020). The concentration differential between the internal and external membranes of cardiac cells 

causes a cardiac action potential. Purkinje fibers, the His Bundle, and the Atrioventricular (AV) node of 

cardiac pacemakers are located in the Sinoatrial (SA) node. The primary characteristic of pacemaker 

cells that sets them apart from myocardiocytes is their automaticity (Das & Kapoor, 2024). The 

pacemaker cell is responsible for generating electrical impulses that facilitate the development of an 

action potential in the myocardiocytes. The heart is kept pounding by this motion. An individual's heart 

rate is defined as the duration of a single action potential (Mejía-Mejía et al., 2020). An individual's 

heart is located at the centre of their cardiac system, which is composed of several components (Garis 

et al., 2023). The cardiovascular system is responsible for the entire body's blood circulation. Together, 

cardiovascular illnesses now rank among the world's leading causes of death. According to research by 

the Indian Council of Medical Research (ICMR), 25 percent of cardiac disease-related deaths occur in 

the age group of 25-69 years (Coutts et al., 2020). An electrical impulse train traversed the heart and 

was detected by the electrodes and leads affixed to the individual's body, resulting in a waveform known 

as the ECG (Ishaque et al., 2021). Each component of the ECG waveform is created by the repolarisation 

and depolarisation of various muscle tissues in response to an electrical impulse. 

 

Figure 1: Waveform of the ECG signal and its elements 

Section two offers an extensive analysis of ECG wave signal processing by examining various 

scholarly works. Section three presents HRV characteristics derived from diverse fields, selected based 

on their importance after statistical evaluation. Section four contrasts the effectiveness of our project 

with previous studies at the conclusion of the findings and analysis phase. Finally, section five discusses 

the advantages and disadvantages of this study (Figure 1). 

2 Background Knowledge Related to CVD 

The clinical ECG includes three limb leads, six chest leads, and three enhanced leads. The limb lead 

electrodes provide the signals for the augmented leads (aVR, aVF, and aVL) located in the frontal plane. 

Although heart activity can be seen from many angles, all 12 leads use the same set of electrodes. ECG 

sounds have caused significant changes in the heart's normal functioning rhythm. The ECG sounds have 
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caused a significant change in the heart's normal functioning. These disruptions might cause doctors to 

misdiagnose CVD. The substantial impact that ECG sounds have on cardiovascular physiology has long 

been known (Gupta & Verma, 2025; Myoa et al., 2023; Sathyanarayanan & Murthy, 2024; Adeshina et 

al., 2025). The heart provides oxygenated blood to the entire body through myocytes or valves via 

various mechanisms, and cardiovascular diseases are triggered by any disruption in any of these systems 

(Swapna et al., 2012; Baevsky & Chernikova, 2017; Zhang et al., 2025). These illnesses result in a 

notable variance from the typical values of ECG characteristic values (Figure 2). 

 

Figure 2: Einthoven’s triangle 

Three categories of cardiac rhythm abnormalities, sinus rhythm, superventricular tachycardia, and 

escape rhythm, were the focus of this study (Henje Blom et al., 2009). The sinus rhythm, which has a 

normal heart rate range of 60–100 beats per minute (bpm), is indicated by both slow and rapid heart 

rates (HR) on the ECG. Even when a patient is not exercising or in an active state, a condition in the 

heart known as Super Ventricular Tachycardia can induce an arrhythmia and cause the pulse to rise to 

more than 100 bpm (Gadde & Kalli, 2020; Oweis & Al-Tabbaa, 2014; Xhyheri et al., 2012; ChuDuc et 

al., 2013). When the heart rate is regulated by anything other than its primary source, the AV node or 

His-Purkinje fibers, an escape rhythm is produced (Xie et al., 2020). An irregular production of escape 

rhythms can cause atrial fibrillation.  

Critical Synthesis and Positioning of MIDNet 18. 

