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Abstract 

The overall aim of the research reported in this thesis was to build a new non-invasive 

method for Heart Rate monitoring using videos and investigate the algorithms for 

selecting a region of interest to enable the extractions of more useful features for the 

measurement of Heart Rate. Analysis of these image features will assist in the creation 

of a more effective database for monitoring Heart Rate.  

Heart Rate is important for monitoring and diagnosing medical conditions of a 

individuals health. Several techniques are available to measure heart rate, these used 

sensors, which need to be in direct contact with the surface of the skin, that may cause 

discomfort and soreness to the patient, especially for sensitive skin patients. However, 

recent advances in computer vision have shown that several physiological factors linked 

to the heart may be evaluated without invasive methods. Heart rate monitoring can be 

done using video observation on the subject by analysing specific facial parts like eyes, 

forehead, cheeks etc. The literature has observed and shown that the facial colour 

changes, leading to redness from the normal face colour when the heart rate goes up. 

However, the changes are so minute that they cannot be observed from the naked eye, 

the frame responsible for detecting needs to be magnified.  

This research work has utilised Euler video modification as it has been cited as one of 

the most efficient techniques for magnifying specified portions of the face. The research 

was carried out by recording 30 participants, and a pulse oximeter was used to measure 

the heart rate. 

The research first extracts the frames from the input video, and then face detection is 

done using cascaded object detection. Then, evaluate the face's forehead using 

histogram equalization, magnifies it, and optimize the magnified part using Swarm 

Intelligence oriented Artificial Bee Colony (ABC). Modified grouping behaviour has 

been presented, and a novel fitness function based on the pixel distribution has been 

applied. Due to the shortage of samples for the training section as the global pandemic 

affected the entire world, the training has been done by conventional neural networks 

that work with Levenberg Back Propagation algorithm.   
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The result section has been designed based on frame analysis with true-positive rate, 

false-positive rate, Accuracy and Kappa coefficient. The results contain the analysis 

based on the variation of the total number of samples in the data repository. The results 

compared analysis of the algorithms used in this research, Convolutional Neural 

Network (CNN) and Feed Forward Back Propagation (FFBPNN) with optimization 

method ABC and without optimization. Overall, the results compared with the proposed 

algorithm FFBPNN-L with ABC compared to CNN with ABC that TPR has been 

improved by 8.24%, Kappa coefficient has been improved by 4.58%.  The limited 

dataset shows better results for FFBPNN-L, such that ABC with FFBPNN-L resulted in 

4.25% better accuracy than ABC with CNN.  Thus, FFBPNN-L with the integration of 

ABC shows improved results than when ABC is integrated with CNN.  CNN extracts 

the features and does not require any external feature extraction support.  This outcome 

with better performance of FFBPNN over CNN is mainly due to the smaller dataset size 

available for the research. 

 

The findings of this research, which demonstrate methodologies that can be used to 

monitor heart rate, also identify directions for future work in medical engineering.  
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Chapter 1  

Introduction 

 

1.1 Background: Overview of Clinical Heart Rate Measurement 

 

Measuring a person’s Heart Rate (HR) is critical for determining an individual's 

physiological and pathological status [1; Chapter 1, 2; Chapter 9].  The heart is one of 

the most vital organs in the human body.  Heart Rate is the number of heartbeats per 

minute (bpm).  The heart’s primary purpose is to circulate blood throughout the body by 

beating at a resting rate of 60 to 100 bpm [3; Chapter 4].  The two methods for 

measuring HR in the clinical environment are the Electrocardiogram (ECG) and the 

Photoplethysmography (PPG). 

 

ECG is one of the oldest diagnostic instruments still used in medicine today, with the 

earliest records going back to 1902 [4].  Recording the heart’s electrical activity or 

producing ECG is called electrocardiography.  ECG employs conductive electrodes that 

are connected to the patient's body in a predetermined and standardized manner to 

detect and record the change in electric potential between various electrodes caused by 

the electric activity of cardiac muscle fibres over time.  ECG is also represented as EKG 

(elecktrokardiogram) based on the German spelling. 

 

The clinical technique for evaluating cardiac properties of the heart is ECG signals, 

known for their excellent accuracy and simplicity of interpretation.  Despite its 

drawbacks, the ECG is widely regarded as the best method for determining HR, Heart 

Rate Variability (HRV) or InterBeat Intervals (IBI).  HR is calculated by measuring the 

beats per minute (bpm), and HRV is the time in milliseconds between successive 

heartbeats [3], as shown in Figure 1.1 (top), also referred to as RR interval [5, 6].  

 

PPG measures heart pulses using a pulse oximeter that illuminates the skin and 

measures changes in light absorption and is usually placed on fingertips, toes, and 

earlobe [7].  The PP interval is the time interval between two successive pulses, shown 

in Figure 1.1 (bottom). 
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Figure 1.1 Electrocardiography signal showing RR interval (top) and 

Photoplethysmography signal indicating PP interval (bottom) [8] 

 

 

1.2 History of Heart Rate and Electrocardiogram  

 

John Floyer (1649–1734) devised the "physician pulse watch", a forerunner to the 

chronometer, utilised  to reliably measure the patient's heart rate in the early eighteenth 

century [9; Chapter 10].  Stephen Hales (1677–1761) supplied an essential 

demonstration of heart rate variability when he published an article in 1733 [9].  

Stephen stated that the space between heartbeats and blood pressure fluctuated over the 

respiratory cycle.  Carl Ludwig (1816–1895) built on these findings by declaring 

unequivocally that the pulse elevated during inhalation and reduced during expiration, 

setting the groundwork for what would later be known as Respiratory Sinus Arrhythmia 

(RSA) [9; Chapter 1]. 

 

Willem Einthoven (1860–1927), who used galvanometers to record the first ECG in 

1901, marked the change from past work done to modernity in the science of 

electrocardiography [10].  One of his first concepts, weighing around 270 kg and 

requiring five people to operate, is shown in Figure 1.2.  Einthoven was the first to 

utilize the present terminology of (P, Q, R, S, T). 
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Figure 1.2 Galvanometer Electrocardiogram Generator [9] 

 

Dr Willem Einthoven, a Dutch physiologist who was inspired by Waller's work, 

modified the capillary electrometer, even more, demonstrating five deflections that he 

termed ABCDE, as shown in Figure 1.3 [4]. 

 

 

 

Figure 1.3 Labelling of deflections using letters ABCD and PQRST [9] 
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Dr Willem used a mathematical correction to account for inertia in the capillary system, 

resulting in the curves which are observed nowadays.  He renamed deflections ABCDE 

using the new alphabet series PQRST, which followed the mathematical tradition which 

was established by Descartes [11].  Einthoven invented the name "electrocardiogram" to 

represent these wave shapes during the Dutch Medical Meeting of 1893. 

 

ECG recording techniques improved throughout time, and in 1961, Norman Holter 

(1914–1983) invented a device (which still retains his name, Holter) that allowed long-

term ECG data to be registered [12].  Figure 1.4 shows the historical milestones of EKG 

(or ECG) development from 1842 to 1954. 

 

 

 

Figure 1.4 Timeline of clinical development of EKG (also known as ECG) [4] 

 

Techniques for recording ECGs have improved over time.  It took half a century for 

Einthoven's original ECG to evolve into the 12-lead electrocardiogram [4], which is also 

presently used in medicine.  In recent years, research in the field of HR has continued 

apace.  Different research has validated its clinical benefit, and new approaches have 

been presented.  Experiments have also been done to explain its physiological basis 

further. 

 

 

1.3 History of Heart Rate and Photoplethysmography 

 

Photoplethysmography (PPG) is not a discovery; it is almost 150 years old, but it was 

revolutionised in the 20th century for clinical use [13].  Real-time optical blood flow 
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monitoring was first used in the late 1800s by having people hold their hands up to a 

candle in a dark room to see the vascular structure and blood flow.   

 

Alrick Hertzman first described the PPG. in 1937 [14], which led to a series of 

published papers [15-17].  PPG takes advantage of the fact that the absorption of light 

by a transilluminated tissue varies with its blood content to detect vascular changes with 

the photoelectric cell, as shown in  Figure 1.5.  Hertzman named it the ‘photoelectric 

plethysmograph’ based upon his belief and early observations that its creation was 

linked to blood volume changes.  The advantage is taken from the fact that the 

absorption of light by a transilluminated tissue varies with its blood content, content, to 

detect vascular changes with the photoelectric cell.   

 

 

 

Figure 1.5 The photoelectric plethysmograph is in position over the skin of the hand 

[15] 

 

It is important to note that Hertzman was working from the simplistic model of light 

that was prevalent at the time.  Before, the quantum complexities and light scattering 

characteristics were generally appreciated [18].  Hertzman’s theories were derived from 

Beer-Lambert’s Law of Light [19].  The primary assumptions of the latter were that 

light absorption is directly proportional to the path length, the concentration of 

substances, and the light absorption by each of those substances. 

 

In 1979 Challoner, et al. [20] worked on an optical measurement technique that can be 

used to detect blood flow and volume in the skin.  It has been used for clinical 

applications, with the technology utilised in commercially available medical devices 

such as pulse oximeters.  The basic form of PPG technology requires only a few 

optoelectronic components.  A light source to illuminate the skin tissue and a 
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photodetector to measure the minor light intensity variations associated with perfusion 

changes in the catchment volume.  PPG is most often employed non-invasively and 

operates at a red or a near-infrared wavelength.  The most recognised waveform feature 

is the peripheral pulse, and it is synchronised to each heartbeat. 

 

A significant advance in the clinical use of a PPG-based technology by Aoyagi, et al. 

[21] and Yoshiya, et al. [22] came with introducing a pulse oximeter, a non-invasive 

method for monitoring patients’ arterial oxygen saturation.  The desire for small, 

reliable, low-cost and simple-to-use non-invasive cardiovascular assessment techniques 

are key factors that have helped re-establish photoplethysmography.  The developments 

in semiconductor technology, i.e., light-emitting diodes (LED), photodiodes, and 

phototransistors, have improved the PPG probe design's size, sensitivity, reliability, and 

reproducibility.  Figure 1.6 shows a brief visual timeline for the history of PPG sensors 

since the 1800s. 

 

 

 

Figure 1.6 A brief visual timeline for the history of PPG sensors [23] 

 

 

1.4 Non-Contact methods of Heart Rate Measurement  

 

For the monitoring of HR, researchers used various algorithms and methods to calculate 

bpm from different data sets like videos, audio, and iris.  These all focused on the non-

invasive method for the measurement of heart rate. 
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1.4.1 Heart Rate Measurement using Video recordings 

 

Several researchers [24-28] have worked on HR measurement using contactless devices 

or remote methods such as using a video camera.  In 2005 Liu, et al. [29]began working 

with motion magnification, creating a technique that acted like a microscope for visual 

motion.  To achieve motion magnification, there is a need to measure visible 

movements accurately and group the pixels to be modified.  Then each pixel in a frame 

is assigned to one of the motion clusters, or layers, which are then stacked on top of 

each other in the outputting video to describe motion.  The output video was built using 

the estimated movements to project each pixel back to a reference frame and ultimately 

retender the original video to see the form and characteristics of the magnified changes 

invisible to the human eye.  In 2012 Wu, et al. [30] developed a non-contact method 

Eulerian Video Magnification (EVM) at the Massachusetts Institute of Technology, 

Computer Science and Artificial Intelligence Laboratory (MIT-CSAIL), which 

enhances the visual effect of time-varying blood flow for a region of interest (ROI) on 

the human body by amplifying red, green and blue colour channels of the video.  

 

1.4.2 Heart Rate Measurement Using Audio  

 

With the advancement in technology, researchers also used audio signals for HR 

measurement based on modelling vowel speech signals and processing several 

physiological parameters.  Davletcharova, et al. and James, et al. [31, 32] used  

Short-Time Fourier Transform (STFT) to detect the maximum peaks of the formants in 

the process of detecting the heart rate. 

 

Audio or speech signals of an individual are used to measure HR.  In machine learning, 

it requires audio data and the HR for the training and testing of the model [33]. 

 

1.4.3 Heart Rate Measurement using Iris  

 

Researchers used vision-based technology to measure physiological signals, in which 

pupillometry has been utilised extensively in medical and psychophysiology research.  

Also, the ocular pulse has been observed to see the changes in HR [34, 35].  For heart 

rate extraction, Parnandi, et al. [36] used pupillary diameter fluctuations.  Heart rate 
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variability was calculated from the power spectrum of the time series of pupillary 

diameters.  But the lighting conditions affect the results.  When the subject blinks 

during that time, pupil area cannot be detected, and HR calculation is not possible. 

 

The visual aspects have been the area of interest in the last couple of years.  They have 

become more efficient by analysing the videos rather than putting voice capturing 

sensors for audio and observing ocular pulse or pupillometry fluctuations.  Nowadays, 

the variation from the normal HR is very common and may symbolize heart-related 

disorders.  Thus, effective daily monitoring of the HR is critical to recognize the 

potential heart disease at an early stage.  Several studies have attempted to integrate a 

touchless video input to predict the HR of the subjects [37-39].  Inspired by such 

research, tries to design HR analysis using video monitoring in which video is 

transformed into several frames followed by integration of image processing techniques.  

 

 

1.5 Pros and Cons of Clinical HR Measurement Methods 

 

The cardiac data required for further HR analysis is often collected using one of the two 

techniques utilised in the clinical setting: ECG or PPG.  Although founded on distinct 

concepts and assessing different phenomena, both approaches offer trustworthy findings 

when correctly conducted on the one hand but are constrained by several considerations, 

the most significant of which is the requirement for physical contact with the subject on 

the other.  Because they must come into touch with the skin, they can be restricting.  

Contact-based techniques can be unpleasant or distracting, such as with newborns.  

These procedures are non-invasive, but they need touch with human skin, which may 

harm those with sensitive skin (e.g., neonates).  It may also irritate (e.g. a fitness tracker 

for individuals) or distract (e.g., when worn in a professional environment).  These 

limitations, combined with the growing demand for ubiquitous measuring, both within 

and outside the hospital environment of human physiological parameters and the option 

of use in commercial environments, have led researchers worldwide to seek a way to 

optimize and free them from their limitations.  
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1.6 Research Methodology 

 

As discussed in section 1.4, limitations of current clinical HR measurement techniques 

are due to the ability to contact skin, special trained staff requirements, and non-reliable 

results in particular conditions, resulting in the need for a non-contact heart rate 

measuring method.  Using image processing from videos, it’s possible to extract 

valuable information for measuring HR.  Data extraction from frames allows more 

meaningful information to be extracted by the researcher.   

 

During a change in the heart rate that could also lead to a condition which could be 

uncomfortable for a user, all the vital signs for the detection could not be viewed from 

the naked eye.  To resolve this issue, video magnification algorithms were presented 

earlier.  The research area still has abilities and scope for expansion, which inspires this 

thesis's problem statement.  This thesis refines the magnification problem to improved 

segmentation or Region of Interest selection, followed by the training and classification 

of the segmented portions to detect the heart rate hr ∈ {60 − 120} beats per minute.  

The problem is described mathematically in equation (1.1). 

 

 𝑓 = 𝑎𝑟𝑔𝑜𝑝𝑡 ∑ 𝑓𝑠𝑒𝑡

𝑡

𝑖=1

 ∀  ∈ 𝑅𝑖   (1.1) 

 

where, ∀ is the universal quantification symbol represents all values of the samples that 

has been considered, 𝑡 is total number of frames extracted,  ∈ is the element, 𝑓𝑠𝑒𝑡 is the 

feature set that belongs to extracted ROI 𝑅𝑖 [40, 41].  

 

The function takes the input argument as the feature set and aims to optimize the 

existing feature set via selecting the current portion of the segmentation. 

 

The optimal f is required to pass to the training algorithm to create training instances 

which will be further utilised to classify the ground truth values.  Optimal f doesn’t need 

to produce high classification accuracy due to the tuning architecture of propagation 

layers.  Selection of the number of layers requires a statistical analysis through 

regression, and hence it becomes necessary to tune the training mechanism as per the 

best available data.  The problem statement extends to train the system based on the 

ground truths of the dataset's extracted features/segmented frames.  
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The mathematical representation can be found using equation (1.2). 

 

 

𝑓′ = 𝑎𝑟𝑔𝑚𝑎𝑥 ∑ 𝐶𝐴

𝑡

𝑖=1

 ∀ 𝐺𝑖 

(1.2) 

 

where, CA is the classification accuracy, t is total number of extracted frames, , 𝐺𝑖 is the 

ground truth.  The aim is to maximize the chances of the classified sample matching its 

ground truth values.  In other words, the problem is to increase the classification 

accuracy of the test samples.  

 

A monitored video is useless if it cannot conclude a statement.  To analyse the video, 

the video must be processed, and the processed video must go through an inference 

engine to conclude a statement.  Figure 1.7 shows the schematic diagram of stages 

undertaken in research. 

 

Output BlockProcessing Architecture

Outcome 

Expected 

class 

Low, 

Moderate or 

High

Process Engine

Extract 

Relevant 

Information 
Raw Data

Video/

Image

Input Block 

 

 

Figure 1.7 Schematic diagram of the various stages undertaken in this research   

 

1.6.1 Input Block 

 

The input set contains the objects and its description.  The input might be a video, 

frames of a video, audio segments, images etc.  The proposed work has utilised videos 

as the main input source, and hence from now onward till the last chapter, this thesis 

refers to data as video frames.  When it comes to medical data analysis, video 

surveillance has gained popularity [42, 43].  The visual aspects of the video provide a 
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significant amount of information that becomes useful when it comes to training the 

system.  

 

1.6.2 Processing Architecture 

 

The processing architecture block takes the judgement based on the previous 

information under the hood of a stored repository.  A stored repository is created using a 

training algorithm.  For instance, Feed Forward Neural Network is a training algorithm 

that intakes two inputs before running the training engine. 

(a) The attribute set: is a collection of features, represented in equation (1.3) as 

follows: 

 

 𝑓 =   ∑ 𝑅𝑑 . 𝐹𝑣 

𝑡

𝑖=1

∀ 𝐺𝑖 (1.3) 

 

where 𝐺𝑖  is all the ground truth for which the feature vector containing ‘n’ 

number of features has been extracted from the raw data 𝑅𝑑.  

(b) The ground truth values: until a machine does not learn what to call a set of 

attributes, it cannot predict the label of the attribute set and hence, each feature 

vector set 𝐹𝑣 𝜖 𝑓 is tagged with its ground truth value 𝐺𝑖.   

 

The Levenberg algorithm, also known as the Levenberg-Marquardt algorithm, is a 

widely used method for solving nonlinear least-squares problems. The algorithm 

iteratively adjusts the parameter estimates to minimize the sum of squares of the 

residuals.  The steps involved in the Levenberg algorithm are as follows: 

1. Choose an initial estimate for the parameters,  

2. Compute the Jacobian matrix 

3. Compute the residual vector 

4. Compute the approximated Hessian matrix 

5. Compute the update rule 

6. Update the parameter estimates by setting  

 

The Levenberg-Marquardt algorithm solves nonlinear least squares problems by 

iteratively adjusting the parameter estimates to minimize the sum of squares of the 
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residuals. In order to ensure that the approximated Hessian matrix, JTJ is invertible, the 

algorithm introduces another approximation to the Hessian matrix, 

 

 HJ ≈ JTJ + µI (1.4) 

 

where µ is always positive and called the combination coefficient, and I is the identity 

matrix.  

 

This approximation ensures that the elements on the main diagonal of the approximated 

Hessian matrix are larger than zero, thereby guaranteeing that the matrix H is always 

invertible. The update rule of the Levenberg-Marquardt algorithm, which is expressed 

in equation (1.5) as follows: 

 

 𝑤𝑘 + 1 =  𝑤𝑘  −  (𝐽𝑘
𝑇 𝐽𝑘  +  µ𝐼)

−1
𝐽𝑘

𝑇𝑒𝑘    (1.5) 

 

As a combination of the steepest descent and Gauss-Newton algorithms, the Levenberg-

Marquardt algorithm switches between the two algorithms during the training process. 

The Levenberg algorithm iteratively adjusts the parameter estimates by combining the 

steepest descent and Gauss-Newton algorithms to minimize the sum of squares of the 

residuals. The algorithm switches between the two algorithms based on the value of µ, 

which is always positive and called the combination coefficient. The algorithm 

guarantees that the approximated Hessian matrix is invertible by introducing an 

approximation to the true Hessian matrix [44].  

 

 

1.6.3 Output Block 

 

The output block delivers the results based on the input fed to the previous block, where 

the training and classification are done in any determining architecture.  The results 

provide the output in the form of one of the expected classes, namely normal, moderate, 

and high.  
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1.7 Research Objectives  

 

Based on the literature review, the following research objectives are listed as follows: 

(a) To study and analyze video magnification methods and algorithms shown in the 

state of art techniques. 

(b) To enhance the magnified video in terms of ROI selection by applying various 

strategies. 

(c) To perform training and classification through various multi-class classification 

techniques and to identify the best suitable classification algorithm for the 

utilized dataset. 

(d) To evaluate and compare the quantitative parameters of this research.  

 

 

1.8 Organization of the Thesis  

 

The thesis is divided into eight chapters as follows: 

Chapter 1 introduces heart rate measurement techniques, and it highlights the 

limitations of existing methods used for heart rate measurement.   

Chapter 2 covers the heart structure, clinical methods for heart rate measurement and 

new emerging techniques.  

Chapter 3 presents research articles in contrast to proposed work and reviewed the 

literature that are relevant to video magnification and the training and classification 

mechanism.  

Chapter 4 covers detailed information how data was acquired, and which equipment 

and setup was considered during data acquisition of this research. To perform training 

and classification through various multi-class classification techniques and to identify 

the best suitable classification algorithm for the utilized dataset against Heart Rate. 

Chapter 5 covers detailed information on the technical design of the selection of ROI 

from the face video and optimization. 

Chapter 6 discusses the feature extraction, training, and classification. 

Chapter 7 summarizes the results and outcomes of the proposed architecture.  The 

details discussed in terms of True Positive Rate, False Positive Rate, Accuracy and 

Kappa are summarized concerning variation in the number of layered architectures used 

in the analysis. 
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Chapter 8 presents the overall findings, future work, limitations, and conclusion of this 

research. 

 

 

1.9 Contribution of Thesis 

 

The health of a country’s population is one of the major concerns of any government 

around the world. With the help of the modern technology, it is now even more possible 

to save human life before it is lost. In the same context, heart attacks have been 

observed to be very common among the population. The health education sector along 

with academic research and industry views it as an opportunity to improve the 

prevention of heart attacks.  

 

This research uses the identification of heart rate via changes over the forehead in terms 

of its colour which cannot be visualized with naked eyes. It becomes essential to 

magnify the video footage in order to identify the change in colour. A machine learning 

based training algorithm was required to predict the possibilities based on the acquired 

data that has been provided to it against different heart beats or rates. To train a system, 

most appropriate features are to be passed to a training engine in case of semi-

supervised approach. Though there has been a systematic way of classifying the heart 

rates and making decisions against it, the proposed work contributes in the following 

manner. 