MIDNet 18 is a deep learning network specifically designed for analyzing heart rate variability (HRV) 

and ECG signals. It aims to automatically identify valuable patterns and categorize them as normal or 

abnormal heart conditions, enabling the accurate and non-invasive detection of cardiovascular diseases. 

Early HRV-based CVD detection pipelines rely on manual feature engineering and superficial classifiers 

(e.g., SVM, k-NN), which are sensitive to cross-patient variability, noise, and non-linear relationships 

between time/frequency/geometric HRV indices. Standard CNNs are better at learning features, but are 

usually trained on fixed 1D segments and tend to overfit in cases where class boundaries are weak (e.g., 

AF vs. other supraventricular rhythms), particularly when the data is asymmetrical. RNNs/ConvLSTMs 

capture temporal context but are vulnerable to long-term drift and require careful regularization; they 

tend to perform poorly when a distribution shift occurs or noisy ambulatory measurements are present. 

MIDNet 18 helps to overcome such limitations by: (i) converting HRV/ECG representations into 

multichannel inputs, preserving morphology and rhythm context; (ii) 14 lightweight 3x3 convolutional 

blocks with batch normalization and max pooling, to stabilize training and suppress noise; (iii) 

progressively reducing dense layers, to control capacity and reduce overfitting; and (iv) coupling 

statistical feature selection (t test/ANOVA) with deep feature representation. This design exhibits 
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superior class separability and specificity, achieving 99% accuracy with 100% specificity/PPV, as well 

as 96.77% sensitivity, compared to a baseline CNN (93.4%) and RNN (73.77%) in this study. These 

gains are consistent with recent developments in deep learning for ECG analysis, which focus on strong 

hierarchies of features, regularized depth, and preprocessing that is resilient to noise. 

3 Proposed Framework 

This section explains the various ECG datasets and the suggested approach.  

The data used in the research were obtained from the MIT-BIH Arrhythmia Database, which is 

accessible on PhysioNet. It is a collection of 1,000 annotated recordings of ECGs of 200 patients. 

Subjects were between 23 and 79 years old, and the sample of both sexes was relatively equal. 

Conditions such as normal sinus rhythm, arrhythmia, and atrial fibrillation are found in the clinical 

records. Each ECG recording is 30 minutes long and sampled at 360 Hz, and annotations are verified by 

expert cardiologists. This demographic and clinical diversity provides a suitable basis for assessing the 

MIDNet 18 architecture and enables the reproducibility of future research.  

It includes selecting features, using machine learning techniques, and analyzing data with statistics 

for the proposed approach (Cygankiewicz & Zareba, 2013). Gathering HRV info involves collecting 

data from an online ECG database, applying digital FIR filters for noise reduction, detecting QRS 

complexes, extracting features, and analyzing them with t-tests, ANOVA, and deep learning techniques. 

Statistical analysis involves collecting data and analyzing it to identify patterns and trends. Numerous 

HRV assessments exist across time, frequency, and geometric dimensions; nonetheless, few 

significantly influence system efficiency. As a consequence, HRV value correlations reach up to 95% 

and 99%. (Schumann et al., 2002). The results of the t-test confirm that both the null hypothesis and the 

alternative hypothesis for the HRV characteristics sample data are true. (Goldenberg et al., 2019) (Figure 

3). 

 

Figure  3: Overall architecture 

MIDNet 18 

Signal classification is the process of grouping signals according to the identified features. The statistical 

traits are more than sufficient for categorisation if the data is a direct number. However, there is feature 

ambiguity when the signals are used as classification input. As a result, the signals must be converted 

into data with a particular pattern. As a result, the suggested MIDNet18 model's input layer changes the 

chest CT input signal's size to 224 × 224 using three-channel representations of the signal pixel values 

(Dua et al., 2012). In conceptual terms, MIDNet 18 is a multi-layered filter which gradually extracts the 

most significant aspects of an ECG signal, including rhythm patterns and irregularities, whilst reducing 

noise. The model does not solely learn based on manual feature engineering, but learns which signal 

characteristics best represent the difference between normal and abnormal heart activity. The 14 

ECG acquisition 
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convolutional layers of the suggested MIDNet18 model, each with a 3x3 kernel size and a ReLu 

activation function, are used to extract features from the input signal. The network can train more quickly 

thanks to the addition of seven (2x2) max pooling layers and twenty batch normalisation layers, which 

stabilise the learning process. The suggested architecture includes a softmax classifier in addition to four 

dense layers for signal classification. Fourteen convolutional layers make up the new MIDNet18 

architecture that is being proposed. The input layer's sole purpose is to read the image. In this instance, 

the input layer does not learn any parameters. The first convolutional layer of the proposed model 

convolved the 16-filter input images, resulting in a 222 x 222 x 16-pixel output feature map. Throughout 

the model, the kernel or filter is three by 3 (Kim et al., 2016). Convolutional layers perform element-

wise multiplication over the input image, updating the summation in a single feature map pixel. The 

feature maps for the input image are created by repeating the same procedure over the whole picture. 

Throughout the model, the convolutional layer's kernel size remains constant at 3 x 3. In the dense layer, 

the newly suggested MIDNet18 CNN takes advantage of backpropagation neural networks. The 

proposed model has four dense layers with different types of neurons. The fully connected layers 

translate the prior layers' activation volume into a class distribution that is computed using a class 

probability. Consequently, the output layer of the multilayer perceptron has output equal to the number 

of classes. As a result of the architecture's consideration of the temporal complexity of the network, the 

number of neurons in each subsequent dense layer decreases. The number of neurons connected by 

weight in each layer makes the model more complicated. The number of neurons in each dense layer 

was the subject of several experiments. As a result, the size of the neuron determines a high percentage 

of accuracy for binary and multiclass classification in less time and with less model complexity (Melillo 

et al., 2015). Stochastic gradient descent is an adaptive method for estimating first- and second-order 

moments in an Adam optimisation. Because of its efficiency and lower memory requirements, it works 

well for situations with massive datasets. The MIDNet18 model's learning rate was set at 0.001 due to 

its excellent test accuracy. 

4 Experimental Results and Discussion 

The various methods outlined here discuss their characteristics alongside performance metrics such as 

PPV, sensitivity, specificity, and accuracy. The percentage of overall accuracy increase due to statistical 

analysis methods is shown. To run a statistical test on a different HRV, start by adjusting the data set. 

The figure shows how the ECG was changed into an R-R interval pattern. The ECG recording is utilized 

to determine the next heartbeat's variation. Figure 4 illustrates how an ECG converts into an RR interval 

graph. This is a type of graph called a tachogram, which shows how your heart beats over time. It's like 

a line that moves up and down, showing when your heart beats faster or slower than usual. We use this 

line to see if your heartbeats change quickly from one moment to another. The numbers on the line tell 

us how many times your heart beats in a second, just like counting how many seconds pass by. The 

graphical and exact methods confirm the normality of the data distribution in the statistical study. Plots 

like box plot, Q-Q plot, and histogram plot help in easily seeing if data follows a normal distribution. 

To view how various heart rate measurements were adjusted, Figures 5, 6, and 7 depicted histograms, 

quantile-quantile plots, and box-and-whisker diagrams, respectively. The histogram shows that the 

intervals between RR and SDNN values are close to a normal distribution with respect to the subjects. 

Q-Q plot confirms that the data follows normality as the majority of the points of cardiac variability 

indicators fall along the diagonal reference line. 
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Figure 4: Beat-to-beat variation of R-R intervals (Tachogram) 

The box plots indicate the dispersion and the central location of the HRV measurements, with wider 

dispersion in the arrhythmic cases than in the normal ECGs. It has been deduced from Figure 5 that the 

data is about regularly distributed. Figure 6 illustrates that the majority of the data are either closely 

spaced from or on a straight line, indicating a regularly distributed set of data. Figure 7 provides an 

explanation for the symmetrical nature of the variations in heart rhythm in relation to the mean, median, 

and center. 