 

(a) Design a Swarm Intelligence based improved algorithm that uses ABC with a 

novel fitness function. 

(b) Validations over the proposed algorithm have been made based on quantitative 

parameter analysis. 

(c) Comparison of proposed work has been made based on other algorithms. 
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Chapter 2  

Heart Rate Measurement 

 

2.1 Introduction 

 

While Electrocardiogram (ECG) is concerned with the heart’s electrical activity, which 

causes contractions of the heart muscle, for this research, it is necessary to describe the 

structure of the human heart in general and the blood flow in the body.  Therefore, this 

chapter presents an overview of heart rate measurement to provide background and 

context for this research.  Vital signs are physiological tests that examine a human 

body's basic functioning and are essential for monitoring human health.  They are 

markers of a person’s overall physical health, and they enable the diagnosis of diseases 

and the tracking of recovery progress.  Body temperature, respiration rate, blood 

pressure, and pulse rate or heart rate are the four primary vital indicators routinely 

checked by a healthcare expert [45, 46]. 

 

 

2.2 Heart Structure 

 

The heart is the main organ of the cardiovascular system, a network of blood vessels 

that pumps blood throughout the body.  It also works with other physiological systems 

to control your heart rate and blood pressure.  The heart’s conduction system is like the 

electrical wiring as it controls the rhythm and pace of the heartbeat.  The parts of the 

heart normally beat in order: Contraction of the atria (atrial systole) is followed by 

contraction of the ventricles (ventricular systole), and all four chambers are not 

contracting or relaxed; that phase is diastole.  The heartbeat begins in a specific cardiac 

conduction system and travels throughout the myocardium via this system.  The 

sinoatrial node0F0F

1, the internodal atrial pathways1F1F

2, the atrioventricular node2F2F

3, the bundle 

 

1 The sinoatrial node is a specialized myocardial structure that initiates the electrical impulses to stimulate contraction and is found 

in the atrial wall at the junction of superior cavel vein and the right atrium. 
2 Internodal pathways are the connecting pathways that form a direct connection between the sinoatrial node and the atrioventricular 

node in the right atrium of the heart. 
3 The atrioventricular node electrically connects the heart's atria and ventricles to coordinate beating in the top of the heart; it is part 
of the electrical conduction system of the heart. 
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of His3F3F

4 and its branches, and the Purkinje system 4 F4F

5 are the structures that make up the 

cardiac conduction system [47; Chapter 29], shown in Figure 2.1. 

 

  

 

Figure 2.1 Cardiac Conduction System [47; Chapter 29] 

 

The blood circulation throughout the body is not automatic; it is activated by electrical 

impulses that cause the heart muscle contractions.  How the blood flows in the body is 

discussed in the next section.  

 

2.2.1 Blood Flow through the Heart 

 

When the heart beats, blood flows through the blood vessels because the heart pumps 

the blood, known as the blood circulatory system or cardiovascular system [48].  The 

vessels are flexible, muscular tubes that transport blood throughout the body.  There are 

three main types of blood vessels: 

 

4 The bundle of His is a part of the electrical system of the heart. It is a collection of cells that carry electrical signals from the AV 

node to the bundle branches. 
5 The Purkinje system is a network of specialized muscle cells that carry cardiac impulses to the ventricles of the heart and cause 

them to contract. 
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• Arteries:  transports oxygen-rich blood from the heart to all parts of the body.  

They branch out multiple times, getting smaller as they carry blood away from 

the heart and towards the organs. 

• Veins: these are blood vessels that return blood to the heart; this blood contains 

less oxygen and is high in waste that must be expelled or eliminated.  The veins 

become larger and larger as you get closer to the heart.  The superior vena cava 

is a big vein that transports blood from the head and arms to the heart, whereas 

the inferior vena cava transports blood from the abdomen and legs. 

• Capillaries: are tiny, thin blood vessels that connect the arteries and veins.  Our 

organ’s cells can pass oxygen, nutrients, carbon dioxide, and other waste 

products through their thin walls. 

 

 

2.3 Types of Heart Rate Measurement  

 

There are three types of observations used to measure heart rate.  Different activities in 

the body are observed like electrical activity of the heart, blood flow and skin colour 

change. 

 

2.3.1 Clinical Methods for Heart Rate Measurement 

 

The two standard methods used for clinical heart rate measurement are 

Electrocardiogram (ECG) and Photoplethysmography (PPG). 

 

• The heart’s electrical signals: are recorded using ECG, a standard method used 

to monitor the heart’s health.  It is done in clinics or hospitals by doctors, trained 

nurses, or technicians [49].  The ECG technology has become one of the most 

widely used diagnostic methods in the clinical cardiovascular domain for 

detecting heart diseases and tracking the heart's electrical activity.  The ECG is 

primarily used to identify a few cardiovascular diseases (CVD), including 

myocardial infarction (MI), heart failure, arrhythmia, atrial fibrillation (AF), and 

ventricular hypertrophy [50].  A noiseless ECG signal is required for effective 

assessment by the clinician.  Filtering methods such as Infinite Impulse 

Response (IIR) and Finite Impulse Response (FIR) aid in removing noise from 
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the ECG signal.  The repolarisation and depolarisation of various muscle tissues 

[51] from each part of the ECG waveform when electrical pulses are delivered.   

Every pulse has feature waves represented with P, Q, R, S, and T.  ECG signal 

contains a P wave, a PR interval, the QRS complex, and an ST-segment.  The P 

wave shows the sequential activation of both left and right atria, created by 

depolarization or contraction of atriums.  QRS complex shows the ventricular 

depolarization, whereas the ST-segment and T wave reflects ventricular 

repolarization and are produced by relaxation of the ventricles.  The PR interval 

is between the P wave’s first deflection and the QRS complex’s first deflection.  

One R peak represents one beat while reading the ECG signal, and the number 

of R peaks in the signal over one-minute equals the HR, shown in Figure 2.2.  

RR interval is the duration between two consecutive R-waves of the QRS signal 

on an ECG due to inherent sinus node features and autonomic factors and is 

measured in milliseconds. 

 

 

Figure 2.2 QRS and RR interval [50] 

 

• Blood flow can be observed by using Photoplethysmography (PPG), a simple 

and low-cost optical technique that can be used to detect blood volume changes 

in the microvascular bed of tissue and is easy to use as no special training is 

needed [52].  PPG technique has been used in a variety of commonly available 

medical devices to measure oxygen level, blood pressure, and cardiac output.  

As a photoelectric detection method, PPG aims to detect the changes in blood 

volume in the arterioles and capillaries by illuminating the living body tissues 

using optoelectronic equipment and then measuring the intensity of the reflected 

light to obtain the blood volume pulse signal.  PPG is popular as an alternative 
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HR monitoring technique because it is easy to use as there is no need for clinical 

set-up, can wear comfortably, and is low cost as it uses light-emitting diode 

(LED) as light source and photodetector for receiving the volumetric blood 

changes as shown in Figure 2.3 [53, 54]. 

PPG works in two modes; the first is the transmission mode, which can produce 

a reasonably good signal, and the measuring site may be constrained.  In the 

transmission mode measurement, the infrared light-emitting diode and 

photodetector (PD) are placed on opposite sides of the measured human tissue, 

as shown in Figure 2.3.  The PD detects residual light from the source after its 

absorption by the tissue.  For the sensor to be functional, it must be placed on the 

body where transmitted light may be detected easily, such as on the fingertip or 

earlobe.  The second mode is reflectance mode, in which the IF/RD LEDs and 

the PD measuring the intensity of the reflected light are placed side by side on 

the same body surface [55]. 

 

 

 

Figure 2.3 Light-emitting diode (LED) and photodetector (PD) transmission and 

reflectance-mode photoplethysmography [54] 

 

PPG’s contact requirements limit its applicability, despite the large variety of 

applications.  First, because movement affects data, heart rate can only be 

detected if the patient or person stays stable or does not move the PPG device.  

Because of the requirement to remain stable limits the PPG for use during sports 

and other moving activities as it shows inaccurate results [56]. 

 

2.3.2 New and Emerging Methods 

 

Changes in skin colour can be observed in the videos that are not visible to the naked 

human eye.  So researchers are using the principle of contactless PPG, video 

magnification techniques, etc., to track skin colour changes towards finding the heart 

rate measurement [30, 57].  A video camera is typically used in contactless PPG 
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techniques to collect pictures/videos, which are subsequently analysed by image 

processing algorithms.  Remote photoplethysmography (rPPG) mechanics are similar to 

invasive PPG, also known as imaging PPG (iPPG or PPGI) or non-contact PPG 

(ncPPG).  The LED is replaced by ambient illuminance, and the video camera is 

replaced by photodetector rPPG methods, as shown in Figure 2.4.  Two types of light 

reach the camera sensor: static and dynamic.  The static components such as bone, 

tissue, and static blood, whereas the dynamic component represents fluctuations in light 

absorption caused by changes in arterial blood volume.  As a result, the reflectance of 

the fluctuation in light absorption owing to volumetric variations in blood volume 

pressure is used to calculate PPG.  A subject’s PPG signal is collected from their finger, 

arm, or face.  The reflection of ambient light dispersed across the skin layer, cell layer, 

and capillaries underneath the cell layer generates the PPG-like pulsing signal.  

Capillaries are the tiniest blood veins in the body, circulating just 2 to 5% of total blood 

volume.  Compared to the body's overall change in blood volume pressure, this is a very 

modest volumetric change.  PPG signal is generated by light propagation through the 

skin, primarily through the stratum corneum, epidermis, and dermis. 

 

 

 

Figure 2.4 Simplified description of PPG extraction from facial tissue (cross-section 

view) [58] 
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As per Lambert’s equation5F5F

6 of light intensity, light reflected through the skin might be 

considered diffusion and scattering [59].  Light is diffused by the skin’s stratum 

corneum, whereas the epidermis and dermis scatter light.  The epidermis layer is 

primarily made up of melanin.  In contrast, the dermis layer consists of capillaries that 

flow haemoglobin across their microvascular network, making it more susceptible to 

light dispersion.  The intense light scattering causes a tiny colour shift in the skins 

subsurface.  As a result, shown in Figure 2.5, the camera sensor recorded a minor or 

slight change in light intensity values.  Different researchers have made many 

contributions [52-54, 60-64] and published to improve HR measurement from the face 

image using PPG. 

 

 

 

Figure 2.5 Shows light propagation through a simplified skin model [58] 

 

De Haan, et al. [64] developed a PPG estimate technique based on chrominance 

characteristics extracted from the digital camera’s RGB spectrum.  A technique to 

calculate the ratio of two orthogonal chrominance signals was provided in the suggested 

method.  Two orthogonal chrominance signals were extracted from the RGB traces of 

the RGB spectrum, which were then used to run the technique.  Using empirically 

derived fixed coefficients, RGB colours were converted to chrominance colours.  The 

PPG signal was calculated by dividing the orthogonal chrominance colours by their 

ratio.  A normalising method based on the various absorption spectra was also proposed 

 

6 In optics, Lambert's cosine law says that the radiant intensity or luminous intensity observed from an ideal diffusely reflecting 

surface or ideal diffuse radiator is directly proportional to the cosine of the angle θ between the direction of the incident light and the 

surface normal; I = I0cos(θ) 
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[64].  Researchers suggested a superior PPG extraction technique by analysing the 

optical filter's light spectrum and transfer characteristics in the camera.  To correct the 

RGB colour spectrum, a normalised blood volume pulse vector was created using the 

Hulsbusch noise-free spectrum model [65].  McDuff, et al. [66] proposed utilising a 

five-band lens to enhance the optical characteristics of a digital camera.  In addition to 

the standard bands like RGB, the five-band camera extracted alternate frequency bands 

like orange and cyan.  The method was used to increase the overlap between the 

absorption spectra of haemoglobin and oxyhaemoglobin, which have a wavelength of 

about 520 to 580 nm.  As a result, these chromophores substantially impact the pace of 

light absorption reflectance fluctuation, which activates the PPG signal. 

 

Yan, et al.[67] presented a signal weighted analysis technique to extract the PPG signal.  

The authors employed a method involving obtaining a weighted average of the raw 

RGB colour spectrum traces.  The major goal was to increase the signal while reducing 

the noise.  After weighted signal analysis, the signal was treated for baseline drift 

removal and then de-noised using the wavelet transform to recover the PPG signal.  

Kumar, et al. [63] developed a technique for estimating PPG using a monochrome 

camera with a green spectrum filter in 2015.  The PPG signal was recovered using a 

weighted average of many distinct region of interests (ROI’s) in the face that was 

monitored independently. 

 

 

2.4 Summary and Contribution of the Chapter 

 

This chapter represents the structure of heart and how the blood flows within the human 

body, also shows the clinical and new emerging methods for heart rate measurement. It 

also gives the clear understanding of existing methods and techniques used for HR 

measurement and the limitations of those methods using electrical and optical signals. 
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Chapter 3  

Heart Rate Measurement using Videos 

 

This chapter presents a literature review of existing Heart Rate Measurement (HRM) 

methods in terms of their use in acquiring and analysing Heart Rate (HR) from videos 

before submitting the design and development process for the new algorithm for HRM 

used in this research.   

 

 

3.1 Literature Review of Heart Rate Measurement Techniques 

 

A review of peer-reviewed journal articles published since 2010 was carried out in 

renowned worldwide journals with a high impact factor [68-70] on contact-free 

techniques for heart rate measurement using videos.  These criteria were satisfied in the 

four journals selected:  

• IEEE Sensors with impact factor 3.57 

• IEEE Transactions on Biomedical engineering with impact factor 4.53  

• IEEE Transactions on Instrumentation and Measurement with impact factor IF 

4.01 

• Biomedical Signal Processing & Control with impact factor 3.88  

 

The first search phrase, ‘heart rate measurement’, returned 260 results across 

international conferences and journals.  The search phrase ‘non-contact techniques for 

measuring heart rate’ using videos is shown in Table 3.1. 
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Table 3.1 Yearly distribution from 2010 to 2021 of the number of published international journal and conference papers relevant to this research  

Journal Name 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 Total 

IEEE Sensors        1    1 2 

IEEE Journal of Biomedical Engineering  1 1       1   3 

IEEE Transactions on Instrumentation and Measurement          1 2  3 

Biomedical Signal Processing and Control     1 2  2     5 

Other International Journals      1  2 3 1 5  12 

International Conferences   2 3 2 1 1  1   1 11 

Total - 1 3 3 3 4 1 5 4 3 7 2 36 
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The distribution from 2010 to 2021 publications annually reveals that the hits have been 

reported, examined, and ranked as a non-contact cardiac assessment technique. 

 

Of the 36 relevant papers [6, 27, 28, 30, 37, 42, 58, 71-99], two were published in the 

IEEE Sensors, three in the IEEE Journal of Biomedical Engineering and three in IEEE 

Transactions on Instrumentation and Measurement, five in Biomedical Signal 

Processing & Control, 12 in different recognised International Journals and 11 in 

International Conferences.  These all papers were generally interested in contactless 

methods for heart rate measurement.  These papers were mainly concerned with the 

contactless techniques for heart rate monitoring using videos. 

 

The literature review further showed the HRM using videos and video magnification 

methods.  The proposed work architecture shows the working of videos, and 

magnification is done to extract the information of pixel values that is combined with 

machine learning-oriented analysis; hence, HR monitoring using videos and video 

magnification architectures are discussed in the next section. 

 

 

3.2 Heart Rate Measurement using Video processing 

 

Both medical and affective computing applications can benefit significantly from 

remotely assessing physiological activity and measurements.  Different approaches for 

the non-invasive detection of HR using human facial recordings have been proposed by 

recent researchers.  These techniques rely on minor colour changes or facial gestures 

caused by cardiovascular activity, invisible to the naked eye but may be caught via 

digital images or videos.  Signal processing and machine learning are two ways that 

have been used.  The research papers based on HR measurement using videos are 

discussed in this section. 

 

Poh, et al. [99] presents method for the measurement of physiological signals using 

webcam. Recorded videos used to analyse the various parameters like HR, HRV and 

respiratory rate using the methodology of Independent Component Analysis (ICA). 

They selected the face as region of interest (ROI) shown in Figure 3.1 and average the 

pixel values of three channels red, green, and blue. Then ICA used to remove the 

motion artifacts. The highest peak of component whose power spectrum was shortlisted 
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for analysis. The result of experiment shows the limitations in terms of fluctuations 15 

frames per second (fps) as they used standard computer for data acquisition.   

 

 

 

Figure 3.1 Region of interest selection and red, green and blue channels [99] 

 

Kwon, et al. [97] investigated the possibility of remotely measuring a stable heart rate 

using a face video shot with a smartphone camera.  First, a smartphone’s front-facing 

camera was used to capture facial video, then used to recognize the facial area on each 

frame’s picture using face recognition, yielding the raw trace signal from the image’s 

green channel.  The author used independent component analysis (ICA) to derive a 

more precise cardiac pulse signal on the raw trace data.  Frequency analysis of the raw 

trace signal and the processed signal from ICA was used to obtain the heart rate.  By 

comparing the estimated heart rate to the heart rate from a reference electrocardiogram 

(ECG) signal, the accuracy of the calculated heart rate was determined.  Finally, based 

on this research, the author created FaceBEAT shown in Figure 3.2, an iPhone 

application for remote heart rate monitoring. 
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Figure 3.2 FaceBEAT: supports overlaid guide view on the recording(left) estimated 

heart rate and the FFT results (right) [97] 

 

Scully, et al. [98] shows that physiological signals can be monitored using mobile 

phone. They use the video monitoring process for observing the skin colour changes 

due to the cardiac signal. They show that the montioration of HR can be done by using 

mobile phone as they validate the results with heart reading taken from 

Electrocardiogram (ECG). They used green signal instead of red and blue bands 

because of green shows the high absorption of haemoglobin. They mentioned that 

optimization can be used for improvement of detection of pulse signal.  

 

Balakrishnan, et al. [37] used tiny head oscillations that followed the cardiac cycle to 

extract film heart activity information.  This article’s approach may be used to extract 

additional therapeutically valuable information about the cardiac activity, such as small 

variations in the duration of heartbeats related to the health of the autonomic nervous 

system and offering a discreet manner of detecting heart rate.  The approach is a 

supplement to extracting pulse rate from video by analysing the minor colour changes in 

the skin induced by blood circulation.  These approaches average all pixel values in the 

face area and apply a temporal filter to the signals.  Then you can either analyse these 

signals directly or use ICA to isolate a single pulse wave.  The pulse signal’s frequency 

and variability were also taken into account.  Head movement, on the other hand, might 

provide additional information regarding the heart cycle.  If the force of blood being 

pumped by the heart is proportional to head movement, it may be a helpful measure for 

estimating blood stroke volume and cardiac output.  In addition, the movement’s 

direction may suggest asymmetries in blood flow into or out of the brain.  This might 

help determine if the carotid arteries are stenosed or blocked.  It can determine the 

component of motion corresponding to the pulse using a mix of frequency filtering and 
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PCA and then extract the peaks of the trajectory to identify individual beats.  This 

approach yielded almost comparable heart rates to an ECG and caught certain aspects of 

InterBeat variability when tested on 18 participants. 

 

Shan Li, et al. [96] suggested a simple and high-efficiency approach for measuring heart 

rate from a movie.  The author derived trajectories in both the X-axis and the Y-axis by 

merely monitoring one feature point taken from a tiny Region of Interest (ROI) in the 

head region.  The ICA generates a periodic signal after a series of operations such as 

signal filtering and interpolation, and then the heart rate may be computed.  The author 

tested commercial heart rate measurement equipment (YUYUE YE680B) on ten 

participants and found a good agreement.  A running time comparison experiment with 

the earlier suggested motion-based approach was conducted, and the results revealed 

that the new method’s time cost was much lower. 

 

Li, et al. [94] proposed framework in this article comprises three major procedures to 

decrease these impediments: initially, the researchers employ Discriminative Response 

Map Fitting (DRMF) to discover the accurate face ROI as well as use traceability to 

discuss the problem caused by rigid head movement; second, the authors use 

Normalized Least Mean Squares (NLMS) adaptive filter to rectify the interferences 

caused by illumination variations; and third, signal segments with large standard 

deviation values are discarded to reduce noise caused by sudden non-rigid movements.  

The paper shows that all three techniques increase HR measurement accuracy in real-

world human to computer interaction (HCI) scenarios.  Figure 3.3 shows the framework 

used in this research to reduce interferences for HR measurement.  
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Figure 3.3 Framework for HRM from video [94] 

 

Because all the interferences above are present in the movies, the MAHNOB-HCI 

database is utilised for testing.  Because speech is seldom seen in MAHNOB-HCI films, 

the mouth area was incorporated in the ROI detection to cover more skin pixels in the 

ROI.  However, the mouth area might be eliminated to prevent motion noise in 

conversation circumstances.  Because the films of MAHNOB-HCI are dark and no 

other item is present in the scene, the backdrop was utilised as a reference for the step of 

lighting rectification.  Other static items, such as a grey board put behind the subject’s 

head, might be used to reference situations when the backdrop is not acceptable.  On all 

527 MAHNOB-HCI samples, the new technique significantly outperformed the four 

prior methods, with an average error rate of 6.87 %.  Head rotations of a significant 

angle, particularly in the yaw direction, influence findings.  Half of the face’s feature 

points are lost in such cases, and the tracked ROI position may be incorrect, lowering 

HR measurement accuracy. 

 

Kranjec, et al. [6] investigated the work related to non-contact HR and HRV parameters. 

They discussed the different methods for HR measurement includes HR from speech, 

thermal imaging, RGB imaging, capacitively coupled ECG (CCECG) and doppler 

effect based HR measurement. They conclude that the non-invasive methods for 

measuring the cardiac activity are not able to detect the parameters in majority of cases. 

Every method had limitations like for speech the noisy environment makes the values 

distorted and appropriate filters needed for that issue.  The CCECG need high sensor 

sensitivity for accurate detection of parameters. 
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Yong-Poh, et al. [91] demonstrated how video sequences might be used to get dynamic 

heart rate readings, generally collected from sensors placed near the heart.  A video 

camera is used to collect the face pictures of the seven individuals in two trials.  The 

first experiment measures individuals’ growing heart rates (79 to 150 bpm) while 

cycling, whereas the second involves measuring subjects’ declining heart rates (153 to 

88 bpm).  An independent component analysis is paired with mutual information to 

guarantee that accuracy is not lost while using short video durations.  Measurements of 

a heartbeat using the Polar heart rate monitor are obtained during both tests to compare 

with the results of the suggested approach.  Overall, experimental findings demonstrated 

that the suggested approach might quantify dynamic heart rates, with Root Mean Square 

Error (RMSE) and correlation coefficients of 1.88 bpm and 0.99, respectively. 