 

Figure 5: The distributional characteristics of normalized HRV features (e.g., RR interval, SDNN) of 

normal ECG and arrhythmic ECG signals indicate the distributional similarities between the two, and 

the similarity between their distributions is near-normal 
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Figure  6: Q-Q plot of the HRV features (i.e., mean RR interval, heart rate variability measures) 

against A normal distribution, showing that the majority of the data points are close to the predicted 

line 

 

Figure 7: Boxplot of HRV characteristics (e.g., minRR, maxRR, SDNN) comparing normal and 

arrhythmic ECGs and showing the median, variability, and outliers 
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The Fast Fourier Transform (FFT) transforms the tachogram into a power spectrum by separating it 

into individual frequency components. Very low frequency waves, low frequency sounds, and high 

frequency signals are linked to many causes. The autonomic nervous system controls the heart's function, 

as depicted in Figure 8. 

 

Figure 8: PSD for R-R interval 

Table 1 shows that there have been significant changes in the mean RR and HR values. The remaining 

features, which include maxRR, minRR, maxminRR, and SDNN, have all seen substantial revisions. It 

indicates that a person is likely suffering from an arrhythmia condition if they have these kinds of 

fluctuations in their heart rhythm. 

Table 1: Comparison between an arrhythmic and a normal ECG 

HRV Features Normal ECG (sec) Arrhythmia ECG (sec) p value 

meanRR 666.58 ± 115.65 678.61 ± 40.88 p > 0.05 

maxRR 666.83 ± 115.44 834.41 ± 88.22 p < 0.01 

minRR 666.33 ± 115.874 562.41 ± 46.83 p < 0.01 

maxminRR 0.5 ± 1.73 272 ± 78.48 p < 0.01 

SDNN 0.35 ± 1.22 122.8 ± 40.07 p < 0.01 

HR 93 ± 53 89 ± 9 p > 0.05 
 

This is because, in contrast to a standard ECG signal, arrhythmia signals have a shorter RR interval 

when HR rises. The inverse relationship between the RR interval and the HR interval (60/RR sec) is to 

blame for this. According to the time-domain HRV feature's statistical analysis, four of the six features 

exhibit substantial significant changes, while the other two exhibit suggestive significant changes. These 

particular HRV properties can be used to classify the AR ECG and the NSR ECG. Various machine 

learning algorithms were used to classify ECG data in order to evaluate the efficacy of our suggested 

method. The use of t-tests for feature selection has been found to improve classification accuracy overall 

(Figure 9).  
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Figure 9: HRV statistical analysis, the three-stage categorization system's performance measure 

Following statistical analysis, the features that distinguish between a normal and abnormal ECG yield 

classification accuracy of 73.77% when using an RNN classifier, 93.4% when using a CNN classifier, 

and 99% when using the MIDNet approach. MIDNet produced the best results, with 100% specificity, 

100% PPV, and 96.77% sensitivity. It is evident that feature selection increased classification accuracy. 

5 Conclusions 

This chapter's primary goal is to identify the best HRV characteristics for atrial fibrillation, arrhythmia, 

and sinus rhythm illness classification. A digital filter is used to remove unnecessary noise, and the QRS 

detection algorithm is used to determine HR from the ECG waveform. The heart rate contributes to the 

computation of multiple HRV parameters, which are crucial in the classification of heart illness and the 

provision of an accurate non-invasive diagnosis. A range of ANS and PNS information is provided by 

all HRV measurements. By removing duplicate and unnecessary features from the heart rate metrics set, 

statistical analysis aids in the selection of these essential features. A smaller number of qualities have a 

significant impact on classification accuracy; MIDNet 18 approaches are suggested to improve 

classification by making use of these features. The proposed classifiers achieve an overall accuracy of 

up to 99%. 

6 Future Directions  

 Even though the MIDNet 18 framework proposed a recorded high accuracy in the classification of 

cardiovascular conditions, there are prospects for future work. A key issue is to make the model work 

in real time on noisy ambulatory ECG data, frequently containing motion artifact and signal dropouts in 

wearable conditions. The addition of advanced denoising pipelines, adaptive filters, and edge computing 

deployments can be used to overcome this constraint. The other way is the multi-directional integration 

of multi-modality physiologic cues like blood pressure, oxygen saturation, and photoplethysmography 

(PPG) to add robustness to the diagnostics. Transfer learning and domain adaptation are methods that 

add to the generalizability when used with different patient groups and across different recording 

devices. Lastly, it should scale to remote telemedicine platforms and low-resource healthcare 

environments to impact and increase clinical adoption on a broader scale. 



Heart Rate Variability Analysis for Cardiovascular Disease 

Detection using MIDNet 18 Architecture 

                            Dr.P. Balamurugan et al. 

 

386 

References 

[1] Adeshina, A. M., Adeleye, O., & Razak, S. F. A. (2025). Predictive Model for Healthcare 

Software Defect Severity using Vote Ensemble Learning and Natural Language 

Processing. Journal of Internet Services and Information Security, 15(1), 437-450. 

https://doi.org/10.58346/JISIS.2025.I1.029 

[2] Baevsky, R. M., & Chernikova, A. G. (2017). Heart rate variability analysis: physiological 

foundations and main methods. Cardiometry, (10). 

[3] ChuDuc, H., NguyenPhan, K., & NguyenViet, D. (2013). A review of heart rate variability and 

its applications. APCBEE procedia, 7, 80-85. https://doi.org/10.1016/j.apcbee.2013.08.016 

[4] Coutts, L. V., Plans, D., Brown, A. W., & Collomosse, J. (2020). Deep learning with wearable 

based heart rate variability for prediction of mental and general health. Journal of Biomedical 

Informatics, 112, 103610. https://doi.org/10.1016/j.jbi.2020.103610 

[5] Cygankiewicz, I., & Zareba, W. (2013). Heart rate variability. Handbook of clinical 

neurology, 117, 379-393. https://doi.org/10.1016/B978-0-444-53491-0.00031-6 

[6] Das, A., & Kapoor, S. (2024). Comprehensive review of evidence-based methods in preventive 

cardiology education: perspective from analytical studies. Global Journal of Medical 

Terminology Research and Informatics, 2(4), 16-22. 

[7] Dua, S., Du, X., Sree, S. V., & VI, T. A. (2012). Novel classification of coronary artery disease 

using heart rate variability analysis. Journal of Mechanics in Medicine and Biology, 12(04), 

1240017. https://doi.org/10.1142/S0219519412400179 

[8] Fang, S. C., Wu, Y. L., & Tsai, P. S. (2020). Heart rate variability and risk of all-cause death 

and cardiovascular events in patients with cardiovascular disease: a meta-analysis of cohort 

studies. Biological research for nursing, 22(1), 45-56. 

https://doi.org/10.1177/1099800419877442 

[9] Gadde, S. S., & Kalli, V. D. R. (2020). Artificial intelligence to detect heart rate 

variability. International Journal of Engineering Trends and Applications, 7(3), 6-10. 

[10] Garis, G., Haupts, M., Duning, T., & Hildebrandt, H. (2023). Heart rate variability and fatigue 

in MS: two parallel pathways representing disseminated inflammatory processes?. Neurological 

Sciences, 44(1), 83-98. 