 

Christoph Hoog, et al. [92] had demonstrated that two modalities, skin colour change 

and head motion, can be retrieved from a webcam video stream.  The author presented a 

new multimodal sensor fusion technique for unobtrusive vital sign monitoring.  A 

webcam video stream extracts the motion and photoplethysmographic component 

arising from heart activity, then combined using a Bayesian technique.  The method 

increased coverage of the beat-to-beat interval estimate from 25% (just motion) to 75% 

(only PPG) while retaining a low inaccuracy of 32 milliseconds (ms) compared to an 

ECG reference.  Coverage and error were increased to 84 % and 25 ms, respectively, by 

merging an extra ballistocardiography (BCG) signal obtained in an inconspicuous 

manner with a mat put on the seat of a chair, as shown in Figure 3.4.  By adopting a 

unique adaptive Gaussian prior, 90 %, coverage may be attained with just 24 ms 

average absolute error. 

 

 

 

Figure 3.4 Overall set-up using a webcam and BCG mat sensor [92] 
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Hassan, et al. [58] have reported the advancement in heart rate monitoring utilising face 

videos has been critically analysed.  The authors studied photoplethysmography (PPG) 

and ballistocardiography (BCG), two widely used heart rate measuring approaches.  The 

ideas and philosophy underlying these approaches were addressed on heart rate 

monitoring utilizing face videos.  The relevance and problems, as well as the 

recommended contributions to increase dependability, were highlighted.  The author 

tests several approaches on a shared experimental platform depending on their overall 

importance.  The techniques for measuring heart rate were cross-validated, and their 

dependability was assessed in actual settings.  In a realistic context, the experiment 

results for heart rate measurement in a realistic context indicate that heart rate 

monitoring using facial videos is promising in simple circumstances (i.e. idle person 

and controlled lighting).  The BCG-based strategy yielded encouraging outcomes.  The 

methods in consistency jeopardized the method’s trustworthiness in feature extraction.  

One of the major benefits of BCG-based approaches was their invariance to light.  The 

motion artefact reduction approach, on the other hand, causes the method to 

underperform.  The key driving trend is photoplethysmography-based heart rate 

monitoring. 

 

The bulk of the study has been given to improving the trustworthiness.  The total signal 

strength has increased because the direction for obtaining PPG data from various ROI 

was changed.  Heart rate monitoring in actual scenarios, on the other hand, may need a 

lot more work.  The correction of spatial and temporal lighting variation and motion 

variance produced by changes in body position should get much more attention.  The 

PPG-based strategy might solve the constraints of the approaches related to motion 

variance and illumination variation by combining the qualities of the BCG-based 

approach.  Using Lambert’s rule of light intensity to develop a solution might be a 

promising step toward developing a dependable heart rate measuring system. 

 

Furthermore, treating the digital camera as a sensor and holding it accountable for 

quantization noise will assist in reducing the consequences of noise.  This article 

focuses only on heart rate measurement.  On the other hand, physiological signal 

extraction may lead to the determination of oxygen saturation (pulse oximetry), 

respiration rate, blood pressure, heart rate, and the evaluation of automatic functioning 

and the diagnosis of peripheral vascular disorders.  Because of its non-invasive nature, 
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this technology may be used in various sectors, including health care, telemedicine, 

rehabilitation, sports, ergonomics, and crowd analytics. 

 

Jure, et al. [90] worked on measuring HRV which was based on ultrasound transducers 

which worked simultaneously on two frequencies 40kHz and 39kHz. They used the 

principal of Doppler effect using two ultrasound transducers.  For recording of data, 

analysis and representation the LabVIEW was used. The experimental setup includes 

test signal experiments which measure the physiological signals, then laboratory 

experiment followed by clinical experiments with and without physical activity by 

participants. They conclude that HR can measure in controlled environment which 

might be temperature, noise or humidity. The robustness of the method limits the use of 

proposed work but that can be future work.  

 

Huan, et al. [88] utilizing uncompressed face video capture is the topic of non-contact 

HR measurement. PPG based remote (non-contact) measurements of human 

cardiopulmonary physiological parameters may lead to fast and pleasant medical 

evaluation, which is significant in human healthcare.  The fluctuation in human face 

blood volume throughout the cardiac cycle has been caught indirectly by conventional 

Red–Green–Blue (RGB) cameras.  The authors proposed a novel non-contact HR 

measurement method that uses the joint blind source separation (J-BSS) method to 

analyse video data from different facial sub-regions jointly; they also proposed using a 

max-margin multi-label (M3L) classifier to predict the optimal correlation combination 

of input datasets from different facial sub-regions to achieve higher HR measurement 

accuracy; they tested the proposed method on a large public database (DEAP) to verify 

its performance.  The overview of the method is shown in Figure 3.5.  The suggested 

approach was evaluated on an extensive public database, which provided ground truth 

in the individuals’ left-thumb plethysmograph signals.  The suggested J-BSS approach 

outperforms existing ICA-based methods, according to experimental data. 
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Figure 3.5 Overview of the method for HR measurement used facial landmark and 

J-BSS technique [88] 

 

Sanyal, et al. [83] pioneered a non-invasive method for measuring pulse and respiration 

rate using a brief video of the subject’s face.  Rather than using typical imaging PPG ( 

iPPG) methodologies to monitor the variation of a specific RGB colour space, the 

authors used the Hue channel in the HSV 6F6F

7 colour space.  This observable is a more 

accurate and robust technique for measuring vital signs using a video since it largely 

relies on the AC component of the pulsatile blood.  According to this investigation, HR 

and RR calculated from iPPG acquired utilizing the Hue channel (range 0-0.1) deliver 

the highest co-related findings with conventional equipment.  The HR and RR acquired 

from iPPG in movies filmed with an extra flash-based illumination are qualitatively 

superior to those obtained without it.  This is further proved by the fact that in our 

present investigation, the Pearson’s r and RMSE values achieved using Hue (0-0.1) at 

rest are 0.9201 and 4.1617, respectively, compared to 0.89 and 6 acquired utilizing the 

green channel.  These results might be readily turned into a smartphone camera 

application that measures HR more precisely than existing market options utilizing a 

camera flash as a light source.  Smartphone apps (or APIs) combined with such 

technology will have further uses in the video-based telemedicine sector as a Software 

As A Medical Device (SAAMD), enabling the typical user to monitor their HR and RR 

without purchasing extra equipment.  Tele-medicine comprises tele-hospital care (where 

a consultant doctor may phone in to monitor patients) and tele-home care (where a 

patient can begin a remote healthcare connection with a network of clinicians, normally 

accessible 24/7 for non-emergency care).  The emergence of tele-home care systems 

such as Babylon Health, MDLive, Doctor On Demand, Teladoc, and LiveHealth Online 

has expedited the clinical significance of telemedicine. 

 

7 HSV (for hue, saturation, value; also known as HSB, for hue, saturation, brightness) are alternative representations of the RGB 

colour model, In these models, colours of each hue are arranged in a radial slice, around a central axis of neutral colours which 
ranges from black at the bottom to white at the top. 
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Ernesto, et al. [84] provide a novel approach for estimating the instantaneous beat by 

beat pulse signal employing the Hermite transform and deep learning.  First, the 

Hermite transform is used to magnify the variations in brightness, and then a 

convolutional neural network (CNN) is trained to predict the beat by the beat pulse 

signal.  The authors used a regular camera to gather data for the tests.  The results are 

confirmed using personal pulse monitoring equipment.  To evaluate this method, image 

sequences and beat-by-beat signal pulses from a common RGB camera and a personal 

contact pulse monitoring device are used.  In contrast to Gaussian based magnification, 

the RMS errors show that the Hermite magnification approach paired with the deep 

learning strategy performs better in estimating the beat by beat pulse signal. 

 

Ghanadian, et al. [85] focused on heart rate measurement.  It developed an algorithm 

that employs independent component analysis (ICA) to distinguish the source 

(physiological) signal from noise in the RGB channels of a face video.  To enable 

subject mobility during video capture, the author generalized current approaches.  

Additionally, by implementing a light equalization scheme to reduce the effect of 

shadows and unequal facial light on HR estimation shown in Figure 3.6, a machine 

learning method to select the most accurate channel outputted by the ICA module, and a 

regression technique to adjust the initial HR estimate, the accuracy of existing methods 

was improved.  

 

Figure 3.6 Face images: before light equalization (left) after light equalization 

(right) [85] 

 

In the stationary situation, the suggested technique reduced the RMSE by 27% 

compared to the state-of-the-art ECG measurement ground truth.  The proposed 

approach obtains an RMSE of 1.12 bpm while the subject is moving. 
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Zitong, et al. [80] suggested a two-stage, end-to-end strategy that uses hidden rPPG 

information improvement and attention networks to recover rPPG signals from highly 

compressed face movies and counter video compression loss.  The author proposes an 

end-to-end architecture consisting of a video improvement module STVEN (Spatio-

Temporal Video Enhancement Network) and a sophisticated signal recovery module 

rPPGNet for robust rPPG measurement directly from compressed movies.  The 

rPPGNet can correctly assess HR and HRV levels because of its skin-based attention 

module and partition limitations.  The proposed rPPGNet generates rPPG signals with 

richer curve forms and peak positions.  Furthermore, even without employing the 

STVEN module, it outperforms state-of-the-art algorithms on a benchmark dataset’s 

multiple video formats.  The STVEN is the first video compression improvement 

network to improve rPPG measurement on highly compressed movies.  It is a video-to-

video translation generator with fine-grained learning.  The author performs a cross-

dataset test and finds that the STVEN can generalize well to improve unseen, highly 

compressed movies for rPPG measurement, implying that it has real-world potential. 

 

Chen, et al. [82] present a complete overview of this promising technology, 

emphasizing recent improvements that address lighting changes and motion distortions.  

Estimating and monitoring heart rate is critical for determining a person’s physiological 

and mental health.  According to recent research, HR may now be extracted remotely 

from face video-based photoplethysmographic signals acquired with professional or 

consumer-level cameras.  Many attempts have been made to increase the non-contact 

technique’s detection accuracy.  A broad methodology for measuring HR in each 

situation was shown.  The most popular techniques for each condition were presented, 

contrasted, and analysed to disclose their principles, benefits, and drawbacks.  The 

approaches used to remove motion-induced artefacts were divided into four categories: 

BSS-based, model-based, motion-compensated, and others.  The future possibilities of 

this intriguing technology are examined, and other research avenues.  Many healthcare 

applications would benefit from such a remote HR measuring technology, according to 

the authors, since it is inconspicuous while delivering comfort and ease. 

 

Fernandes, et al. [79] First, the RGB colour space is transformed into LAB colour 

space, which is made up of three separate signals: L, A, and B, where L stands for 

picture lightness and A (red/green) and B (yellow/blue) stand for the combination of 

other colour channels.  These two-colour channels were taken from the LAB colour 
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space, and HR was calculated using those colour channels.  The suggested technique 

uses a web camera to provide a non-contact HR monitoring system based on LAB 

colour space.  The illuminance of the surroundings has a major impact on the colour 

variety of the bodily blood.  The suggested approach may reduce the illuminance impact 

during HR extraction from face pictures.  The process for measuring heart rate from 

video records of the human face and implementation using a camera with ambient 

sunshine as lighting are presented here.  The provided algorithm seems to be quite 

strong, successful, and simple to implement in the regular monitoring of home care 

patients.  According to the findings, the heart rate in a normal state ranges from 60 to 90 

beats per minute.  It ranges from 80 to 110 beats per minute in a grin state.  It ranges 

from 75 to 95 beats per minute in a sad state, and in an angry state, it ranges from 80 to 

100 beats per minute. 

 

Gupta, et al. [78] used MOMBAT, or monitoring utilizing Modelling and Bayesian 

Tracking, which is a new HR monitoring approach suggested in this research.  It has 

used facial recordings obtained from a low-cost camera for HR monitoring contactless.  

Due to facial expressions, out-of-plane motions, camera specifications, and ambient 

conditions, HR monitoring via face recordings might be error-prone.  MOMBAT has 

addressed these limitations and improved HR monitoring by incorporating pulse 

modelling and Bayesian HR tracking.  By effectively reconstructing the bad quality 

pulse signal estimates utilizing the high-quality pulse signal estimates, the suggested 

Fourier basis-based modelling mitigates out-of-plane motions.  Because of the noise, 

certain HR estimations may be erroneous, but the suggested Bayesian decision theory-

based HR tracking mitigates such occurrences and improves HR monitoring.  When 

pulse modelling and HR tracking are used, experimental findings show that HR 

monitoring may improve greatly.  They further claimed that the MOMBAT monitors in 

near real-time, with an average absolute inaccuracy of 1.3293 bpm and a Pearson 

correlation of 0.9746 between projected and actual HR.  This suggests that the 

suggested approach, MOMBAT, may be utilised to monitor HR successfully.  When the 

facial video has motion that lasts for a long time, the proposed approach MOMBAT 

may perform spuriously. 

 

Song, et al. [73] described a novel rPPG approach for remote HR estimate from face 

films based on CNN.  Through a ResNet-18 network, the approach uses a feature-

decoder architecture to convert the HR feature picture to the associated HR value.  The 



Chapter 3 

37 

spatiotemporal feature pictures are created utilizing pulse signals derived from 

traditional rPPG techniques in a time-delayed manner.  Synthetic feature pictures 

produced from ECG or BVP signals were initially used to train the CNN model.  Real 

feature pictures created from noise tainted rPPG pulses are used to improve it further.  

To comprehensively explore the accuracy and generalization capabilities of the 

proposed technique, the authors conducted both within-database and cross-database 

investigations.  Compared to traditional and DL-based approaches, experimental 

findings show that the method achieves overall state-of-the-art performance on the 

public MAHNOBHCI and ECG-Fitness datasets.  The authors also looked at a few 

critical elements that may impact the method’s effectiveness.  It suggests that balancing 

training samples, using colour feature maps, pretraining with synthetic feature maps, 

and using high-quality rPPG signals as feature map sources are required to increase the 

proposed method’s HR prediction accuracy. 

 

Ronca, et al. [71] goal was to see whether a new video-based approach could be used to 

estimate neurophysiological parameters (such as eye blinks rate (EBR) and HR) while 

dealing with various tasks and if it may be a feasible option for patient telemonitoring.  

In terms of the NB and WEB tasks, the findings confirmed the video-based technique’s 

dependability compared to laboratory technology, typically regarded as the gold 

standard.  Furthermore, according to the repeated measure correlation analysis, the 

video-based approach captured the dynamics of the examined neurophysiological 

parameters with the same capacity as the laboratory equipment.  The statistical studies 

confirmed the competence of the studied video-based approach in differentiating 

between nominal and non-nominal participant mental states, which is significant for 

future applications.  The normalized EBR assessed in the NB and WEB tasks declined 

considerably during the non-nominal condition.  Still, the normalized HR rose 

significantly in both tasks during the non-nominal condition.  Subjective measurements, 

such as the NASA-TLX and SAM, revealed that the nominal and non-nominal 

circumstances were genuinely different in mental strain for the two experimental tasks, 

verifying the experimental hypothesis based on the provided analysis.  Such data paves 

the way for video-based approaches for patient monitoring in distant places.  In reality, 

such a procedure does not need any physical contact between the patient and the sensor, 

nor does it require the presence of a doctor or a facilitator to set the sensor.  In addition, 

compared to current telemedicine platforms, which involve commercial and medical 

wearable gadgets, the video-based approach has relatively low costs since it simply 
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requires a commercial camera.  The investigated video-based approach might be useful 

in operational and industrial applications and telemedicine and remote healthcare 

applications.  In this regard, the ability of possible algorithms to automatically 

distinguish between the state in which the operator is active and learning, and the state 

in which the operator is resting, is a critical factor in triggering the activation of 

artificial intelligence (AI) or support system platforms.  Furthermore, the findings 

revealed that the video-based approach for EBR and HR estimates is sensitive to visual 

attention and mental workload increases.  As a result, such a strategy might be useful in 

situations where there is a minimum of interference between the subjects and the 

sensors, such as evaluating air traffic controllers’ mental effort and attention (ATCOs) 

and monitoring vehicle drivers. 

 

Table 3-2 shows the comparison of methods used for measurement of heart rate.  It 

shows the process and the gap for further research work. The non-invasive nature of 

these applications and methods opens possibilities for health monitoring towards 

various fields such as health care, telemedicine, sports, ergonomics, and crowd 

analytics.  From the comparison its clear that face video is the main input in any process 

and gives the enough information which researchers can use for HR estimation. Table 

also shows the gap in research, lack of comparison between different models, limited 

dataset, standardization in remote patient monitoring, these all limitations gives the 

clear picture to work on large dataset and comparison with various algorithms and 

machine learning methods can be used for improved results of heart rate measurement.  
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Table 3.2 Comparison of methods used to measure the heart rate  

Reference Inputs Process Outcome Gap 

Poh, et al. 

[99] 

Face video Independent 

Component 

Analysis 

Physiological 

parameters/HRV 

video sampling 

rate is much 

lower than the 

recommended 

rates (≥250 Hz) 

for HRV 

analysis 

Monkaresi, 

et al.[100] 

Face video Machine 

learning/HCI/ICA 

Heart rate Lack of 

validation on a 

large dataset 

Liu, et al. 

[101] 

Video of a 

person's face 

A multimodal 

quasi-contactless 

HR sensor /BCG 

and rPPG 

approach 

Heart rate 

measurement 

Limited 

evaluation in 

case of large 

motions 

Ronca, et 

al. [71] 

Videos of 

facial 

regions/ECG  

signal 

recordings 

and eye 

blink  

PCA Heart rate and 

Eye blink rate 

Lack of 

comparison 

between 

different 

situations/person 

have to stand in 

front of camera 

Kwon, et 

al. [97] 

Facial video FaceBEAT/iPhone 

application 

PPG Signal Limited 

evaluation on 

small dataset  

Hassan, et 

al. [58] 

Face video PPG and BCG Heart rate Motion and 

illuminance 

variation effects 

the results 

Song, et al. 

[73] 

Face video rPPG with CNN Heart rate high-quality 

rPPG signals 

required to 

improve the 

accuracy 

Poh, et al. 

[91] 

Face video ICA Heart rate Gives better 

result for subject 

in rest position, 

motion artifacts 

effect the results 
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3.3 Video Magnification 

 

Although a person’s visual system has limited perceptibility in both spatial and 

temporal domains, technology may disclose many invisible signals beyond the range of 

human perception.  These signals include vital information, such as a minor change in 

human skin colour due to blood circulation.  Although this difference is not visible to 

the naked eye, it may be used to estimate the number of heartbeats.  Similarly, 

magnification may show motion invisible to the human eye and has minimal spatial 

energy, allowing us to exploit fascinating behaviour. 

 

Magnification examples for colour and motion changes are shown in Figure 3.7 (top) 

depicts a man’s face as viewed by the naked eye, with no modifications visible.  His 

pulse’s colour fluctuation on his face is readily seen in the processed photos in Figure 

3.7 (bottom).  The so-called computerized microscope results from many methodologies 

and strategies for seeing these differences in either motion or colour.  Computerized 

microscopes rely on computing rather than optical magnification to intensify small 

colour and motion changes in high-speed or conventional movies.  Algorithm success 

has aided the development of current ways for detecting unnoticed signals in videos.  

The ability to amplify minute differences in an imaging video has opened up new 

biology, healthcare, and mechanical and materials engineering possibilities.  A research 

group from the Massachusetts Institute of Technology’s (MIT) computer science and 

artificial intelligence laboratory suggested a video magnification technique based on 

cluster trajectories in 2005 [29].  The technique enhanced tiny colour or motion changes 

over time, allowing previously unseen changes to be seen [30]. 
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Figure 3.7 Colour Variation Magnification: Input frames (top) and Magnified 

frames (bottom) [30] 

 

Video magnification methods effectively emphasize minute differences, which have 

wide uses.  Consider detecting respiratory rate from chest movement or skin colour 

changes, estimating heart rate from blood flow in the human face or head wobbles, 

measuring a person’s pulse from tiny blood vessel motion, recovering intelligible 

speech as well as music from high-speed videos of a vibrating potato chip bag or 

houseplant, magnifying geometric deviations, indicating material properties from small 

motions, and measuring the fluid depth or velocity from high-speed videos of a 

vibrating potato chip bag or houseplant.  Unfortunately, these useful tiny signals are 

often found amid huge movements, distorting the findings of classic video amplification 

techniques [93]. 

 

3.3.1 Eulerian Video Magnification 

 

The video magnification technology works like a microscope, exposing minuscule 

signals that would be invisible to the human eye otherwise.  Most recently suggested 

approaches are based on a Eulerian viewpoint, a word taken from fluid mechanics.  In 

contrast to Lagrangian approaches, Eulerian techniques may magnify tiny displacements 

or fluctuations over time without requiring explicit optical flow calculation.  Eulerian 

video magnification (EVM) has demonstrated promising results in the colour viewing of 

face video and modest motion magnification.  The linear EVM has the drawback of 

being able to handle only tiny magnification factors in regions with high spatial 
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frequencies.  When the magnification factor is raised, it may also dramatically magnify 

noise.  As a result, strategies for phase-based Eulerian motion amplification are 

presented.  The Fourier shift theorem is used to create a link between phase fluctuations 

and movements in space, and these approaches are based on it.  The techniques offer 

greater noise management qualities than the EVM and can handle higher magnification 

factors.  Unfortunately, these approaches are ineffective in magnifying the tiniest 

differences in the face of substantial motion.  Such motion will result in substantial 

blurring artefacts, overpower the modest temporal fluctuations emphasized in the video 

[28]. 

 

EVM’s core technology takes a time series of pixels and amplifies any fluctuation in a 

specific temporal frequency region of interest.  Figure 3.7 shows, for example, how 

believable human heart rates may be used to magnify a temporal band.  As blood travels 

through the face, the amplification highlights the differences in redness. 

 

EVM has been a popular research area in a variety of interesting applications since 

2012, including extracting the depth and velocity of hot air, human feeling detection, 

Android smartphone software, plasma physics, sound reconstruction from a distance 

using the vibration measurement of an item in a high-speed video, rescue, biology, 

mechanical engineering, and civil engineering.  EVM has the potential to be useful in 

medical diagnostic and monitoring applications.  Most medical applications, such as 

assessing vital signs without touching patients and showing otitis media in babies, rely 

on the recovery of temporal aspects employing EVM’s colour amplification capabilities.  