[11] Goldenberg, I., Goldkorn, R., Shlomo, N., Einhorn, M., Levitan, J., Kuperstein, R., ... & 

Johnson, B. (2019). Heart rate variability for risk assessment of myocardial ischemia in patients 

without known coronary artery disease: The HRV‐DETECT (heart rate variability for the 

detection of myocardial ischemia) study. Journal of the American Heart Association, 8(24), 

e014540. https://doi.org/10.1161/JAHA.119.014540 

[12] Gupta, N., & Verma, A. (2025). The role of inflammation in cardiovascular disease. Medxplore 

Front Med Sci, 37-51. 

[13] Henje Blom, E., Olsson, E. M., Serlachius, E., Ericson, M., & Ingvar, M. (2009). Heart rate 

variability is related to self-reported physical activity in a healthy adolescent 

population. European journal of applied physiology, 106(6), 877-883. 

[14] Ishaque, S., Khan, N., & Krishnan, S. (2021). Trends in heart-rate variability signal analysis. 

Frontiers in Digital Health, 3, 639444. https://doi.org/10.3389/fdgth.2021.639444 

[15] Kim, H., Ishag, M. I. M., Piao, M., Kwon, T., & Ryu, K. H. (2016). A data mining approach for 

cardiovascular disease diagnosis using heart rate variability and images of carotid 

arteries. Symmetry, 8(6), 47. https://doi.org/10.3390/sym8060047 

[16] Mejía-Mejía, E., May, J. M., Torres, R., & Kyriacou, P. A. (2020). Pulse rate variability in 

cardiovascular health: A review on its applications and relationship with heart rate variability. 

Physiological Measurement, 41(7), 07TR01.  https://doi.org/10.1088/1361-6579/ab998c 

[17] Melillo, P., Izzo, R., Orrico, A., Scala, P., Attanasio, M., Mirra, M., ... & Pecchia, L. (2015). 

Automatic prediction of cardiovascular and cerebrovascular events using heart rate variability 

analysis. PloS one, 10(3), e0118504. https://doi.org/10.1371/journal.pone.0118504 

https://doi.org/10.58346/JISIS.2025.I1.029


Heart Rate Variability Analysis for Cardiovascular Disease 

Detection using MIDNet 18 Architecture 

                            Dr.P. Balamurugan et al. 

 

387 

[18] Myoa, Z., Pyo, H., & Mon, M. (2023). Leveraging real-world evidence in pharmacovigilance 

reporting. Clinical Journal for Medicine, Health and Pharmacy, 1(1), 48-63. 

[19] Oweis, R. J., & Al-Tabbaa, B. O. (2014). QRS detection and heart rate variability analysis: A 

survey. Biomed. Sci. Eng, 2(1), 13-34. https://doi.org/10.12691/bse-2-1-3 

[20] Sathyanarayanan, S., & Murthy, K. S. (2024). Heart Sound Analysis Using SAINet 

Incorporating CNN and Transfer Learning for Detecting Heart Diseases. Journal of Wireless 

Mobile Networks, Ubiquitous Computing, and Dependable Applications, 15(2), 152-169. 

https://doi.org/10.58346/JOWUA.2024.I2.011 

[21] Schumann, A., Wessel, N., Schirdewan, A., Osterziel, K. J., & Voss, A. (2002). Potential of 

feature selection methods in heart rate variability analysis for the classification of different 

cardiovascular diseases. Statistics in medicine, 21(15), 2225-2242. 

[22] Swapna, G., Ghista, D. N., Martis, R. J., Ang, A. P., & Sree, S. V. (2012). ECG signal generation 

and heart rate variability signal extraction: Signal processing, features detection, and their 

correlation with cardiac diseases. Journal of Mechanics in Medicine and Biology, 12(04), 

1240012. https://doi.org/10.1142/S021951941240012X 

[23] Xhyheri, B., Manfrini, O., Mazzolini, M., Pizzi, C., & Bugiardini, R. (2012). Heart rate 

variability today. Progress in cardiovascular diseases, 55(3), 321-331. 

https://doi.org/10.1016/j.pcad.2012.09.001 

[24] Xie, J. Y., Liu, W. X., Ji, L., Chen, Z., Gao, J. M., Chen, W., ... & Zhu, Q. (2020). Relationship 

between inflammatory factors and arrhythmia and heart rate variability in OSAS patients. 

European Review for Medical & Pharmacological Sciences, 24(4). 

[25] Zhang, H., Tian, F., Tan, Y., Shen, L., Liu, J., Liu, J., ... & Yamamoto, Y. (2025). An AI-assisted 

all-in-one integrated coronary artery disease diagnosis system using a portable heart sound 

sensor with an on-board executable lightweight model. IEEE Transactions on Mobile 

Computing. https://doi.org/10.1109/TMC.2025.3547842 

Authors Biography 

 

Dr.P. Balamurugan is Associate Professor of Department of Networking and 

Communications at SRM Institute of Science and Technology, Kattankulathur, Tamil Nadu, 

India. He passed BE in Computer Science and Engineering from Madurai Kamaraj University 

in 2003 and ME in Computer Science and Engineering from Manonmaniam Sundaranar 

University in 2006. He completed his doctorate from Anna University in 2013. His research 

interest is mainly in networks, ad hoc and sensor networks, and data structures. He published 

books “Theory of Computation”, “System Software “and” Problem Solving and python 

Programming”. He published a number of research papers in international journal and 

presented papers in international conferences. He has done a number of consultancies works 

at various organizations.  He has delivered a number of guest lectures at various organizations. 

He also organized number of workshops, conference and seminars. 

 

Dr. Sanjay Kumar is an Assistant Professor in the Department of Computer Science at 

Kalinga University, Naya Raipur, Chhattisgarh, India. He is actively engaged in teaching, 

research, and academic development within the field of computer science. His areas of interest 

include emerging technologies, data analytics, software engineering, and computational 

intelligence. 

 

Dr. Kamalraj Subramaniam is a Professor and Head of the Department of Biomedical 

Engineering, Faculty of Engineering at Karpagam Academy of Higher Education (KAHE), 

India. With extensive academic and research experience in biomedical engineering, he has 

been instrumental in advancing departmental growth, curriculum development, and 

interdisciplinary collaboration. His research interests span biomedical instrumentation, 

https://doi.org/10.58346/JOWUA.2024.I2.011


Heart Rate Variability Analysis for Cardiovascular Disease 

Detection using MIDNet 18 Architecture 

                            Dr.P. Balamurugan et al. 

 

388 

medical signal and image processing, healthcare technology innovation, and rehabilitation 

engineering. He has published research articles in reputed journals and actively participates 

in national and international academic forums. 

 

Dr.M.A.P. Manimekalai working as an Assistant Professor in the Department of 

Electronics and Communication Engineering at Karunya Institute of Technology and 

Sciences, Coimbatore. She graduated in Engineering at Alagappa Chettiar College of 

Engineering and Technology, Karaikudi, Tamil Nadu, India. She secured Master of 

Engineering in Applied Electronics at V.L.B. Janakiammal College of Engineering 

&Technology, Coimbatore, Tamil nadu, India. She secured Ph.D., in Information and 

Communication Engineering, Anna University, Chennai, Tamil Nadu, India. She is in 

teaching profession for more than 16 years.  She has presented more than 25 papers in 

National and International Journals, Conference and Symposiums. His main area of interest 

includes Image/Signal processing, Artificial Intelligence and Machine learning. 

 

Makhmudov Nurilla Normirza Ugli is a Senior Lecturer at Turan International 

University, Namangan, Uzbekistan. He is actively involved in teaching and academic 

development, with a strong focus on modern educational methodologies and subject expertise 

aligned with his field of specialization. Also contributes to the university’s academic 

environment through effective teaching, curriculum enhancement, and guiding student 

research activities. His scholarly interests include contemporary issues in higher education, 

interdisciplinary research, and the integration of innovative technologies into the learning 

process. 

 