There are two types of EVM techniques: linear and phase based EVM.  Motion in the 

video is proportional to intensity variation across a first-order Taylor series expansion in 

linear techniques.  A video sequence is used as an input, and the frames are decomposed 

and filtered using a temporal filter.  The temporal zone that is created is magnified to 

reveal concealed information.  Although this approach is straightforward and identifies 

minor motion fluctuations quickly, it is susceptible to failure when the magnification 

factor is high because the Taylor approximation becomes erroneous.  To solve this 

difficulty, phase-based magnification (PBM) substitutes Fourier decomposition with a 

complicated steerable pyramid for the linear approximation.  The motion in various 

video frames is proportional to the differences in phase of the pyramid coefficients over 

time.  To see motion, these variances may be temporally processed and then enhanced. 
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In contrast to the linear-based method, the phase-based technique is more sophisticated 

and takes longer to process, but it may allow more motion amplification.  Eulerian 

linear and phase-based techniques are quicker and have less noise than Lagrangian-

based video magnification.  On the other hand, EVM techniques do not function well 

for big and arbitrary movements. 

 

Small movements and changes in videos may be revealed and amplified with EVM.  

Because the purpose is to magnify the pyramid levels that contain the movement 

frequencies, EVM is applied to every level inside a pyramid rather than over the 

original photos.  The required frequencies are then multiplied by a quantity known as 

the magnification factor, which the user sets.  EVM enhances real motion, allowing us 

to perceive motions that would otherwise be undetected by the human eye.  To create 

the final film with an exaggerated motion, the magnified values of the required 

frequency are added back to the not magnified ones of the same level. 

 

Although several approaches operate on the same fundamental premise as EVM, they 

function differently.  The pyramid used in the algorithm is one of the primary variations 

between these strategies.  The linear video magnification (LVM) approach decomposes 

the video sequence according to spatial frequency using the Laplacian pyramid 

decomposition technique, followed by temporal filtering, as shown in Figure 3.8.  The 

operation’s output signals are then multiplied by a factor and added back to the signals 

sent into the temporal filter.  On the other hand, low magnification factors are supported 

by this strategy.  An Eulerian approach based on the ‘complex steerable methodology,’ 

which was inspired by phase-based optical flow, is presented to overcome this 

challenge.  Compared to LVM, this approach accommodates huge magnification 

factors, has fewer artefacts, and generates less noise.  However, due to the intricacy of 

the pipe representation of the steerable pyramid, this technique takes longer to process.  

This approach may take up to 21 times longer than the LVM method.  Enhanced EVM 

can handle magnification factors higher and lower in noise than LVM.  The efficient 

motion magnification system (EMMS) approach was created to boost processing speed 

based on wavelet decomposition.  This approach allows for huge amplification factors, 

increases implementation speed, and lowers noise [28, 76]. 
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Figure 3.8 Linear based EVM [30]  

 

The essential concept of EVM is to process each pixel’s time sequence of colour values 

individually.  This is accomplished by applying normal 1D temporal signal processing 

to each time series to magnify a band of temporal frequencies of interest, such as about 

1 Hz (60 beats per minute) for colour changes and movements linked to heart rate.  The 

resultant time series at each pixel produces an output video in which minute changes in 

the input.  The notion of applying temporal signal processing to the colour values of 

each pixel is a simple one that has been explored before for ordinary movies.  However, 

the findings are restricted since such processing is incapable of handling broad spatial 

phenomena such as massive movements involving complex space-time behaviour 

across pixels.  When a big motion occurs, colour information flows across many pixels, 

necessitating a Lagrangian viewpoint to calculate motion vectors.  One of the most 

important contributions of our research is the proof that Eulerian processing may 

accurately estimate the amplification of tiny movements in a particular situation of 

small motions.  First-order Taylor arguments may be used to prove that linear, per-pixel 

amplification of colour fluctuations roughly approximates a bigger version of the 

motion since the movements are modest. 

 

3.3.2 Phase-Based Video Magnification  

 

The Eulerian technique of video magnification can process the time series of colour 

values at each pixel independently and without calculating movements explicitly.  

However, linear amplification increases noise power, and its dependence on first-order 
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approximations restricts its breadth.  There was a representation for films that are global 

translations of a frame through time, which is the Fourier series.  According to the 

Fourier shift theorem, its basic functions are complex-valued sinusoids that may be 

translated accurately by adjusting their phase.  On the other hand, using the Fourier 

basis would restrict us to just being able to handle the same translation over the whole 

frame, preventing the amplification of complex spatially changing movements.  Instead, 

they employ spatially local complex sinusoids realised via a wavelet-like representation 

termed the complex steerable pyramid to manage such movements.  Images are 

decomposed into a sum of complex wavelets corresponding to distinct scales, 

orientations, and places in this representation.  Like the amplitude and phase of a 

complex sinusoid, each wavelet has a local amplitude and phase concept.  

 

Wadwa, et al. [95] worked on Phase-based video magnification techniques, which may 

enhance and reveal subtle motion changes that the human eye cannot detect.  These 

techniques break down each video frame into an image pyramid, allowing for subtle 

motion changes to be recognised as phase shifts with varied orientations at each pixel 

and pyramid level.  As a result, high-speed video magnification is made more difficult 

by the time required to calculate the local phase shifts.  According to recent research, 

the Riesz pyramid is a decomposition strategy which can only detect changes in the 

predominant orientation at a local level.  As a result, high-speed processing may be 

achieved by reducing over-completion and decreasing the arbitrariness of orientations.  

Nevertheless, when the input video quality improves, an increasing amount of data must 

be analysed, resulting in a prolonged computation period.  

 

Shahadi, et al. [75] research offers a phase-based-EVM (PB-EVM) upgrade to 

drastically minimize video magnification processing time.  The suggested method 

decreases the processed data by scaling down the input source video and subsequently 

resizing up the PB-EVM output frames.  The proposed resizing technique uses the 

Lanczos-3 algorithm to keep the quality of the enlarged video the same as it is in the 

traditional PB-EVM.  The Lanczos-3 technique resizes the input video in the suggested 

method.  Then, using a steerable pyramid, it decomposes video frames to produce a 

multi-scale frame with its orientation.  The filtered frames are then multiplied by a 

magnification factor before being filtered by temporal filters for particular bands.  Both 

the magnified and unmagnified portions are now put together for each frame.  Finally, 

using the inverse steerable pyramid, reassemble the resulting enlarged multi-scale 
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frames.  The experimental findings reveal that the suggested technique outperforms the 

traditional phase-based EVM in terms of processing time, with a 60-65% decrease in 

processing time.  Furthermore, their method does not affect video quality, keeping it 

within the traditional Phase-based EVM’s bounds. 

 

Shahadi, et al. [74] strategy reduced amplified noise in the enlarged video for both 

colours and motion amplification.  A linear or phase-based Eulerian method was used to 

process the resulting video to cancel out any background noise.  The approach employs 

the wavelet denoising technique to locate the frequencies of dispersed noise in different 

frequency bands.  Figure 3.9 shows the wavelet denoising transform.  Digital video 

magnification, a computer-based microscope, was used to detect small changes in 

recorded films of human eyes.  A wide range of applications is possible with this 

technology, including medical, mechanical, and physical ones.  The Eulerian method 

dominates video magnification. 

 

 

 

Figure 3.9 Process of image denoising using wavelets [74] 

 

Contrary to popular belief, loudening the video’s subtlety can lead to a higher noise 

level.  By decreasing their amplitude, localized frequencies reduce the energy of the 

coefficients.  This method exceeds typical linear and phase-based Eulerian television 

magnification techniques in terms of the quality of the enlarged movies according to 

experimental data.  A larger amplification factor may be applied to the movies, allowing 

for a wider range of applications to be added to the list of Eulerian video magnifiers.  

Furthermore, the processing time does not significantly increase compared to standard 

EVM; the increase was approximately 3% of the total processing time. 

 

3.3.3 Enhanced Eulerian Video Magnification 

 

Le, et al. [27] introduced a post-processing method to improve the EVM technique 

based on spatiotemporal filtering.  The authors used EVM as a video spatiotemporal 

motion analyser to achieve pixel-level mapping. 
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Video pixels were wrapped based on pixel-level motion mapping to amplify the motion 

input.  E2VM supports larger magnification factors better than EVM and is less affected 

by frame noise because it does not involve modification of pixel values.  But it is time-

consuming, and some magnification specifications may be lost during image warping.  

Furthermore, because the E2VM uses the EVM as part of its algorithm, any failure in 

the EVM affects the quality of the results [86].  Figure 3.10 shows the difference 

between EVM and E2VM results regarding noise handling. 

 

 

 

Figure 3.10 Results of Eulerian video magnification and Enhanced Eulerian video 

magnification [27] 

 

Mohsen, et al. [31] used four video magnification approaches (EVM, PBM, FPBM, and 

E2VM) and uncovered small findings that are impossible to detect with the naked eye.  

Observation of minute changes in a video source during the spatial-temporal phase of 

EVM.  The Laplacian pyramid is used to analyse each video sequence frame at various 

frequencies and resolutions.  However, alternative video magnification techniques are 

more effective than EVM in terms of results since they can enable higher magnification 

factors while reducing noise and improving video quality.  In terms of performance, 

video quality parameters, and execution time, the E2VM approach is superior to other 

methods, as shown in Figure 3.11.  Most video quality metrics examined on four source 
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videos were superior values for this video.  E2VM has a decent execution time (15–20 

% slower than EVM) than other approaches.  However, compared to alternative 

approaches, the EVM is still faster.  All approaches require a long time to process 

videos shot with high-resolution cameras at high frame rates. 

 

 

 

Figure 3.11 Magnified image using (a) Eulerian video magnification, (b) Phase based 

magnification, (c) Fast phase-based magnification, and (d) Enhanced 

Eulerian video magnification [72] 

 

3.3.4 Efficient Motion Magnification System 

 

Efficient Motion Magnification System (EMMS) outperforms other magnification 

methods in noise removal, output video quality, overall performance at large 

magnification factors and reduced time to execute.  Ali, et al.  [86] proposed EMMS, as 

shown in Figure 3.12. 
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Figure 3.12 Block diagram of efficient motion magnification system[86] 
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The algorithm of EMMS considered three main steps as follows: 

Step (1) – Convert RGB to YCbCr 

Separate the intensity information from the colour information by converting the YCbCr 

colour space of RGB from the source video sequence. 

Step (2) – Resampling 

The intensity channel (Y) was resized down 50% by using the Lanczos resampling 

method to reduce processing time. 

Step (3) – Decomposition  

The Y channel is decomposed into different spatial frequency bands using a 

Multiresolution Wavelet Pyramid Analysis. 

 

In EMMS method [86] used multiresolution pyramidal wavelet decomposition to 

decompose an image into a sequence of image transformations with a different spatial 

resolution to extract the information contained in an image.  Wavelet decomposition has 

local support in the space and frequency domain, and fast algorithms are available. 

 

Multiresolution pyramid analysis allows it to decompose an image into a sequence of 

image transformations with a different spatial resolution to extract the information 

contained in an image [86].  The multiresolution decomposition is based on a ‘wavelet 

transform’ to provide a time-frequency representation of an image and to analyse an 

image in horizontal, vertical and diagonal details with different resolution levels.   

Compared with Fourier-based methods, the wavelet decomposition has local support in 

the space and frequency domain.  In contrast, Fourier-based methods are local in 

frequency but have global support in the space domain. 

 

The inverse discrete wavelet transform (DWT) was used to reconstruct the wavelet 

pyramid.  2-D DWT based on the Haar family is considered, as this is the most 

straightforward to implement among all other wavelet families.  Temporal filtering is 

applied on every single level of the wavelet pyramid based on a zero-phase Chebyshev 

type 1 band-pass filter.  The Chebyshev filter provides a smaller root mean square error 

(RMSE) than the Butterworth filter during magnification.  EMMS shows better results 



Chapter 3 

51 

as compared to other methods of video magnification.  EMMS has a low execution time 

and better video quality. 

 

In the magnification process, the extracted signal from temporal filtering is multiplied 

by the magnification factor to amplify the signal of interest.  The magnified signals are 

then filtered by using the adaptive median filter algorithm.  That algorithm was used 

because of the property to maintain the edge and detail information and increase the 

signal to noise ratio for the processed signal.  The output signals are resized and added 

back to the input obtained from the Y channel and then converted into RGB to get the 

final output. 

 

In EMMS Ali, et al. also compares the execution time in seconds with the methods 

discussed above and EMMS execution time is less than EVM, Phase-based, fast phase-

based and E2VM.  Table 3-3 shows the comparison of execution time in seconds.  

Researchers capture the video baby1 by digital camera with a resolution of 960 × 544 

pixels and with a frame rate 30 frames per second (fps).  The second video, baby2 

captured with a resolution 960 × 540 with 60 fps. 

 

Table 3.3  Execution time comparison in seconds for different magnification 

methods 

Video Magnification Method Baby1 Video Baby2 Video 

EVM  85.67 85.52 

Phase-based method 213.17 211.74 

Fast phase-based Method 117.45 115.73 

E2VM 101.32 97.84 

EMMS 50.68 48.54 

 

The video quality metrics considered in this paper were divided into two categories: 

subjective and objective.  The rate of image quality measures the subjective quality 
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metrics, and subjective metrics are a reliable way to measure the image quality.  The 

objective metrics are computational, which are used to access the quality of the distorted 

image with the original image. 

 

Table 3-4 shows the performance-based comparison of video magnification methods.  

Individual authors use different pyramids and minimize the noise from the resulting 

video.  As shown in the table, EMMS is faster than the EVM process and reduces the 

noise. 

 

Table 3.4 Comparison of video magnification methods 

Parameter EVM 
Phase-

Based 

Fast Phase-

Based 
E2VM EMMS 

Decomposition 

Gaussian or 

Laplacian 

Pyramid 

Complex 

Steerable 

Pyramid 

Riesz 

Pyramid 

Laplacian 

Pyramid 

Wavelet 

Pyramid 

Noise Magnified Translated Translated Minimized Minimized 

Amplification 

Factor (α) 

Small 

Value of α 

Large 

Value of α 

Large 

Value of α 

Medium 

Value of α 

Large 

Value of α 

Limits of α 
(1+α) δ(t) 

<λ /8 
αδ(t) <λn /4 

Similar as 

complex 

steerable 

pyramid 

Not stated Not stated 

Over 

completeness 
3/4 image 

3-4 times 

slower than 

EVM with 

octave 

bandwidth  

 20-80% 

faster than 

the phase-

based 

method 

15-20% 

slower than 

EVM 

Faster than 

EVM 

 

Video magnification has a broad scope in biomedical applications, e.g. for ultrasound 

[81] and respiratory rate measurement [89], because of its capacity to extract useful 

information in video and image sequences.   

Below are the papers discussed which used video magnification for heart rate 

measurement.  
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Yongchao Yang, et al. [87] presented this research for video motion magnification, a 

new full-field, output only (video measurement) modal analysis approach.  Multi-scale 

pyramid decomposition and representation, as well as an unsupervised learning blind 

source separation (BBS) technique, are used to model and manipulate the 

spatiotemporal pixel stages that encode this same local structural vibration in video 

measurements, allowing it to blindly extract a modal frequency, damping ratio and 

high-resolution mode shapes from video measurements of the structure.  Comparatively 

speaking, it’s far more efficient and self-sufficient than earlier vision-based systems 

since it doesn’t need any kind of surface preparation beforehand.  It does not need an 

explicit optical flow computation, as with the strongly linked phase-based motion 

magnification technique.  Additionally, the phase-based motion magnification noise-

resilience was driven and interpreted within identification and visualization of the 

weakly-excited mode, which was a common and challenging difficulty of operational 

modal identification.  The novel approach was verified against the accelerometer 

measurement-based methodology in lab experiments.  In comparison, the established 

technique has promise for operational modal analysis, and further research is needed 

before it can be used in practice.  

 

Xiaochuan, et al. [42] used a digital camera to capture conventional wrist movies in this 

study.  The wrist pulse signals are detected non-intrusively using the Eulerian video 

magnification approach.  The signals are then analysed using the 2-Gaussian curve 

modelling approach.  The frames of the captured films are then subjected to spatial 

decomposition and temporal filtering.  The filtered signal was amplified to view the 

small motion and colour changes corresponding to the blood moving through the artery.  

The wrist pulse provides crucial information about a person’s health.  The wrist pulse’s 

form and properties are important in assessing and detecting aberrant health situations.  

Measurement of the wrist pulse was considered an essential aspect of traditional 

Chinese medicine in ancient China.  Recent research has sought to quantify this old 

diagnostic procedure, proposing numerous methods for extracting relevant data from the 

wrist pulse signal.  The PPG pulse signal was measured to validate the efficiency of the 

Eulerian video magnification technique for identifying the wrist pulse signal.  The two 

signals were captured at the same time and compared.  The findings of the experiments 

show that the Eulerian video magnification approach may be utilised to capture the 

properties of the wrist pulse signal and can be used to anticipate major cardiovascular 

events. 
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Alessandra, et al. [77] used the magnification technique EVM to intensify skin colour 

variations caused by the cardiac cycle.  This article described an imaging 

photoplethysmography-based oxygen saturation (SpO2) monitoring approach that does 

not need physical touch with the patient.  During surgery and in intensive care units, 

peripheral SpO2 monitoring is essential.  Several kinds of research on non-contact 

monitoring of vital signs have been published in recent decades, although few have 

focused on SpO2.  The created software runs on a low-cost, widely accessible hardware 

platform.  Nine healthy people were included in the experiments.  The suggested system 

for SpO2 monitoring is a viable non-contact, low-cost alternative.  A controlled hypoxia 

experiment in the future would be advantageous to allow for more fluctuation in the 

blood oxygen levels of all subjects. 

 

 

3.4 Summary and Contribution of the Chapter 

 

This chapter represents the methods of HRM using videos and video magnification 

from existing available literature.  It has been identified that most of the research trend 

aims to train the system so precisely that the margin of error reduces at the time of 

classification.  It has been concluded from the cited articles that; relevant feature 

selection plays a vital role in the appropriate training of the samples against the supplied 

ground truth values.  It has also been concluded that big training engines like Neural 

Networks, Convolution Neural Networks etc., require a bulk amount of data to establish 

co-relation among the supplied ground truth identities.  Hence, pre-processing also 

becomes crucial for the training of the data.  The proposed algorithm extracts frames 

and magnifies them for the extraction of the forehead to co-related it with the heart rate.  

Hence, it becomes vital to present video magnification algorithms presented by 

researchers.  This chapter shows the video magnification algorithms and their 

processing nature through different citations in the chapter.  The proposed work 

contrasts with the prediction of heart rate, and hence the architecture of heart rate, 

measuring prospective have also been discussed.  
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Chapter 4  

Data Acquisition and Pilot Study 

 

4.1 Introduction 

 

This chapter details the procedure followed for the data acquisition phase of this 

research using the newly developed algorithm described in Chapters 5 and 6.  First, the 

overa.ll set-up for the data acquisition is outlined, along with the equipment used.  The 

data collection involved participants sitting straight and still on the chair and a pulse 

oximeter was attached to their finger.  Since data was obtained from human participants 

were part of this research, ethics approval by the Auckland University of Technology 

Ethics Committee (AUTEC) was required. An application for ethics approval was 

submitted explaining the research aim and procedures.   

 

 

4.2 Ethics Approval 

 

Ethics approval (Application Number 21/424) was granted by AUTEC on the 9th of 

December 2021.  Appendix A includes a copy of the completed application forms for 

the ethics approval for this research. 

 

 

4.3 Data Collection 

 

The data collection is divided into two sections;  

• The first section 4.3.1 describes the data collection methodology and equipment 

used for the pilot study.  

• The second section 4.3.2 describes the data collection methodology and 

equipment used for the main study. 

 

4.3.1 The Equipment and Set-up for Pilot Study 

 

This section covers the overall set-up for testing each participant’s heart rate and lists 

the equipment used.  For the pilot study, two participants were the researcher and 
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primary supervisor for data collection.  The overall layout of the equipment set-up 

involved in the pilot study is as follows: 

• Chair 

• Pulse Oximeter (Rossmax model SB100)  

• Camera (Go Pro 6 and iPhone7) 

• Tripod 

 

The overall set-up for data collection using Iphone7 and Go Pro 6 camera is shown in 

Figure 4.1.  The camera was placed at 1.5 metres on a tripod in front of the participant’s 

face.  Then record the videos for a maximum of 15 seconds.  Videos were recorded of 

the participant’s face whilst sitting upright in the chair. The pulse oximeter Rossmax 

SB100 was placed on the participant’s finger of their dominant hand while recording the 

video. 

 

 

 

Figure 4.1 Experimental set-up: using iPhone 7 camera (top), using Go Pro 6 

(bottom) for pilot study 
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Table 4.1 and Table 4.2 shows the video specifications used for each input video.  

Videos with the iPhone 7 camera were recorded, and GoPro 6 videos were in linear 

mode.  The videos collected were analysed using MATLAB2020 running on a laptop 

with an i5 processor with 16GB RAM. 

 

Table 4.1 iPhone7 camera specifications used for video recording 

Frame Rate (fps7F7F

8) Resolution 

30 720P8F8F

9 

30 1080P9F9F

10 

60 1080P 

30 4K10F10F

11 

 

Table 4.2 GoPro 6 camera specifications in linear mode for video recording 

Frame Rate (fps) Resolution 

24 1520P11F11F

12 

30 1520P 

60 1520P 

24 1440P12F12F

13 

30 1440P 

60 1440P 

24 1080P 

30 1080P 

60 1080P 

60 720P 

 

 

8 fps is Frame per second measurement for how many unique consecutive images a camera can handle each second. 
9 720P camera provides images that are 1280 x 720 pixel (that is 921,600 pixels) 
10 1080P provides 1920 x 1080 pixel (that is 2,073,600 pixels) 
11 4K is 4000 x2000 pixel also called ultra-HD (that is 8,000,000 pixels) 
12 1520P provides 1520 x 2704 pixel (that is 4,110,080 pixels) 
13 1440P provides 1440 x 1920 pixel (that is 2,764,800 pixels) 
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The pilot study observed that high-resolution videos are unsuitable for this research 

because noise and artefacts increased with high resolution and high amplification factor 

for magnification.  So 30 fps videos gave the required results, followed by the main 

study data collection.  It was observed that pulse oximeter readings needed to be 

recorded manually as the used pulse oximeter could not save the data, so for the main 

study, a new pulse oximeter was used, which can save data and generate data a pdf file 

for each participant while recording.  

 

4.3.2  Data Collection for Main Study 

 

For the main study data collection first step was to get ethical approval from the AUT 

ethics committee.  Then the process follows the advertisement, and the consent and 

personal details record of participants as below: 

 

4.3.2.1 Consents and Personal Details 

 

The following steps were taken before carrying out any testing of the participants: 

• The principal researcher explained the purpose of the research and the protocols 

of the tests, which were designed to measure HR using video magnification. 

• The data collector allowed each participant to read the Participant Information 

Sheet and sign the Consent Form, which is included in Appendix A.  

Participants were allowed to ask any questions at this stage. 

• Before any preparation for the placement of the pulse oximeter, the data 

collector recorded each participant’s details, such as name and age. 

 

For safety reasons because of COVID-19, the following steps are followed for the 

collection of data: 

• The data were collected by giving the appointment to only one person at a time.  

Before the next participant's meeting, there was a 10-minute break for cleaning 

/wiping the pulse oximeter and chair with antibacterial wipes. 

• There was a 2-metre distance. 

• The data collector wore a face mask and gloves. 
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4.3.2.2 Equipment and set-up for the main study 

 

The equipment used and the set-up involved for the main study were as follows: 

• Chair 

• Pulse Oximeter (EMAY EMO-80)  

• DSLR13F13F

14 Camera (CANON 850 D) 

• Tripod 

• The laptop ran the application to start and stop the video recording  

• Mobile for record data of pulse oximeter using the mobile application of pulse 

oximeter 

 

The overall set-up for data collection is shown in Figure 4.2.  The camera was placed at 

2 metres on a tripod in front of the participant’s face.  Then record the videos for a 

minimum of 15 seconds and a maximum of 60 seconds.  As in the pilot study, a pulse 

oximeter used was not store data and need to record data manually, but in the main 

study, the pulse oximeter used is EMAY EMO-80 because of its ability to store the data.  

As in the pilot study, this step was done manually.  The DSLR camera Canon 850 D 

recorded the videos.  Appendix B shows data recorded for the main study in which the 

participant's number, file name, age, heart rate, and the pulse oximeter datasheet. 

 

 

 

Figure 4.2 Experimental set-up for main study 

 

14 DSLR is Digital Single-Lens Reflex  
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The pulse oximeter was placed on the participant’s dominant hand's index finger and 

recorded the range of pulse using a mobile application.  A laptop was used with the 

camera application to start and stop the video.  The research used the reading to validate 

the results obtained after analysing the recorded videos.  The videos collected were 

analysed using MATLAB2020 running on an HP laptop with an i5 processor with 

16GB RAM. 

 

Data was collected from 30 participants, and two videos were collected from each 

participant, total 60 videos were recorded for this research.  Because of algorithm 

requirements of minimum movement and forehead selection, only 35 videos were 

finalised to be used for the main study.  Each video was examined before being used for 

this research, and 25 videos were not selected for analysis because of the movement of 

participants, shadow, focus while recording and hairs were covering the forehead.  

 

After collecting data (videos), then further processed and analysed offline later, using 

the image processing and newly developed algorithm is discussed in Chapters 5 and 6. 

 

4.4 Pilot Study 

 

In early stage of this research, a pilot study was carried out using the different methods 

for ground truth generation, feature extraction methods and ablation study using 

different algorithms.  

 

 

4.4.1 The Ground Truth Generation 

 

The ground truth generation mechanism follows statistical Machine Learning (ML) 

architecture.  When there is no ground truth with the provided data set, ground truth can 

be generated using the co-relation between the existing data elements.  To generate the 

ground truth, the following similarity measures were used. 
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4.4.2 Cosine Similarity  

 

A measure of similarity between two numerical sequences used in data analysis is 

cosine similarity [102].  The cosine of the angle between the sequences, which would be 

defined as the dot product of the vector divided by the sum of their lengths, is used to 

calculate cosine similarity.  Consequently, the angle of the vectors, rather than their 

magnitudes, determines the cosine similarity.  The cosine similarity is usually shown as 

an interval.  An inner product space's cosine similarity is a measure of how close two 

vectors are to each other.  It examines the cosine of the angle between two vectors to 

determine whether they are travelling in the same general direction.  Document 

similarity may be identified using this technique.  As a result, two proportionate vectors 

have a trigonometric similarity of 1, whereas the same is true for two orthogonal vectors 

and two opposing ones.  The similarity measure is extremely useful in a positive space 

when the result is neatly contained in display style {0, 1}. 

 

A document may be represented as a series of the number of times each word is used, 

such as information retrieval and text analysis.  The measure is a helpful metric if you're 

looking to compare two articles based on their topic matter. 

 

In data mining, the approach is also employed to determine the cohesiveness of clusters.  

Similarity measure benefits from being simple, particularly when dealing with sparse 

vectors.  Otsuka–Ochiai similarity is a kind of cosine resemblance used in binary data, 

also known as the Tucker coefficient for congruence [103]. 

 

Comparing various vector dimensions inside a relative instead of an absolute way is the 

most striking feature of the similarity measure.  For any constant a and vector, vectors V 

to aV is maximum similar.  Because the frequency is more relevant than absolute 

values, the measure works well for data such as the recurrence of phrases in texts.  

Semantic improvement has been proven to be possible using metrics based on 

information theory, such as Jensen–Shannon, and triangle divergence, in at least certain 

cases. 
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4.4.3  Euclidean Distance  

 

In mathematics, the Euclidean distance is the length of a line segment connecting two 

points in Euclidean space.  There are two ways to figure out the Pythagorean range: 

using the Pythagorean Theorem and utilizing the cartesian values of the locations.  Even 

though Euclid did not use numbers to represent distances and the Pythagorean Theorem, 

these designations are drawn from the ancient Greek mathematicians’ Euclidean as well 

Pythagoras and were not acknowledged until the eighteenth century.  Distance between 

non-point objects is often referred to as the distance between points 1 and 2 from two 

objects.  For example, the distance between a point and a line may be calculated using 

formulas.  Abstract metric spaces and distances that aren't Euclidean have been studied 

in advanced mathematics.  The square of the distance measure is used in several 

statistical and optimization applications rather than the distance itself [104]. 

 

4.4.4 Distance from Plane to Point 

 

Distance between two points is defined as the length between the points of the two 

particles, although more intricate extensions like the Hausdorff metric 15F14F

15 are typically 

used to calculate the shortest distance from points to sets.  The formula below may be 

used to calculate distances between different objects. 

• The separation of two points on the Euclidean plane 

• The distance between a point and a plane in 3-dimensional Euclidean space 

• The distance between two lines in 3-dimensional Euclidean space 

 

The proposed architecture has utilised both cosine similarity and Euclidean distance to 

form the ground truths if they are not supplied with the ground truth value.  Initially, the 

collection of real-time data was not available, and hence the method of ground truth 

generation was adopted.  In the evaluation, the cosine similarity and the Euclidean 

distance are calculated from one frame to another.  For example, in the case of the 

Artificial Neural Network (ANN) training sample, there are 342 frames, and cosine 

similarity and Euclidean distance is calculated from frame 1 to frame 342, as shown in 

Figure 4.3.  The maximum cosine similarity value is 1, and the range of variation is 0 - 

1.  Cos 90 degrees represents no co-relation, and the value will be 0.  In contrast, Cos 0 

 

15 Hausdorff metric or distance measures how far two subsets of a metric space are from each other. 
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degrees represents complete co-relation, and the value will be 1, as Euclidean distance 

is the cartesian distance between the supplied value. 

 

 

Figure 4.3 Evaluation of similarities frame by frame 

 

The range of Euclidean distance in the case of the proposed case scenario is from 10-25 

units.  Figure 4.4 shows the Euclidean distance between frames. 

 

 

 

Figure 4.4 Euclidean distance in proposed case scenario  

 

After data collection for the main study, the ground truth was available, so the 

generation of ground truth was not evaluated further for the results as pulse oximeter 

values were available and considered as ground truth.  
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4.5 Feature Extraction Algorithm and Architectures  

 

The different feature extraction algorithms are discussed in this section, and also a 

comparison of methods is presented.  In the proposed algorithm, feature extraction is 

done using the HOG. 

 

4.5.1  Histogram of Oriented Gradients  

 

HOG is a feature descriptor similar to canny edge detector and Scale Invariant Feature 

Transform (SIFT).  Where SIFT descriptor uses a grid-based calculation of gradient 

orientation scatter plots inspired by local stance gradient orientation histograms.  In 

contrast to HOG, SIFT is a local image descriptor.  The HOG descriptor is defined 

across subregions of the picture domain, while regional visual cortex histograms were 

defined over the whole image domain [105]. 

• The HOG operator, which comprises a series of smaller histograms specified 

over sub-regions, includes a dependent on picture positions. 

• For this reason, the HOG descriptor differs from the SIFT descriptor since it 

does not normalize orientation.  As a consequence, the HOG descriptor does not 

exhibit rotational invariancy. 

• Contrast is taken into account when the HOG operator adjusts histograms. 

 

HOG has certain unique characteristics that set it apart from other feature descriptors. 

• About an object's structure or shape, HOG is the descriptor of choice.  The only 

information required is to know whether a pixel is an edge for edge 

characteristics.  HOG may also be used to indicate the direction of the edge.  

Extracting the gradient and orientation of the edges is how this is done (or 

magnitude and direction). 

• The 'localized' parts are also used to identify these orientations.  There is an 

implied division into smaller portions, each with its slopes and direction.  The 

HOG would generate a separate Histogram for each of these subsections of the 

image. 

• Gradients and their orientations are represented in the phrase "Histogram of the 

Oriented Gradients" since the histogram comprises these values [106]. 
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4.5.2  Scale Invariant Feature Transform 

 

Image-based matching may be done using the SIFT, a picture descriptor.  Image 

descriptors are often used when doing computer vision tasks like 3-D point matching 

and view-based object identification.  In the picture domain, the SIFT description is not 

impacted by simple perspective or lighting changes, rotations, scaling, or any other form 

of alteration since it is resilient.  In real-world photo pairing and object recognition 

investigations, the SIFT descriptor was beneficial. 

 

The SIFT descriptor was first developed to discover interest spots in grey-level pictures 

by summing statistical data on local gradient directions for pixel intensity.  This 

descriptor was intended to match corresponding interest points among different images.  

The classification and categorization of objects and textures may be improved by 

applying the descriptor to thick grids (dense SIFT).  The SIFT descriptor can describe 

pictures in various formats, including grayscale, colour, and two-dimensional spatial 

images [107].  

 

4.5.2.1 Interest points from scale-space extrema that are Scale-

Invariant 

 

When describing the original SIFT description, picture intensities around important 

areas or focus places in the provided image being used are shown in Figure 4.5  The 

differential of Gaussian pyramid interest points is located in the scale-space extrema of 

a Gaussians. 

 

After smoothing and sampling an image for recurrences, the difference between 

neighbouring levels is utilised to build a Difference-of-Gaussian Pyramid (DoG).  Then 

interest spots are discovered at locations where the difference-of-Gaussians values 

approach extremes in both spatial coordinates. 
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Figure 4.5 Scale-invariant feature transform keypoint extraction 

 

4.5.2.2 Normalization of scale and orientation 

 

A constant time detection scale is used to construct SIFT descriptor's estimation of an 

area around an interesting point, which is prompted by the interest point detector's 

capacity to deliver a distinctive size estimate for each interest point's scale selection 

process. 

 

Gradient vectors calculate the local distribution of gradient directions at the interest 

point's detection scale.  The accumulation window's size is proportional to that scale to 

get a preferred orientation estimate.  The peaks in this orientation histogram indicate the 

prevalent orientation.  Secondary peaks are permitted if their height exceeds 80% of the 

height of the highest peak in occurrences in which the interesting point is surrounded by 

more than one dominating direction.  Visual representations for orientation estimates 

are created for each peak when there are numerous. 

 

Gradient magnitude and a Gaussian window functional centred on the interesting point 

and scaled to match the detection scale are used to weight the increments when 

producing the orientation histogram.  Large orientation samples are used, with 36 bins 

in the histogram to improve the orientation estimation.  Furthermore, the apex is located 

using local parabolic interpolation in the vicinity of the histogram's peak [108]. 

 

4.5.2.3 Dense Scale Invariant Feature Transform 

 

Scientists have shown that the SIFT descriptor is much more accurate than interest 

points derived by an interest operator for tasks such as the item positioning process in 
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scene classification in dense grids in the picture domain.  An easy-to-understand 

rationale for this is that a dense grid of image descriptors, rather than a sparser 

collection of picture points, yields more information. 

• Once SIFT descriptors have been calculated with a high degree of accuracy, 

clustering is commonly employed to reduce the vocabulary of word vectors that 

may be used to classify objects. 

• To reduce the complexity of generating picture correspondences to a minimum, 

the identification of sparse interest spots is still a crucial pre-processing step in 

constructing image correspondences between originally unconnected separate 

photos of a 3-D object or a 3-D scene [109]. 

 

4.5.2.4 Colour Scale Invariant Feature Transform 

 

An illumination model yields a collection of colour invariants.  With distinct colour 

gradients invariant to a wide range of local levels of intensity, shadows, shadings, and 

highlights that may be generated, the technique develops a collection of colour SIFT 

descriptors.  According to our evaluation, Both a grey-level SIFT operator and 

previously published colour SIFT descriptors are outperformed by a colour SIFT 

operator relying on the hue colour spaces [110]. 

 

4.5.2.5 Scale Invariant Feature Transform-like image descriptors for 

Spatio-temporal recognition 

 

The choosing of a Spatio-temporal scale, local adaptation, and, consequently, scale 

invariance over geographical and temporal scales were observed.  In the same manner 

that local spatial SIFT variables can recognize things and arrange them into categories, 

it was shown that this approach could identify human behaviours utilizing local Spatio-

temporal image descriptors. 

 

Spatiotemporal smoothing operations were adapted to local motions to normalise the 

possible unknown relative mobility of the world's objects and the observer. This method 

was shown to enable recognition of spatiotemporal events in crowded backgrounds as 

demonstrated. 
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This area of image-based matching and recognition research has been created by the 

SIFT and its related picture descriptor for receptive field-like images and their 

histograms.  Operation or approximation in scale-space is theoretically well-founded.  

Therefore, these methods may be used to accurately compute image features and image 

descriptors from images of the actual world. 

 

Because of its matching methods, the SIFT descriptor may create point matches across 

various views of a 3-D object or scene.  Combining correspondences with multi-view 

geometry is necessary to create three-dimensional representations of objects and 

situations using this technique.  Some algorithms can stitch together various images of a 

single item or scene into larger panoramas, such as the multi-view correspondence 

algorithms mentioned above [111]. 

 

4.5.3 Speeded Up Robust Features  

 

Speeded Up Robust Features (SURF) is comparable with the SIFT descriptor because it 

is a feature vector formed from answers that are more likely to reply in the 

neighbourhood of an interesting point. 

 

For example, instead of relying on a Laplacian operator for the SURF descriptor, Haar 

wavelets are used; equity points are approximations of magnitude extrema of a Hessian 

determinant; as well as the submissions in the feature vector have been computed as 

totals as well as absolute SURFs instead of histograms of coarsely subatomic gradient 

directions.  As demonstrated in Figure 4.6, the SURF operator yields result identical to 

the SIFT operator. 

 



Chapter 4 

69 

 

 

Figure 4.6 Speeded Up Robust Features [112] 

 

It uses just a Hessian matrix [112] blob detector to search for interesting locations.  

Sites are chosen depending on the Hessian matrix's determinants, a measure of local 

change that is greatest at these locations.  Both Mikolajczyk and Schmid and Lindeberg 

use the determinants of a Hessian in their Hessian-Laplacian detector.  p and scale of the 

Hessian matrices: Concerning scale and location, the following is the equation (4.1) of 

Hessian matrix H(p):  

 

 
𝐻(𝑝, 𝜎) = (

𝐿𝑥𝑥(𝑝, 𝜎)   𝐿𝑥𝑦(𝑝, 𝜎) 

𝐿𝑦𝑧(𝑝, 𝜎)  𝐿𝑦𝑦(𝑝, 𝜎)
) (4.1) 

 

where 𝐿𝑥𝑥(𝑝, 𝜎) is the convolution of Gaussian second-order derivative with an image I 

and similarity for 𝐿𝑥𝑦(𝑝, 𝜎) and 𝐿𝑦𝑦(𝑝, 𝜎). 
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In an attempt to mimic Gaussian smoothing, SURF uses square-shaped filters.  Scale-

invariant characteristic spots are identified using cascaded filters, and the DoG is 

computed using consecutively rescaled pictures.  Filtering a photo with a square is 

much quicker when utilizing the integral image: 

 

 

S(x, y) = ∑ ∑ 𝐼(𝑖, 𝑗)

𝑦

𝑗=0

𝑥

𝑖=0

 (4.2) 

 

where x and y are pixel counts in both horizontal and vertical dimensions. 

 

4.5.4 Comparison of Feature Extraction Methods  

 

This section examines the performance of HOG, SIFT, and SURF, three of the most 

used techniques for extracting image features.  How well a method works is measured 

by how many accurate matches it can find between the original and noisy image.  

Gaussian, seasoning, and speckle noises have all been used to distort the images.  HOG 

utilises the least time to calculate histograms by using the angle orientation of the edges 

[113].  

 

4.5.4.1 Results of Histogram of Oriented Gradients  

 

A set of results from the implementation of HOG for this research is presented in this 

section. 

 

In a Histogram of Oriented Gradients (HOG) image, the dots represent the locations of 

interest points or key points16 in the image where the HOG descriptors17 have been 

calculated.  

 

Each key point corresponds to a specific location in the image where local gradient 

information is analysed to generate the HOG descriptor. The HOG descriptor is 

 

16 Key points are important and distinctive points in an image that are used for various computer vision 

tasks, such as image matching, object recognition, and feature extraction. 

 
17 Descriptors are numerical representations or feature vectors that capture the essential characteristics of 

an object, region, or key point within an image. 
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computed in a local region around each key point. This process is repeated for multiple 

key points across the image, resulting in a set of HOG descriptors, one for each key 

point [114]. These descriptors capture the local shape and structure information in 

different image parts, making them useful for object detection and recognition. 

 

In visual representations of HOG images, dots or markers overlaid on the original 

image, as shown in Figure 4.7, indicating the locations of these key points or interest 

points. These dots help visualize where the HOG descriptors have been computed and 

where the analysis of local gradients has occurred. The orientation and magnitude of 

gradients around these key points are used to construct the HOG descriptors, which are 

then used for object detection and other computer vision tasks. 

 

 

Figure 4.7  Optimised face, HOG pattern and HOG descriptors  

The values in the HOG descriptor represent the distribution of gradient orientations in 

the local image region. High values in particular bins of the descriptor indicate that 

specific gradient orientations are prominent in that region, while low or zero values 

indicate the absence of those orientations.  

 

4.5.4.2 Results of SIFT  

 

A set of results from the implementation of SIFT for this research is presented in this 

section. 

In SIFT key points, a green circle is often used to visualize and indicate the location and 

extent of a detected SIFT key point. The green circle represents the region around the 

key point. Uniform regions where pixel values remain the same do not provide the 
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necessary information to serve as distinctive key points. As a result, feature detection 

algorithms like SIFT will not find patterns in such areas because they do not exhibit the 

characteristics that make them valuable for matching and recognition tasks. In this 

analysis, the value is constant, so no pattern is created, as shown in Figure 4.8.  

 

Optimised face

SIFT Pattern

SIFT descriptors  

Figure 4.8  Optimised face, SIFT pattern and SIFT descriptors  

 

4.5.4.3 Results of SURF  

 

A set of results from the implementation of SURF for this research is presented in this 

section. 

In the SURF algorithm, a green circle is often used to visualize an image's detected 

SURF key points or interest points. These green circles serve as a visual representation 

of the locations in the image where SURF has identified key points. The green circle is 

drawn around each detected key point to highlight its position and make it visually 

distinguishable from the rest of the image, as shown in Figure 4.9. 
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Optimised face

SURF Pattern

SURF descriptors
 

Figure 4.9  Optimised face, SURF pattern and SURF descriptors  

 

4.5.4.4 Overall Analysis 

 

The HOG features show a range of values, indicating more variability in the features 

extracted. The HOG features are relatively consistent across rows, which suggests 

stability in the extracted features. The values in the SIFT key points figure seem to be 

primarily constant (-153.8688) for all the rows. There is some variation in a few 

columns, but the values are relatively small compared to the other methods. The SURF 

figure also displays some variation in the feature values, but not as much as the HOG 

features. The last two columns have a moderate range of values but are not as diverse as 

the HOG descriptors. 

 

Based on the analysis of the results presented, the reason behind the selection of HOG 

features over SIFT and SURF is the higher variability and diversity in the extracted 

features. The HOG features show a more comprehensive range of values and more 

consistent descriptors than SIFT and SURF. This represents that HOG may capture 

more distinctive and discriminative information from the images, making it potentially 

more suitable for tasks that require robust feature representation, such as object 

recognition or image classification. 

 

4.6 Machine Learning Algorithms 

Machine Learning techniques are divided mainly into the following 4 categories: 

• Supervised Learning 

• Semi-supervised Learning 



Chapter 4 

74 

• Unsupervised Learning 

• Reinforcement Learning 

This chapter presents two learning methods supervised and semi-supervised learning.  

 

4.6.1 Supervised Learning 

 

Learning any function that transforms an input into such an output using instances of 

input-output pairs is referred to as reinforcement methods in supervised learning.  It 

builds a functional from a labelled collection of training samples.  There are two parts to 

the examples in supervised learning: the intended output value and the input object (also 

called the supervisory signal).  It is possible to apply a supervised learning algorithm to 

new scenarios by analysing the training data [115].  In the best-case scenario, the 

algorithm would be able to identify the classifiers for unseen cases correctly.  A 

"reasonably broad" generalization to unknown situations from the training data is thus 

required.  Algorithms are judged on their statistical quality using the so-called 

generalization error. 

 

Supervised Learning approaches are divided into two categories. 

• Regression  

• Classification 

 

Regression: Regression aims to improve the co-relation among the training class 

objects by putting the most relevant identities altogether.  Hypothetically, the value of 

regression lines between {-1,1}, but on the practical side, it lies between {0,1}, 1 stand 

for the highest correlation, and 0 stands for no correlation.  Both the scenarios are 

completely hypothetical, and any training engine aims to reach a value closer to 1.  In 

the case of the proposed work, three regression values have been evaluated, namely 

regression for training, regression for validation, and regression for testing.  The overall 

regression has been calculated by taking the absolute mean of all the evaluated 

regressions [116].  

 

Classification: The classification refers to identifying the class object against its 

supplied ground truth value.  The classification engine must contain a trained repository 

that has to be mapped against the test data to perform the classification.  For example, in 
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the case of the proposed work scenario, the heart rate is the classified object and is 

mapped against magnified face features.  

Both the training and classification architecture are required in both kinds of learning, 

whether supervised or semi-supervised.  To use supervised learning to solve a given 

issue, the stages listed below must be completed: 

• Determine the training examples to be utilised.  Before moving on to the next 

phase, a user must first decide what kind of training data will utilize.  There are 

many ways to express yourself through handwriting, from the simplest of letters 

to the most complex of phrases and paragraphs. 

• Put together a teaching set of tools.  If feasible, the training set must mirror how 

the function will be utilised in the real world.  The input and output elements are 

collected either by human specialists or by using measures to get the data. 

• There must be a means to communicate one's thoughts on the learned function's 

input characteristic.  The input item's representation strongly influences the 

trained function's accuracy.  It is feature vectors created by transforming an 

object's features, which would be made up of several qualities that describe the 

item.  To avoid the curse of dimensionality, the selection of attributes should not 

be excessive; yet there should be enough information in each attribute to forecast 

the outcome accurately.  

• Learner function design and a proper learning strategy must be defined before 

the training can begin.  A support vector machine or a decision tree, for 

example, might be used by the engineer. 

• Finally, put the final touches on the design.  Make use of the gathered data to 

train the algorithm.  Specific control parameters need to be set for several 

supervised learning techniques.  An element of the practice set (known as the 

validation set) may improve performance on these parameters, or cross-

validation can be used. 

• Observe how well the newly acquired function performs in practice.  Finally, the 

final product must be tested on a set of data that is distinct from the training 

set[117]. 

 

4.6.2 Semi-Supervised Learning 

 

Unlabelled and labelled data are used in conjunction to train an algorithm to learn about 

a certain subject.  Two forms of learning are supervised and unsupervised (utilizing just 
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labelled datasets for training).  Unlabelled data may be greatly enhanced when coupled 

with a small amount of tagged data.  Obtain labelled data for a learning assignment 

often requires a human agent (for example, an audio clip could need to be transcribed 

manual), or physical experiments may be required (for example, to determine the 3D 

structure of a protein or to determine if there is oil in a particular location).  As a result, 

labelling a huge training time set may be prohibitively costly, but gathering 

unsupervised learning is fairly affordable.  It is possible that semi-supervised learning 

might be highly advantageous in some instances.  Concerning both human and machine 

learning, semi-supervised learning is a popular approach [118]. 

 

A set of l  Independently identically dispersed samples  1,..., lx x X  with matching 

labels 1,..., ly y Y  are processed and u unlabelled examples 1,...,l l ux x X+ +  .  It is 

possible to improve classification performance by combining semi-supervised learning 

with unsupervised learning by eliminating the unlabelled data and executing supervised 

learning.  Transductive or inductive learning are both examples of semi-supervised 

learning.  The goal of transductive learning seems to be to predict the labelling of data 

that has not been labelled 1,...,l l ux x+ +  alone.  The goal of inductive learning is to arrive 

at the correct mappings X to Y. 

 

Labelled data serves as multiple-choice questions in a learning problem that the 

instructor answers again for the class as a preparation for addressing another set of 

questions later on in the semester.  Those issues that have not been answered serve as 

test questions in the transductive environment.  As practice problems for the kind of 

questions on the test, they are used in an inductive environment.  It is not necessary to 

classify a whole data set based on inferences drawn from the data to achieve 

transductive learning; yet, it is not uncommon in practical to utilize methods designed 

either transducer or duction in the same situation. 

 

 

4.7 Ablation study 

 

In the context of machine learning “ablation study” has been adopted to describe a 

procedure where certain parts of the network are removed, in order to gain a better 

understanding of the network’s behaviour [119] 
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In order to validate the proposed optimization using Artificial Bee Colony, two 

additional Swarm based algorithms have been also applied. The first algorithm is firefly 

algorithm, and second algorithm is Particle Swarm Optimization (PSO) algorithm. Both 

algorithms have significant capabilities to select and reject the pixel value or replace the 

pixel value based on the lower and upper bound threshold that are decided by the 

algorithmic architecture.  

 

The collective behaviour of decentralised, self-organized systems, whether natural or 

artificial, is called Swarm Intelligence (SI).  The notion is used in artificial intelligence 

research.  SI systems are often made up of a population of simple agents or boids that 

interact with one another and their surroundings on a local level.  Nature, particularly 

biological systems, is a frequent source of inspiration. Although there is no centralised 

control structure prescribing how individual agents should behave, local and, to some 

extent, random interactions between such agents create "intelligent" global behaviour, 

which is unknown to the individual agents [120].  Ant colonies, bee colonies, bird 

flocking, hawk hunting, animal herding, bacterial growth, fish schooling, and microbial 

intelligence are examples of swarm intelligence in natural systems. Swarm robotics is 

the application of swarm concepts to robots, whereas swarm intelligence refers to a 

broader collection of algorithms.  In the area of forecasting difficulties, swarm 

prediction has been applied.  In synthetic collective intelligence, genetically engineered 

organisms are being studied for techniques similar to those suggested for swarm robots. 

 

Techniques based on swarm intelligence may be applied in a variety of situations.  The 

US military is looking at swarm management systems for unmanned vehicles [121].  An 

orbital swarm for self-assembly and interferometry is being considered by the European 

Space Agency [122]. NASA is looking at using swarm technology to map all the planets 

[123].  Al-Rifaie and Aber, on the other hand, employed a stochastic diffusion search to 

find tumours [124, 125].  Data mining and cluster analysis have also used swarm 

intelligence.  Modern management theory also includes ant-based models. 

 

This research considered Artificial Bee Colony (ABC) due to its ability to adjust the 

judgment value based on the onlooker bee selection threshold and architecture.  The 

ordinal measures of ABC are provided in the next section. 
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4.7.1 Artificial Bee Colony 

 

The ABC algorithm is a meta-heuristic approach introduced for solving real-valued 

complex optimization problems [126]. The ABC algorithm consists of three phases: 

employee bees, onlooker bees and scout bees phase. The task of employee bees is to 

find a better food source by sharing the information with the neighbours of the present 

food source [127].  

 

In this research, ABC algorithm uses the pixel distribution as the primary factor of the 

employed bee, and hence the proposed ABC algorithm is named Pixel Distributed-ABC 

(PD-ABC).  It utilizes the multi-hive concept [128] and keeps two bees on the list, 

namely the Employed bee and the Onlooker Bee.  The Scout Bee is not considered in 

the proposed algorithm as each pixel is evaluated only once in the distribution.  It 

sounds unfair to provide each pixel with just one chance to prove itself worthy of being 

a part of the selected pixel [116].  Hence the PD-ABC uses a multi-hive concept in 

which each employed bee will be placed with multiple hive-group bees so that for each 

flight taken by one bee, it gets a reward score of .10 points.  A total of 10 Levy flights 

have been applied to process one employed bee.  Maximum 1 point and minimum 0 

points can be awarded to one employed bee as a sum of all flight rewards.   

 

To implement ABC algorithm the following algorithm steps have been implemented 

using MATLAB. 

1. Algorithm Apply ABC 

2.  Inputs:PD  Output:SPD, where PD is the pixel distribution, and SPD is the 

selected pixel distribution.   

3.  for i in PD  

4.  Eb=i; 

5.  Sp=R.sample(PD) // Select a random sample space by 70% distribution law 

6.  hv=kmean(Sp,3) // create hv as three hives from the sample space 

7.  Ei=Find(hv.Eb.index) // Employed bee index, extract from hive indexes  

8.  Initiate Reward=0 // Initiate reward for Levy flights  

9.  for j=1:10 // create 10 Levy flights  

10.  Create Ob_j // Create Onlooker bee for jth flight  
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11.  Create Ei_j // Place employed bee into random groups and create employed bee 

group for jth flight  

12.  fx=bee_fitness (Obj,Eij) // Pass to bee fitness  

13.  If fx==1 

14.  Reward=Reward+.10  

15.  Else  

16.  Reward=Reward+0 

17.  End If  

18.  End for_j 

19.  If reward≥ .50 

20.  Accept bit value as forehead  

21.  Append to SPD 

22.  Else 

23.  Do nothing  

24.  End If 

25.  End for_i 

 

4.7.2 Firefly Algorithm 

 

The firefly algorithm is a metaheuristic optimization algorithm based on the flashing 

behaviour of fireflies. This algorithm is suitable for solving complex optimization 

problems that require a large search space. The algorithm works by simulating the 

flashing behaviour of fireflies to find the optimal solution. Below is the detailed 

description of the firefly algorithm and Figure 4.10 shows application of firefly 

algorithm in MATLAB. 

 

Figure 4.10  Application of firefly algorithm in MATLAB 
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Initialization: In this step, a swarm of fireflies is randomly initialized in the search 

space. Each firefly is represented by a position vector in the search space. 

Objective Function: An objective function is defined to evaluate the fitness of each 

firefly based on its position in the search space. 

Attraction and Repulsion: Fireflies are attracted to each other based on their brightness. 

The brightness of a firefly is determined by its fitness. Fireflies that are brighter (i.e., 

have a higher fitness) attract other fireflies towards them. Fireflies that are less bright 

(i.e., have a lower fitness) are repelled by other fireflies. 

Movement: In this step, each firefly moves towards other fireflies that are brighter than 

itself. The movement of each firefly is determined by the following equation: 

 

𝑋𝑖(𝑡+1) =  𝑋𝑖(𝑡) +  𝑏𝑒𝑡𝑎 ∗  (𝑋𝑗(𝑡) −  𝑋𝑖(𝑡)) +  𝑎𝑙𝑝ℎ𝑎 ∗  𝑒𝑖 (4.3) 

 

where 𝑋𝑖(𝑡) is the position vector of the ith firefly at time t, 𝑋𝑗(𝑡) is the position vector of 

the jth firefly at time t, beta is the attraction coefficient, alpha is the randomness 

coefficient, and 𝑒𝑖 is a random vector. 

Brightness Update: After each firefly moves, its brightness (i.e., fitness) is re-evaluated 

based on its new position in the search space. 

Termination: The algorithm terminates when a predefined stopping criterion is met. 

This criterion can be a maximum number of iterations, a minimum fitness value, or a 

maximum computation time. 

 

 

4.7.3 Particle Swarm Optimization Algorithm 

 

The PSO algorithm is a population-based optimization algorithm inspired by the social 

behaviour of birds flocking or fish schooling. In this algorithm, a swarm of particles 

moves around the search space to find the optimal solution. Below is the detailed 

description of the PSO Algorithm. Figure 4.11shows the application of PSO algorithm 

in MATLAB. 
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Figure 4.11  Application of PSO algorithm in MATLAB 

 

Initialization: In this step, a swarm of particles is randomly initialized in the search 

space. Each particle is represented by a position vector in the search space and a 

velocity vector. 

Objective Function: An objective function is defined to evaluate the fitness of each 

particle based on its position in the search space. 

Update Velocity: In this step, the velocity of each particle is updated based on its 

current position and its best position (i.e., the position that has the highest fitness value) 

and the best position of the entire swarm (i.e., the position with the highest fitness value 

among all particles in the swarm).  

Update Position: In this step, the position of each particle is updated based on its 

velocity. The update equation for the position of the ith particle. 

 

 

4.7.4 Implementation Details of PSO and Firefly algorithm 

 

The proposed work has implemented both the PSO algorithm and the firefly algorithm 

along with proposed ABC algorithm using optimization system toolbox that is 

supported in MATLAB. Once the mask of the image is updated by all the three 

algorithms, the proposed work validates them by fitting them into a two-class segment 

viz. {1, 2}. The target is to divide the optimized data into two segments for higher value 

and lower value pixel. The segregated data is passed to Support Vector Machine (SVM) 

for model fitting and a supervised classification is applied. Same SVM is used for all 

cases with linear kernel.  
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To implement PSO and Firefly, the following algorithm steps have been implemented 

using MATLAB. 

 

Particle Swarm Optimization (PSO): 

 

1. Initialize the particle swarm: 

a. Generate a random population of particles. 

b. Each particle represents a point in the image. 

c. Initialize the velocity and position of each particle. 

2. Evaluate the fitness: 

a. Define a fitness function for the PSO based on classification accuracy 

using the labelled training set. 

3. Main loop: 

i. Repeat the following steps until reaching the maximum number of 

iterations: 

ii. Update the velocity of each particle using the PSO update equation. 

iii. Update the position of each particle based on its velocity. 

iv. Evaluate the fitness of each particle after the movement. 

v. Update the best position for each particle. 

vi. Update the global best position based on the best fitness value. 

4. Select the valid points: 

a. Extract the points corresponding to the global best position as the 

selected valid points from the image. 

5. Return the selected valid points. 

 

Firefly : 

 

1. Initialize the firefly population: 

a. Generate a random population of fireflies. 

b. Each firefly represents a point in the image. 

2. Evaluate the fitness: 

a. Define a fitness function for the Firefly Algorithm based on 

classification accuracy using the labelled training set. 

3. Main loop: 

i. Repeat the following steps until reaching the maximum number of 

iterations: 

ii. Calculate the attractiveness between fireflies based on their fitness values 

and distances. 

iii. Move the fireflies towards brighter fireflies with higher attractiveness. 

iv. Evaluate the fitness of each firefly after the movement 

v. Update the best position based on the best fitness value 

4. Select the valid points: 

a. Extract the points corresponding to the best position as the selected valid 

points from the image 

5. Return the selected valid points 
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In both the cases, the initial population is total number of pixel values in one data frame. 

The fitness function for both the algorithm and total number of independent runs is 

defined in the Table 4.3.  
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Table 4.3 Parameters of ABC, PSO and Firefly 

Parameter ABC PSO Firefly 

Number of 

Independent 

runs 

1000 1000 1000 

Objective 

Function  

Argmax(Classification Accuracy) Argmax(Classification 

Accuracy) 

Argmax(Classification Accuracy) 

Fitness 

Function  

Fitness ABC 𝑓𝑥 = 1  

𝑖𝑓 𝐸𝑏. 𝑐𝑟. 𝑐𝑔 > 𝐸𝑏. 𝑐𝑟. 𝑚𝑔  

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

If Ii   >  MI 1
𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 0

 

where, Ii is the current 

pixel and MI is the mean 

pixel value of the 

considered image frame 

segment  

𝐼𝑓 𝐴𝐼𝑖 >
∑ 𝐴𝐼𝑗

𝑚
𝑗=1

𝑚
   1

𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒       0

 

where, AI represents the attraction index, i be 

the current pixel of the considered segment of 

frame and m be the total number of pixels in the 

frame  
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Based on the classified samples, the fitting accuracy or prediction accuracy is calculated 

for a maximum of 1000 independent runs for all the samples that has been utilized in 

the results shown in Table 4.4 for each algorithm is based on average performance of 

the population.  

 

Table 4.4  Fitting accuracy of ABC, firefly and PSO 

 

 

 

 

 

 

 

 

Based on the given results, the proposed ABC algorithm outperformed the Firefly and PSO 

algorithms in terms of fitting accuracy. The proposed ABC algorithm achieved a fitting 

accuracy of 91.37556, while the Firefly algorithm achieved a fitting accuracy of 86.75655 and 

the PSO algorithm achieved a fitting accuracy of 86.48802. 

The improvement of the proposed algorithm over other algorithm is calculated using the 

following formula: 

 

 Improvement = ((ABC - Other) / Other) × 100% (4.4) 

 

where ABC is the fitting accuracy of the proposed ABC algorithm and other is the fitting 

accuracy of two algorithms (Firefly or PSO). 

 

For the improvement over Firefly algorithm: 

Improvement = ((91.37556 - 86.75655) / 86.75655) × 100% Improvement = 5.32% 

Therefore, the proposed ABC algorithm showed a 5.32% improvement over the Firefly 

algorithm in terms of fitting accuracy. 

Number of 

Simulations 

Fitting accuracy 

ABC 

Fitting accuracy 

Firefly 

Fitting accuracy 

PSO 

100 92.11813 91.79980 89.34890 

200 90.13851 89.16719 81.90393 

300 92.08448 88.91349 82.58226 

400 90.10333 85.71589 86.28775 

500 92.29655 84.34455 90.42782 

600 91.46929 87.01343 85.00616 

700 92.12809 84.58122 89.36784 

800 92.03910 85.48812 90.41299 

900 90.35699 85.37335 80.75955 

1000 91.02115 85.16847 88.78303 
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For the improvement over PSO algorithm: 

Improvement = ((91.37556 - 86.48802) / 86.48802) × 100% Improvement = 5.62% 

Therefore, the proposed ABC algorithm showed a 5.62% improvement over the PSO algorithm 

in terms of fitting accuracy. 

 

 

4.8 Summary and Contribution of the Chapter 

 

This chapter presents the data collection process for pilot and main study for the 

research presented in this thesis, also gives the detailed information of equipment and 

set up used for data collection. Chapter shows the study of different algorithms and 

methods for ground truth generation, feature extraction and ablation study shows that 

why hold out methods was suitable for this research.  

The contribution of this chapter was to select the equipment and setting of camera 

which helps for decision of the procedure and methodology for video/image processing. 
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Chapter 5  

Selection of Region of Interest and Optimization 

 

This chapter covers the face detection, selection of a region of interest and video 

magnification techniques applied to the obtained forehead area acquired from the 

recorded video for this research. First, face detection methods are defined.  The 

characteristics described before the other significant aspects involved in selecting the 

Region of Interest (ROI) – the video magnification and optimization using Artificial 

Bee Colony (ABC) – are outlined. 

 

The theoretical principles underlying the optimization used in the proposed algorithm 

for this research are then described, including the morphological operation on images, 

polygon to region mask conversion, swarm intelligence and pixel distribution ABC. 

 

 

5.1 Introduction 

 

The proposed architecture explanation is divided into two parts, first part explained in 

this chapter, from upload the input video till the optimization of selected area.  Chapter 

6 will cover the training and classification using neural network.  The Figure 5.1 shows 

the complete structure of proposed work. 
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Video Magnification 

and Optimization 
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Interest 
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Optimized 

frames
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Figure 5.1 Block diagram of proposed work  

 

MATLAB 2020 has been utilised to process the generated video, using the video reader 

libraries.  Below are the steps used to select ROI and optimization.  

Step 1: The video was uploaded.  

Step 2: Frames are extracted from the video.  

Step 3: Face detection, where cascaded object detection is used for selection of 

face from the frames. From the selected face frame next step is to select the 

forehead which is done based on pixel distribution of each frame and then 

magnify using Eular magnification [129].  

 Step 4: As the video frames are more centric on the red pixel distribution, the 

histogram equalization provides the pixel distribution of the frame. 

 Step 5: Optimization of selection of forehead using Artificial Bee Colony.  

 The development flowchart of this process is shown in Figure 5.2. 
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1. Load Video

2. Extract Frames

5. Magnification 

and Optimization  

3. Detection of 

Face from 

frames

4. Forehead 

Selection (ROI)

 

 

Figure 5.2 Development flowchart of the Forehead selection process and 

optimization  

 

The video magnification architecture presented by Eulerian Magnification [76], as 

discussed in chapter 3, is applied to zoom in to the forehead section of the object.  To 

apply Eulerian Magnification, 60 videos were taken using a developed protocol 

standard setup of cameras, and videos were taken to determine the heart rate.  Due to the 

pandemic globally, it was not possible for any candidate to visit the university and 

collect the data; hence, the presented architecture is based on a specific collected and 

license-free dataset available on the internet. 

 

The purpose is to enhance the forehead segment to train the system for its most efficient 

possible classification accuracy.  To identify the forehead, the face has to be detected 

from each frame that will be processed.  The face detection process is not complicated 

in the modern world of technology.  There are several ways through which a face 

detection framework can be designed and defined [130].  Several types of detection are 

popular in algorithmic implementation designs and are generally termed the Upper 

Body Classification Model (UBCM). 
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5.2 Face Detection  

 

In step 3, shown in Figure 5.2, what needs to be performed here is detecting the face of 

the subject from the video frames under study.  Face detection is the process of 

recognizing the face, so it is essential to detect and extract the face region from the 

original image before attempting to recognise a face from it.  Other features in the 

image that aren't part of a face can make the recognition process more difficult.  Figure 

5.3 shows the steps of face recognition.   

 

 

 

Figure 5.3 Steps of Face recognition [131] 

 

Some of the face detection methods popularly that have been used in the existing time 

are as follows [132]: 

 

5.2.1 Appearance-Based Face Detection 

 

The appearance-based technique uses a collection of delegate training face photos to 

find face models. Other methods of performance are inferior to the appearance-based 

approach. To uncover the significant aspects of face photos, appearance-based methods 

depend on statistical analysis and machine learning approaches [133].  This approach is 

also utilised in facial recognition feature extraction. 

 

For face detection, the appearance-based model is further separated into sub-methods, 

which are as follows: 

• Neural Network-Based Detection 

• Distribution Based Detection 

• Eigenface Based Detection 

• Information Theoretical Approach 

• Naïve Bayes  
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5.2.1.1 Neural Network-Based Detection 

 

Neural Networks have effectively solved various detection challenges, including object 

detection, face detection, emotion detection, and face identification.  The neural 

network architecture uses a training and classification mechanism to detect any object, 

whether a face or any other thing in the list.  It is three-layer backpropagation 

architecture that includes an input layer, a hidden layer and the output layer. 

 

5.2.1.2 Distribution Based Detection 

 

The subspace representing face patterns may be defined using Principal Component 

Analysis (PCA) and Fisher's Discriminant.  A trained classifier successfully 

distinguishes the target pattern class instances from the background picture patterns. 

 

5.2.1.3 Eigenface Based Detection 

 

Eigenface is a Face Recognition technique based on PCA, and it is a way of effectively 

modelling faces [134].  PCA is applied to a set of images to lower the dimension of the 

dataset, best describing the variance of data.  In this method, a face can be modelled as a 

linear combination of eigenfaces (eigenvectors). 

 

5.2.1.4 Information Theoretical Approach 

 

Markov Random Fields (MRF) may be used for facial patterns and linked 

characteristics.  Using Kullback-Leibler divergence, the Markov process maximizes 

class discrimination.  As a result, this approach may be used to detect faces. 

 

5.2.1.5 Naïve Bayes  

 

Naïve Bayes is a classification algorithm that dignifies the separation between the class 

objects.  Naïve Bayes uses a probabilistic model modelled by the Bayesian theorem of 

randomization.  The simple classification architecture of Naïve Bayes can produce 

significant results in less computation time for a small set of data [135]. 
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5.2.2 Template Matching Based Face Detection 

 

Template matching refers to matching the detected regions based on the similarities 

between the templates of the face or if any other object is getting detected.  Even in the 

case of template matching, ROI selection is performed using bounding boxes or 

rectangular boxes.  The matching architecture can be applied over a specific colour 

pattern of the skin of the detected region.  The matching algorithm must contain a 

mapper that can map one template to another.  The template matching will involve 

patterns extracted from one template and patterns from another template that will be 

passed to the mapper.  The mapper will use a rule set to match the templates [136]  

 

5.2.3 Knowledge-Based Face Detection 

 

The knowledge-based technique relies on a set of rules and is based on human 

understanding to recognise faces.  A face, for example, must have a nose, eyes, and 

mouth that are all within particular distances and positions from one another.  The 

difficulty in constructing an acceptable set of rules is a significant drawback of these 

systems.  If the guidelines were too broad or too specific, there might be a lot of false 

positives.  This method is inadequate and unable to locate numerous faces in a large 

number of photos [137]. 

 

5.2.4 Feature-Based Face Detection  

 

It is possible to find faces using the feature-based technique by extracting structural 

information from the face.  It is trained as a classifier first, and then it is used to 

distinguish between facial and non-facial parts of the body [138].  Ultimately, the goal 

is to surpass the limitations of our instinctual awareness of faces.  This strategy is 

broken into numerous parts and includes photographs with several faces. 

 

5.2.4.1 Viola-jones Algorithm 

 

The Viola-Jones algorithm, created by Paul Viola and Michael Jones in 2001, is an 

object-recognition framework that enables the real-time identification of visual 
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properties [139].  Despite being an obsolete framework, Viola-Jones is highly effective, 

and its use in real-time face identification has proved to be particularly noteworthy.   

The Viola-Jones Algorithm used two stages: 

• Training  

• Detection 

 

Because Viola-Jones was created for frontal faces, it is better at detecting them than 

faces that are gazing sideways, upwards, or downwards.  The picture is transformed to 

grayscale before identifying a face since it is simpler to work with and there is less data 

to analyse.  The Viola-Jones method discovers the position of the coloured picture after 

detecting the face on the grayscale image [140].   

 

The Cascade Object Detector (COD) uses the Viola-Jones algorithm to detect people’s 

faces, noses, eyes, mouths, or upper body.  COD is a bounding box algorithm that helps 

in drawing ROI based on the thresholds that incorporate the region of interest to be 

worked on.  The region selection mechanism of COD is evident in the upper and lower 

sections of an image.  COD is adaptive to select the threshold.  COD sets the threshold 

based on the correlation between the pixels getting evaluated.  The proposed work 

supports a two-way classification scenario, namely with an Artificial Neural Network 

(ANN) and a Convolutional Neural Network (CNN).  In the case of CNN, the bounding 

boxes should be precise, and COD provides significant regions for CNN.  If no 

optimization is performed, even in that case, COD can bring some results to the table.  

Still, the margin of accuracy can increase with improvement and hence the proposed 

algorithm incorporates optimization.  The rest of the section discusses other algorithms 

that could have been a part of the proposed architecture.  The proposed architecture has 

been used due to more preciseness in ROI selection.   

The following Table 5.1 represents the selection comparison of detection methods to 

provide significance of selection. 
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Table 5.1 Comparison of face detection methods  

 

Algorithm 

Name/Type 

Basic 

Function 

Selection 

Method 

Number of 

Stages 
Advantages Disadvantages 

Appearance 

Based Face 

Detection 

Statistical 

analysis and 

machine 

learning are 

combined to 

find a face 

image’s 

characteristics 

Statistical 

analysis of 

regions 

Count: 1 

Iterative 

correlation 

analysis 

The 

computational 

time for 

learning is 

less 

Illumination 

condition 

Template 

Matching 

Images are 

compared to 

standard face 

patterns that 

have been 

previously 

stored. 

Extracts 

patterns 

from 

divided 

regions 

termed 

templates 

Count: 2 

Pattern 

Extraction 

and 

Mapping 

Easy to 

implement, 

Demonstrate 

good 

performance 

in tracking 

non-rigid 

features 

These 

methods do 

not address 

variations in 

pose, scale 

and shape. 

Knowledge-

Based 

A face is 

determined 

based on 

whether it 

meets a set of 

rules made by 

a human. 

Works on 

rule mining 

architecture.  

It is 

complex for 

significant 

patterns. 

Count: 2 

Rule 

generation 

and rule 

mining 

Reduce 

computational 

complexity 

The problem 

with this 

method is to 

build an 

appropriate 

set of rules. 

Feature-

based 

Viola-jones 

Detection 

done using 

features such 

as a person’s 

nose or eyes 

are used to 

detect a face 

Works on 

prior 

training of 

data types 

are supplied 

to identify 

objects/faces 

Count: 2 

Training and 

Detection 

Detect fast; 

less data 

needed for 

training 

Training time 

is slow, 

effective for a 

frontal view  

 

 

5.3 Implementation of Cascaded Object Detection  

 

The work has been implemented on the MATLAB simulation tool, which contains the 

image processing toolbox that provides the accessibility to alter and modify videos and 

images.  For example, five different binarization methods, including Canny detectors, 

are integrated into the image processing toolbox.  Specifically for visualising videos and 

frames, the vision system toolbox is integrated into MATLAB.  As discussed earlier, 
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ROI has to be detected to extract the exact face to detect a face.  To be precise, 

bounding boxes have always been the first choice for developers on ROI.  COD 

provides relevance among the bounding boxes based on the extracted contrast of the 

image.  Being recursive, it performs the bounding box creation and adaptation multiple 

times to draw the exact ROI that provides a significant improvement compared to other 

types of face detection architectures [141].   

 

The implementation of the face detection architecture has been oriented in MATLAB 

using the vision system toolbox and the image processing toolbox.  The vision system 

toolbox contains the object architecture “vision”, which contains the information on the 

pixel distribution of the image. 

 

The proposed algorithm uses COD due to its accurate positioning of the face pixels.  As 

shown in Figure 5.4, the COD method crops the outer segments and selects the inner 

segments for the processing.  To implement it on code, a vision system toolbox 

incorporates the COD implementation module.  The object detector is initially supplied 

with null minimum and maximum null values using the Frontal-Face CART algorithm.  

The reason behind the usage of frontal face cart is due to the type of video that has been 

supplied as an input, which has upper body architecture rather than having full body 

architecture.  The scaling factor of COD is supplied to be 1.1000, which is also the by 

default value vision system toolbox.  As the COD applied here uses the Viola-Jones 

algorithm, the toolbox does not require the enabling of ROI selection.  The video frame 

is passed after resizing the frame that fits COD.  The maximum and minimum bit size 

for all frames is 256-bit units.   
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Figure 5.4 Face detection using COD 

 

The face detection process implements frontal cart processing.  The ordinal measure is 

listed in Table 5.2. 

 

Table 5.2 Detection measures 

 

Classification Model Frontal Face CART 

Min Size [0] 

Max Size [255] 

Scale Factor 1.1000 

Merge Threshold 4 

Use ROI false 

 

To improve the contrast of the detected face image, Histogram Equalization (HE) has 

been used.  Red pixel components have been extracted to perform HE. 
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5.3.1 Histogram Equalization  

 

Histogram Equalization (HE) is a standard method for improving picture contrast.  It is 

the most often used approach because of its simplicity and comparably greater 

performance on photos.  HE operates by remapping the image's grey levels according to 

the probability distribution of the input grey levels.  Many studies have been conducted 

on histogram equalisation, and several approaches have been presented [106]. 

 

Contrast enhancement is a critical image processing component for both human and 

machine vision.  It's frequently utilised in medical image processing, voice recognition, 

texture synthesis, and a variety of other images/video processing applications [142]. 

 

Some of these approaches rely on basic linear/non-linear grey level transformation 

functions.  In contrast, others rely on thoroughly examining various picture properties, 

including edge, related component information, etc. 

 

5.3.1.1 Implementation steps for Histogram Equalization   

 

The following steps and process designs have been used to perform histogram 

equalization.  From the extracted histogram values of the detected face, a face mask is 

created containing only the red components of the frame, as shown in Figure 5.5 

represents the histogram of the entire frame shown in Figure 5.6.  The proposed 

architecture uses bin packing with 256-bit pattern packing that traces the locations of 

the packing.  The packing is created using a distribution model either using Gaussian 

distribution or Lagrange distribution.  Bin oriented histogram creation represents several 

bins through bar representation.  The height of the bar represents the total number of 

detected or capitalized bins in the distribution. 
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Figure 5.5 Face mask using red components and histogram of face mask 

 

 

 

Figure 5.6 Histogram for the entire frame 

 

The following steps have been implemented to process the mask image for the forehead 

selection.  As proved in previous research, the selection of the forehead as ROI is 

performed better compared to the face area, and facial signals are stronger in the 

forehead area [143, 144]; in this research, the forehead is selected for HR estimation. 

 

5.3.2 Morphological Operations on Images 

 

Morphological image processing is a set of non-linear processes that deal with the form 

or morphology of picture features.  Morphological procedures are well suited to the 

processing of binary pictures since they depend only on the relative ordering of pixel 
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values rather than their numerical values.  Greyscale images may also be subjected to 

morphological treatments in which the light transfer functions are unknown, and the 

absolute pixel values are of little or minor importance [145].  Morphological approaches 

use a tiny form or pattern called a structuring element to explore a picture.  The 

structuring element is placed in all available positions in the image and compared to the 

pixels in its immediate vicinity.  Some operations determine if the element "fits" into 

the neighbourhood, while others decide whether or not it "hits" or intersects it.   

Only if the test is successful at that position in the input picture does a morphological 

operation on a binary image result in a new binary image with a non-zero value for the 

pixel. 

 

A little binary picture, i.e.  a small matrix of pixels, each with a value of zero or one, 

serves as the structural element. 

• The matrix dimensions determine the size of the structuring element. 

• The arrangement of ones and zeros determines the form of the structuring 

element. 

• The structuring element's origin usually is one of its pixels; however, it may 

sometimes be outside the structuring element. 

 

The origin of the structuring matrix is usually specified as the centre of the matrix, 

which is a typical practice.  Structuring components, like convolution kernels in linear 

image filtering, have a role in morphological image processing. 

 

Each pixel of a structuring element is linked with the equivalent pixel of the 

neighbourhood beneath the structuring element when it is inserted into a binary picture.  

If each of the structuring element's pixels is set to one, the corresponding picture pixel is 

likewise one, and the structuring element is said to fit the image.  A structuring element 

is said to touch, or intersect, an image if at least one of its pixels set to 1 corresponds to 

a matching picture pixel.  The structuring element's zero-valued pixels are disregarded, 

indicating locations where the accompanying picture value is unnecessary. 

 

5.3.2.1 Image Dilation 

 

Dilation is the process of adding pixels to the edges of objects in a picture, while 

erosion removes pixels from the limits of things.  Depending on the size and form of the 
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structuring element used to process the picture, the number of pixels added or deleted 

from the objects in an image varies.   

 

In mathematical morphology, dilation is one of two fundamental operators, the other 

being erosion [146].  It's most often used on binary pictures, although there are 

grayscale variants.  The operator's fundamental impact on a binary image is to 

progressively extend the borders of foreground pixels areas (i.e.  white pixels, 

typically).  As a result, foreground pixel areas expand in size while gaps within those 

regions shrink. 

 

Concerning the morphological dilation and erosion procedures, the state of each given 

pixel in the output image is determined by applying a rule to the respective input image 

pixel and its neighbours to determine the state of any given pixel in the output picture.  

The procedure is classified as a dilation according to the rule that was employed to 

process the pixels.  The rule mentions are as below: 

• The most significant value of all pixels in the vicinity is the value of the output 

pixel.  A pixel in a binary picture is set to 1 if any of its neighbours contain the 

value 1. 

• Morphological dilatation increases the visibility of things and fills in tiny gaps.  

Fill forms seem more significant, and lines appear thicker. 

 

Two bits of data are sent into the dilation operator.  The picture that will be dilated is 

the first.  The second is a structural element, a (typically tiny) group of coordinate 

points (also known as a kernel).  This structural element determines the dilation's exact 

impact on the input picture. 

 

Assume X is the set of Euclidean coordinates for pixels of  input binary image, and K is 

the set of coordinates for the structuring element. 

 

Let Kx stand for K's translation with its origin at x. 

 

The set of all points x such that the intersection of Kx with X is non-empty is then the 

dilation of X by K. 
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Except for how the set of coordinates associated with the input picture is formed, the 

mathematical description of grayscale dilation is similar.  Furthermore, these 

coordinates are three-dimensional rather than two-dimensional. 

 

Consider the case of binary dilation, where the structural element is a 3×3 square with 

the origin in the middle, as shown in Figure 5.7.  Foreground pixels are represented by 

1’s in this and the following diagrams.  In contrast, background pixels are represented 

by 0’s. 

 

 

 

Figure 5.7 3×3 Square structuring element 

 

Set of coordinate points = {(-1, -1), (0, -1), (1, -1), (-1, 0), (0, 0), (1, 0), (-1, 1), (0, 1), 

(1, 1)} 

 

The research analysed each of the background pixels in the input picture, in turn, to 

calculate the dilation of a binary input image by this structuring element and 

superimpose the structuring element on top of the input picture for each background 

pixel (which we'll refer to as the input pixel) such that the structuring element's origin 

aligns with the input pixel location.  The input pixel is set to the foreground value if at 

least one pixel in the structuring element corresponds to a foreground pixel in the 

picture below.  The input pixel is left at the background value if all of the associated 

pixels in the image are background. 

 

This action has the effect of setting the foreground colour of all background pixels with 

a nearby foreground pixel in the example 3×3 structuring element (assuming 8-

connectedness).  Because such pixels must be found at the margins of white zones, the 

result is that foreground regions expand (and holes inside a region shrink). 
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Dilation is the inverse of erosion, i.e. dilation of foreground pixels equals erosion of 

background pixels. 

 

Most implementations of this operator assume a binary input picture, with foreground 

pixels set to pixel value 255 and background pixels set to pixel value 0.  Using 

thresholding, such a picture may frequently be created from a grayscale image.  It's 

critical to double-check that the input image's polarity is adjusted appropriately for the 

dilation implementation in use. 

 

The structuring element may need to be given as a small binary image or in a particular 

matrix format.  It may be hardwired into the implementation and not need to be 

specified.  In this situation, a 3×3 square structural element is often considered, 

resulting in the expansion as mentioned earlier effect.  Figure 5.8 depicts the impact of a 

dilation employing this structural element on a binary picture. 

 

 

 

Figure 5.8 Effect of dilation   

 

Although the 3×3 square is perhaps the most popular structural element used in dilation 

procedures, others may be employed.  A more significant structuring element generates 

a more intense dilation effect, while repeated dilations with smaller but similarly shaped 

structuring elements may normally yield comparable results.  It is typical to utilise a 

roughly disk-shaped structuring element rather than a square one with more significant 

structuring parts. 

 

Two dilation passes to create this picture, using a disk-shaped structuring element with 

an 11-pixel radius, shown in Figure 5.9.  It's worth noting that the corners have been 

rounded.  Convex borders will become rounded when a disk-shaped structural element 

is dilated, but concave boundaries remain unchanged. 
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Figure 5.9  Binary dilation 

 

Less symmetrical structural components may be used to create directed dilations.  A 

structural element that is 10 pixels wide and 1 pixel high, for example, will only dilate 

horizontally.  A 3×3 square structuring element with the origin in the middle of the top 

row rather than the centre will dilate the bottom of an area more than the top. 

 

Grayscale dilation using a flat disk-shaped structural element brightens the picture in 

general.  Dark areas surrounded by bright regions expand in size, whereas bright regions 

bordered by dark ones decrease.  Small dark patches in photos will vanish when they 

are 'filled in' to the intensity value of the surrounding area.  Small light spots will 

enlarge and grow bigger.  The effect is most noticeable when the image's intensity 

fluctuates fast, whereas sections of more uniform intensity will remain primarily 

constant except at their borders. 

 

5.3.3 Polygon to region mask conversion  

 

Polygon to region masking refers to attaching a polygon template to the image to create 

a mask that could be supplied for processing.  Polygon to region uses binary masking, 

and the process of binarization is again dependent upon the ROI that is being selected. 

After implementing the above-defined processes, the provided frame signifies the 

forehead.  Most white pixel selection could lead to forehead selection from the upper 

side of the image, as shown in Figure 5.10.  A similar process could be applied to 

identify faces from frames. 
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Figure 5.10  Logical Operation and Image dilation (left) Polygon to Region mask 

(right) 

 

5.3.4 Implementation of Video Magnification  

 

The extracted ROI is further provided for magnification using Euler magnification.  

Each frame is passed to the magnification function designed in MATLAB to do so.  The 

ordinal measures of Eular video magnification have been provided in chapter 3 already.   

 

To perform the magnification, the extracted face frame has been first converted into 

RGB contrast, and the green and blue pixels are masked with 0 before any other action 

step has to be performed.  The masked image is passed for logical operations, including 

area opening and eccentricity calculation.  The calculated eccentricity provides 

significance to boundary boxes used for the Eular magnification concept.   

 

The proposed algorithm uses the developed magnify function that signifies the steps of 

Eular magnification.  To magnify a specific frame, repetitive minimum and maximum 

outer boundaries are calculated, and the correlation toward red pixels has been 

evaluated.  Figure 5.11 shows the results after the magnification and simulation. 
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Figure 5.11 Forehead selection and Euler magnification  

 

 

5.4 Implementation Architecture of Pixel Distribution-Artificial Bee 

Colony PD-ABC 

 

It is aimed at forehead selection using meta-heuristic and Swarm Intelligence 

techniques. ABC algorithm uses the pixel distribution as the primary factor of the 

employed bee, and hence the proposed ABC algorithm is named Pixel Distributed-ABC 

(PD-ABC).  It utilizes the multi-hive concept [128] and keeps two bees on the list, 

namely the Employed bee and the Onlooker Bee.  The Scout Bee is not considered in 

the proposed algorithm as each pixel is evaluated only once in the distribution.  It 

sounds unfair to provide each pixel with just one chance to prove itself worthy of being 

a part of the selected pixel [116].  Hence the PD-ABC uses a multi-hive concept in 

which each employed bee will be placed with multiple hive-group bees so that for each 

flight taken by one bee, it gets a reward score of .10 points.  A total of 10 Levy flights 

have been applied to process one employed bee.  Maximum 1 point and minimum 0 

points can be awarded to one employed bee as a sum of all flight rewards.  The overall 

work architecture of the proposed ABC algorithm can be understood well using Figure 

5.12. 
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Re-masked Image

Consider each bee as 

one employed bee

For each employed bee in 

region à 

Sub hives = 3,

Distribution = 70%

Choose Random Bit Map (RBm)

Based on distribution 

RBm – Bit Map (Distribution)

[Bit Index, Centroid] = K-means(RBm, 

Sub hives)

Choose Co Bee for 10 Flights 

Flight Order –           same for 

other hives}

Keep -65% bees from home hive and 

35% bees from other hive

Create Onlooker Bee

If (fx == 1)

Flight Reward = .10

Flight Reward = 0

10 Flight Complete

Count Reward 

If (Reward > 0.5) Replace it by 0
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No

No

No

Yes
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Figure 5.12 Workflow of proposed ABC algorithm 

 

There are three stages of the proposed ABC algorithm.  Each stage has its set of 

significance to provide a reward to the employed bee.  The proposed algorithm 

generates a reward mechanism in the following order.   

 

For each flight, one bee will be awarded a maximum score of .10; the total reward of 1 

can be attained by one employed bee.  If the employed bee gains more than a .50 value 

as a reward out of 10 Levy flights, the pixel is considered a suitable pixel for the 

forehead.  To compose the employed bee, the pixel value of each distribution is 

considered.  To create sub hives in the bee list, k-means is applied to a population of 

70% of the total distribution.  65% of the population is from the same hive, and 35% 

distribution is taken from another hive group.  The distribution is made so that each 
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employed bee gets a chance to coordinate with other bees working on different pixel 

distributions as well.  The employed bee and the onlooker bee can be defined using 

equations (5.1) and (5.2). 

 

 𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑑𝑏𝑒𝑒 =  ∑ 𝑃𝑣𝑎𝑙𝑢𝑒𝑖
. 𝐵𝐿. 𝑜ℎ𝑏

𝑡

𝑖=1

   (5.1) 

                    

where BL is the Bee List which is ultimately the pixel distribution of the extracted 

image.  𝑃𝑣𝑎𝑙𝑢𝑒𝑖
 is the pixel value of the image, ohb is the other hive group formed by 

70-30 % distribution of the pixels, and t is the total number of pixels in the extracted 

image.  The onlooker bee is the arithmetic mean of the collected employed bees. 

 

 𝑂𝑛𝑙𝑜𝑜𝑘𝑒𝑟𝑏𝑒𝑒 = ∑ 𝐴𝑟 ( 𝐸𝑚𝑝𝑙𝑜𝑦𝑒𝑑𝑏𝑒𝑒𝑖)

10

𝑗=1

    (5.2) 

 

where Ar is the arithmetic progression calculated by Euclidian distance14F1 5F

18  and j 

represents levy flight.  

 

The onlooker bee forms the bee food for 10 levy flights, and hence the iterative value of 

j starts from 1 and ends at 10.  The fitness function of the proposed PD-ABC is 

expressed by equation (5.3) 

 

 
𝐹𝑖𝑡𝑛𝑒𝑠𝑠 𝐴𝐵𝐶 𝑓𝑥 = 1 

𝑖𝑓 𝐸𝑏. 𝑐𝑟. 𝑐𝑔 > 𝐸𝑏. 𝑐𝑟. 𝑚𝑔 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
(5.3) 

 

where Eb is the employed bee, cr is the co-relation, mg is the primary 

group/homegroup, and cg is the current group.  The ABC algorithm decides the keeping 

threshold based on the evaluated co-relation among the group members and the co-

relation of the bees with their centroid of the significant group that belongs to the 

employed bee. 

 

 

 

18 The Euclidean distance is the straight-line distance between two pixels.  The city block distance metric 

measures the path between the pixels based on a 4-connected neighbourhood. 
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The ABC algorithm can be expressed as follows: 

 

26. Algorithm Apply ABC 

27.  Inputs:PD  Output:SPD, where PD is the pixel distribution, and SPD is the 

selected pixel distribution.   

28.  for i in PD  

29.  Eb=i; 

30.  Sp=R.sample(PD) // Select a random sample space by 70% distribution law 

31.  hv=kmean(Sp,3) // create hv as three hives from the sample space 

32.  Ei=Find(hv.Eb.index) // Employed bee index, extract from hive indexes  

33.  Initiate Reward=0 // Initiate reward for Levy flights  

34.  for j=1:10 // create 10 Levy flights  

35.  Create Ob_j // Create Onlooker bee for jth flight  

36.  Create Ei_j // Place employed bee into random groups and create employed bee 

group for jth flight  

37.  fx=bee_fitness (Obj,Eij) // Pass to bee fitness  

38.  If fx==1 

39.  Reward=Reward+.10  

40.  Else  

41.  Reward=Reward+0 

42.  End If  

43.  End for_j 

44.  If reward≥ .50 

45.  Accept bit value as forehead  

46.  Append to SPD 

47.  Else 

48.  Do nothing  

49.  End If 

50.  End for_i 

 

Appendix C shows the results frames of input video, selection of face frames, forehead 

selection and frames after optimization, followed by the simulation panel in MATLAB. 

Table 5-3 shows the results of ABC, where first row represents the Considered Pixels 

indexes from forehead and data values against collected pixels are shown in following 
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columns and at the end it represents the group order. Figure 5.13 shows the normal 

pattern before ABC and Figure 5.14 shows updated pattern after ABC. 
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Table 5.3  Results of ABC 

Considered 

Pixels indexes 

from forehead 

70 42 98 42 27 7 10 20 81 34 68 59 28 55 

Data Values 

against 

collected 

Pixels. 

161 183 180 183 189 127 165 204 181 192 153 141 189 137 

181 187 191 187 179 0 0 104 188 187 187 188 184 192 

40 125 128 125 193 217 219 199 93 164 162 165 190 237 

181 187 191 187 179 0 0 104 188 187 187 188 184 192 

182 159 170 159 0 0 0 0 178 91 182 185 0 187 

172 0 160 0 0 0 0 0 165 0 174 165 0 157 

118 77 99 77 129 194 206 197 82 87 116 132 121 108 

184 181 170 181 124 0 0 0 181 169 183 187 141 188 

173 194 188 194 190 114 147 199 189 196 170 166 189 167 

193 197 202 197 199 0 88 175 206 199 198 208 199 205 

Group Order  2 2 2 2 1 3 3 1 2 1 2 2 1 2 
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Figure 5.13  Pattern before ABC from MATLAB 

 

The proposed ABC algorithm enhances the extracted ROI for improved feature 

extraction. As shown in figures, ABC arranges the ROI in much significant manner as 

compared to the raw data. It is clear from the figures that a pyramid of vector is created 

which contains 0 and pixel values with a much clear separation. This is due to the 

improved ABC algorithm that incorporates objective function to enhance the overall 

classification accuracy. The proposed ABC algorithm also incorporates a novel fitness 

function that ensemble co-related pixel values and discards pixel values with less 

collinearity. 

 

To implement the proposed ABC algorithm, the pixel values are divided into two 

segments multiple segments. In each Lévy flight, each considered artificial bee is paired 

with multiple other bees. The paired bees belong to the home hive and away hive in 

which home hive is the current cluster of the employed bee. As for example, the home 

hive for the current collected sample is 2 and hence the group order for the paired bee 
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mostly contains group value 2. To check the rigidness of the proposed algorithm, 30% 

population is selected from other hives as demonstrated in 3rd row.  For instance, pixel 

27 belongs to 1st hive whereas 70,42,98 etc belongs to 2nd hive. 

 

 

Figure 5.14  Pattern after ABC from MATLAB 

 

The next chapter presents the proceeding steps after the implementation of ABC.  To 

train a specific set of data, an execution pattern requires an inference engine and the 

data set itself and its related ground truth values.  Chapter 6 describes how the 

optimized data is passed through a multiclass training inference engine and how the 

classification has been performed.   

 

 

5.5 Summary and Contribution of the Chapter 

 

The chapter describes the functional architecture of the selection of the forehead and 

magnifies the ROI.  After all the studied literature and processing architectures of the 

video magnification, the proposed work architecture has identified that Euler video 
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magnification results in ample magnification that can be used for further processing.  In 

addition to that, the forehead selection is applied to utilize the histogram equalization 

method.  As the histogram equalization works on hard thresholds of selection, there is 

always a possibility of optimization.  To enhance the current state of the art of the 

selection, the proposed work has utilised Swarm Intelligence.  To be precise on the 

selection, the proposed architecture enhances the existing meta-heuristic oriented 

Artificial Bee Colony.   

A new pixel distribution-based propagation behaviour has been incorporated and 

explained in different sections of this chapter.  In addition, implementation steps and 

designs have also been presented using different workflow and other forms of pictorial 

representations. 
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Chapter 6  

Training and Classification  

 

6.1 Introduction  

 

The proposed work algorithm was earlier planned to be executed so that a bulk amount 

of data was to be processed for the training of Convolutional Neural Networks (CNN).  

CNN requires bulk amount of data against the ground truth values to extract the most 

relevant feature. For CNN any input size of image can be used, but a similar type of 

data has to be provided in bulk so that CNN can establish co-relations between the 

object frames.  Due to the global pandemic, universities were close to the student, and 

the scholars could not collect the data on their own due to a lack of standard equipment.  

With all the complications worldwide, this research was done on a limited set of 

samples.  CNN requires a bulk amount of data and hence high accuracy with CNN was 

not a sure thing to be expected.  So, the proposed work used Feed Forward Back 

Propagation Oriented Levenberg classification mechanism (FFBPNN-L), which 

requires a standard set of features to be processed against the provided set of classes or 

the ground truth value.  The proposed algorithm has utilised the Histogram of Oriented 

Gradients (HOG). 

 

The following are the two sections of this chapter: 

Section 6.2: Feature extraction using HOG. 

Section 6.3: The training and the classification using CNN and FFBPNN-L.  

 

 

6.2 Feature Extraction Presented by Histogram of Oriented 

Gradients  

 

HOG is a feature descriptor similar to the Canny Edge Detector and SIFT (Scale 

Invariant and Feature Transform). Using this approach, gradient orientations are 

counted in a specific region of the image.  SIFT and Edge Orientation Histograms are 

two equivalent approaches.  Structure or shape is the focus of the HOG description.  

When computing features, it uses both the magnitude and the angle of the gradient.  
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This makes it superior to other edge descriptors.  It creates histograms for the image's 

areas again depending on the magnitude and directions of a gradient. 

HOG has a few key characteristics that set it apart from other feature descriptors: 

• HOG may also be used to indicate the direction of the edge.  Efficiently doing 

this requires obtaining the gradient and the inclination of the edges [147]. 

• The 'localized' parts are also used to identify these orientations.  There is an 

implied division into smaller portions, each with its slopes and direction. 

 

The HOG would generate a separate Histogram for each of these subsections of the 

image.  The fact that histograms are made up of gradients and orientations of pixel 

values gives rise to the phrase "Histogram of Oriented Gradients." 

 

Pedestrian detection relies heavily on the HOG model's construction of a magnitude 

summation of gradient directions during an image region's distribution [148].  The HOG 

feature is used as a second additional feature in this investigation since the fracture 

region has striped features comparable to pedestrians.  As shown in Figure 6.1, each 

normalizing picture window is divided into four tiny geographical units known as cells 

(a).  Nine bins are used to discretize the gradient direction for each pixel in a CC pixel 

cell.  There are nine potential directions in the [0, 2] range.  Hence the gradient does 

have a real-valued magnitude since each pixel has a two-dimensional vector with 

discretized direction.  Using the nine-bin histogram values for each cell, the cumulative 

distribution of the gradient’s direction across the pixel of cells is then shown.  It is 

possible to generate 36-dimensional feature vectors for regions by combining the 

histogram data from different cells in a single image.  Another example of the sliding 

window technique is presented in Figure 6.1, with the sliding step size set to C pixels.  

There will be four image windows and a 144-dimensional HOG feature vector for the 

3C2C-pixel picture region. 
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Figure 6.1 HOG feature extraction (a) input image region; (b) four overlapping 

image windows (c) HOG features of each image window (d) extracted 

HOG feature [149].  

 

As discussed earlier in the section, the proposed algorithm utilizes HOG for feature 

extraction.  The ordinal measures of utilised HOG architecture are demonstrated in 

Figure 6.2.  

 

 

 

Figure 6.2 Utilised ordinal measure of HOG  

 

To implement HOG, the proposed algorithm utilised the MATLAB ‘vision system 

toolbox’ that facilitates the users to pack the data into multiple bins to evaluate the 

oriented histograms.  Figure 6.3 shows the HOG extracted pattern. 
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Figure 6.3 HOG extracted pattern   

 

 

6.3 Training and Classification  

 

Machine learning is a learning method that automates the acquisition of knowledge. It 

plays an important role in artificial intelligence research. Machine learning is an 

important way for computers to acquire knowledge and an important indicator of 

artificial intelligence. It is a discipline that studies how to use computers to simulate or 

realize human learning activities. It is generally believed that machine learning is a 

process of acquisition knowledge with a specific purpose. Its internal performance is a 

process of knowledge growth from unknown to known. Its external performance is the 

improvement of some performance and adaptability of the system, so that the system 

can finish the task that could not be completed or better completed [150]. 

 

Conventional machine learning is often referred to as an algorithm's ability to improve 

its ability to anticipate the outcomes of future events.  Generally, there are four 

fundamental strategies to choose from: 

• Supervised learning 

• Unsupervised learning 

• Semi-supervised learning 

• Reinforcement learning 

To assess the effectiveness of a supervised learning and a quasi-learning algorithm, it 

was constructed and verified the created and access data, and hence the suggested 

method architecture.    
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6.3.1 Convolutional Neural Network  

 

To put it another way, Deep Learning and Convolutional Neural Networks (CNNs or 

ConvNets) are the most common form of Artificial Neural Networks (ANN).  With the 

use of shared-weight convolution kernels, a filter that may be slid together with the 

input data, providing translations identical responses depending on feature maps, Shift 

Invariant/Space Invariant Convolutional Neural Networks (SIANN) were developed.  

Most convents are only rudimentary in translation, contrary to popular belief.  Image 

and video identification and recommendation systems, as also image classification and 

segmentation (for medical imaging) and natural language processing, are just some of 

its numerous applications (for brain-computer interfaces) [151, 152]. 

 

Figure 6.4 shows the CNN sequence. CNNs are regularised forms of multilayer 

perceptron’s, which are used in machine learning. Multilayer perceptron’s are 

commonly referred to as fully linked networks, which means that each neuron in one 

layer is connected to all neurons in the next layer.  This is because of their "full 

connectivity," making them more sensitive to overfitting data.  To avoid overtraining, a 

range of strategies such as penalizing training parameters (such as weight decay) and 

regularization may be achieved via reducing connectivity (skipped connections, 

dropout, etc.).  Rather than relying on a linear approach to regularization, CNN uses 

data's hierarchical structure to construct more complicated shapes from smaller ones 

that are etched into their filters. 

 

 

Figure 6.4 Convolutional Neural Network  

 

This means that CNNs are at the lower end of the scale regarding connectivity and 

complexity.  As a result of biological processes, convolutional networks were created 
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because their structure of connections resembles the animal visual brain.  A tiny portion 

of the visual field, the receptive field is where individual cortical neurons react to visual 

input.  Receptive fields in neurons may cross across, resulting in the neurons spanning 

the whole vision field [153]. 

 

With CNNs, there is a lot less pre-processing required than with conventional image 

categorization algorithms.  Filters (or kernels) are improved automatically by the 

network rather than manually, as is the case with conventional approaches.  This lack of 

dependency on past information or human interaction is a major plus when it comes to 

feature extraction. 

 

A Convolutional Neural Network (CNN) is a type of deep neural network specifically 

designed for processing and analysing grid-like data, such as images or video frames 

[154-156]. It is widely used in computer vision tasks, such as image classification, 

object detection, and image segmentation. CNNs are inspired by the human visual 

system and excel at capturing hierarchical features within images, allowing them to 

learn intricate patterns and representations from the data. 

 

A typical CNN architecture consists of several layers [157; chapter 4] each serving a 

specific purpose in the feature extraction and transformation process. The primary 

layers in a CNN include: 

 

1. Input Layer: The input layer represents the raw data that is being fed into the 

network. For images, this layer would hold the pixel values of the image. 

2. Hidden layer: The hidden layer is composed of convolutional layer, pooling 

layer and fully connected layer. 

• Convolutional Layer: Convolutional layers are the heart of CNNs. They 

apply various filters (also known as kernels) to the input data in order to 

extract different features, such as edges, textures, and more complex 

patterns. These filters slide over the input, performing element-wise 

multiplication and summation to create feature maps that highlight 

specific patterns in the data. 

• Pooling Layer: Pooling layers (such as max pooling or average pooling) 

reduce the spatial dimensions of the feature maps while retaining the 

most important information. They help in reducing computational 
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complexity, increasing the network's translation invariance, and 

promoting feature generalization. 

• Fully Connected Layer: Fully connected layers, also known as dense 

layers, are similar to those in traditional neural networks. They take 

flattened feature maps from the previous layers and process them to 

make final predictions. These layers consolidate the learned features and 

combine them to classify or label the input data. 

3. Output Layer: The output layer produces the final results of the network's 

computations. The number of neurons in this layer depends on the task, such as 

the number of classes in a classification problem. Activation functions here may 

vary based on the nature of the problem (softmax for classification, linear for 

regression). 

 

For the research presented in this thesis consists of a CNN with seven layers namely; 

input layer, convolutional layer, batch normalization layer, ReLU activation layer, Fully 

connected layer, SoftMax layer and classification/output layer.   

 

Each input has (number of inputs) × (height of inputs) × (width of inputs) × (input 

channels).  The picture is transformed into an activation map using a convolution layer, 

also known as an activation map.  An activation map is the sum of inputs multiplied by 

the feature map height divided by the width (feature map channels). 

 

Furthermore, convolutional layer is created.  A cell inside the visual cortex reacts to a 

particular stimulus in another part of the brain in a comparable way.  A convolutional 

neuron only processes information relevant to its receptive field.  The fact that neural 

networks could detect faces and categorize data is not a deterrent to using this method.  

The sheer amount of connections makes this architecture impractical for large inputs 

like high-resolution photographs.  A narrow design would require many neurons, even 

if the picture's input size is very small since each pixel represents an essential input 

feature.  Weights for each cell in the two layers of a linked layer for an image with a 

100 x 100 resolution have 10,000 weights.  While convolution reduces the number of 

design variables, it increases the network's complexity.  For example, a 5×5 tiled area 

with identical shared weights may be used with any image size and only requires 25 

parameters to be learned.  Using regularized weights over a smaller number of 

parameters might alleviate some of the problems associated with traditional neural 
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networks' backpropagation, such as vanishing and growing gradients.  On the other 

hand, convolutional neural networks are especially well-suited to grid-like data (such as 

photos) because convolution and/or pooling take into consideration spatial correlations 

between separate attributes [158]. 

 

In the case of CNN, the proposed algorithm uses a deep neural network toolbox that 

supports the propagation architecture of CNN through the softmax activation function, 

as shown in Figure 6.5. 

 

 

 

Figure 6.5 Convolutional Neural Network propagation architecture  

 

CNN intakes the optimized frame as input and propagates through the softmax 

activation function in three fully connected layers processed by batch normalization.  A 

10 × 10 convolution stride containing [1  1] range is padded against the padding values.  

The code is written using MATLAB script, and the training is shown in Figure 6.6. 

 

 

Figure 6.6 CNN Training code  

 

The hyperparameters for the CNN are provided in Table 6-1 
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Table 6.1 Hyperparameters for the CNN 

Parameters Value 

Image Input  128 ×128 × 3  

Maximum Epochs  10 

MiniBatchSize 128 

Verbose 0 (False) 

Verbose Frequency 50 

Validation Frequency 100 

Validation Patience 5 

 

There are three portions R, G, and B, each pattern has seven layers and every layer have 

20 filters. So, the overall weight in CNN is 48000. 

 

The architecture of the CNN is defined using a sequence of layers. The first layer is an 

image Input Layer that defines the input size of the images. The second layer is a 

convolutional layer with 10 filters of size 20 × 20. This layer performs the convolution 

operation on the input images, extracting features. The third layer is a batch 

normalization layer that normalizes the output of the convolutional layer to speed up 

training. The fourth layer is a ReLU activation layer that applies a non-linear activation 

function to the output of the batch normalization layer. The fifth layer is a fully 

connected layer that connects all the output features of the previous layer to the output 

neurons of the next layer. The last two layers are the softmax layer and classification 

layer, respectively. The softmax layer converts the output of the fully connected layer 

into a probability distribution over the three classes, and the classification layer outputs 

the predicted class label. The 'trainingOptions' function is used to define the training 

options for the network. The 'sgdm' solver is used, which is a stochastic gradient descent 

with momentum optimizer. The 'MaxEpochs' parameter sets the maximum number of 

training epochs to 10. The 'ValidationData' parameter specifies the validation data set, 

and the 'ValidationFrequency' parameter specifies how often the validation accuracy 

should be calculated. The 'Verbose' parameter is set to 'false' to suppress the training 

progress output, and the 'Plots' parameter is set to 'training-progress' to display the 

training progress plot. After the network is defined and the training options are set, the 

network is trained using the 'trainNetwork' function, which takes as input the training 
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data, the network layers, and the training options. The trained network is tested against 

the heart rate values that are categorised into three classes. 

 

6.3.2 Feed-Forward Back Propagation Network using Levenberg-

Marquardt  

 

The Feed-Forward Back Propagation Network using Levenberg-Marquardt (FFBPNN-

L) is a multi-layered architecture in which data passes through at least one 

hidden/middle layer from its way the input to the output.  All of the cells in the 

surrounding layers communicate via a network of neurons.  The connections are paired 

with numerical values (weights) that will be modified throughout the training phase. 

 

An FFBPNN's primary function is to learn and map correlations between input and 

output.  A system's weights and threshold values may also be altered using the FFBPNN 

learning rule to get the least potential error.  In other words, it's a convoluted 

relationship between the extracted features of a network set.  Each node or neuron's 

value is affected by its input from other communications system components.  The 

value obtained from each input line amplifies the matching input signal. 

 

Firstly, it checks the training conditions in forward direction as weight propagate one 

layer to other layer, without propagate the weight cannot be updated, once the training 

criteria is satisfied then calculate the mean square error (MSE) that is in backward 

direction.  It was determined that training with 70% of the data was the most common 

use of the remaining 30% was shared evenly between verification and analysis. 

Equation (6.1) were used to train the model until it satisfied the criteria. 

 

 

n

k ki i

i

x W x=  (6.1) 

 

where 𝑥𝑘  is the new value of a variable, 𝑥𝑖 is the starting value of the variable, and 𝑊𝑘𝑖 

is the weight link value of the neuron/variable.  With each epoch, the gradient of the 

generated weight in terms of minimum MSE is calculated, when the MSE becomes 

consistent and neither increasing nor decreasing, the trained weights with minimum 

MSE is considered as the trained neural network.  
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6.3.2.1 Feed Forward Back Propagation Neural Network Model 

Development 

 

The FFBPNN-based model is trained to utilize historical data during the first training 

step.  If the model fails to satisfy expectations, the Levenberg-Marquardt (LM) 

backpropagation method will enable the process to be re-propagated until it meets the 

optimal requirement.  One-fifth of the data collected after the model train was utilised to 

verify the trained model during the validation step.  The model was suggested 

throughout its paces and reviewed until it was confirmed to be accurate using the 

remaining 15% of the data sets.  Accurate results were discovered, with a maximum 

Coefficient of determination19 (R2) value close to 1.0, where R2  is the average 

regression value of training, testing and validation data. Input, covert, and exposed 

components of the network are clearly shown in Figure 6.7.  In the network's hidden and 

output layers, Tang and Purelin were both employed [159]. 

 

Feed Forward Neural Network (FFNN) with a backpropagation algorithm is superior in 

precision and accuracy to other categorization algorithms.  In forward processing, input 

data is sent to the hidden levels, and the hidden layers process the data.  As depicted in 

Figure 6.7, the output layer provides the output.  FFNN with backpropagation neural, 

the most frequent way to train an ANN to decrease the gradient is to use training. 

 

19The coefficient of determination, or R2, is a measure that provides information about the goodness of fit 

of a model. In the context of regression, it is a statistical measure of how well the regression line 

approximates the actual data. 
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Figure 6.7 Feed-Forward Back Propagation Network Architecture [160] 

 

The following are the steps of algorithm used to create this network for categorization: 

Step 1.  Generate the data 

Step 2.  Create the network 

Step 3.  Configure the network 

Step 4.  Initialize the weights as well as biases randomly 

Step 5.  Train the network 

Step 6.  Propagate the inputs to the forward 

Step 7.  Back propagate the error to the hidden layer 

Step 8.  Validate the network 

Step 9.  Use as well as analyse the performance of the network. 

 

To test the network's ability to classify inputs, random data was generated and utilised 

to generate training data.  To build and initialize the network, run the MATLAB code 

given in Appendix D-1. The weight values are generated at random.  As a result of 

training, inputs are transmitted to forwarding, together with the output being computed 

in the forward direction utilizing the neural network toolbox used to train the network. 

The neural network training state at epoch 23 is represented in Appendix D-2 for 

gradient and validation check. The mean squared error is calculated in the reverse 

direction in this instance.  Initially, it identifies how many neurons, layers, and 

activation functions are there, and then the performance error is computed after that. In 
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other words, the error histogram provides distribution of errors from the neural network 

during testing, training, and validation phases. The error histogram is also included in 

Appendix D-3 for neural network training at epoch 23. 

 

The input layer receives the signals from the other source, and the hidden layer's job is 

to change them into something that the output signal can utilize.  The suggested neural 

network design with 'tansig' function.  A multi-layer perceptron is another name for this 

neural design.  Using typical multi-layer perceptron’s, any measurable function may be 

approximated to the appropriate accuracy rate [161]. 

 

As shown in Figure 6.8, the HOG feature is extracted from each ground truth category, 

which creates a data vector that is several frames into several HOG features.  After that, 

weight adjustment starts, and if the gradient is attained, it stops training, but if not 

achieved, then again go to the back step and start to propagate. 
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Figure 6.8  Flow chart of steps for training network 

 

The feed-forward architecture has been attained using a neural network toolbox 

supported by the AI toolset in MATLAB.  To train NN, the training data must be 

organized against its ground-truth value to get understood by the system.  The training 

code architecture for the proposed work is shown in Figure 6.9. 
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Figure 6.9 Training code architecture for the proposed algorithm  

 

The hyperparameters for the FFBPN is provided in Table 6-2 

 

Table 6.2  Hyperparameters for the FFBPN  

Parameters Value 

Number of layers 3 

Number of neurons in hidden layer 10 

Training ratio  70% 

Validation ratio 15% 

Test ratio 15% 

Maximum epoch 1000 

 

The utilized neural network is a multi-neuron propagation architecture that follows the 

Levenberg mechanism for the feed forward movement and the back propagation 

movement. The training algorithm intakes the HoG features to train the system against 

the specified class labels of heart rate high, moderate and normal. The utilized dataset 

produces approximately 8100 HoG features for each image and hence the input set is 

consisted of n*8100 feature set where n represents the total number of images passed 

for the training purpose. Figure 6.10 shows the 8100 Features for 467 samples. 
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Figure 6.10   8100 Features for 467 samples 

 

The training algorithm divides the data into a distribution of 70-30 where it uses 70% of 

the data for the training purpose and the rest 30 % data is again divided into two 

segments namely 15% for the testing and rest 15% for the validation. Gradient and 

Epochs are the main stopping criteria for the training algorithm. If the gradient of the 

network is satisfied, the network will not complete the rest of the iterations. The 

gradient is based on Mean Squared Error. For each propagation the gradient varies as 

per the provided data.  

 

The neurons are trained with multiple propagation layers and a 70-30 distribution of 

data.  Three classes have utilised the ‘Target’ term for the ground truth values.  The NN 

intakes HOG features that have been calculated from optimized forehead values.  The 

proposed algorithm uses a bias connect architecture in which the layers are biased with 

each other using a propagation function.  Figure 6.11 shows the network with functions 

representing three classes at the output layer (High, moderate and normal), number of 

features and propagating epochs other plots related to performance, training state, error 

histogram and confusion matrix are presented in Appendix D. 
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Figure 6.11  Network architecture with functions 

 

 

6.4 Summary and Contribution of the Chapter 

 

The chapter is dedicated to performing training and classification of the extracted 

features. It represents the feature extraction performed using HOG and two machine 

learning classifiers, namely, CNN and FFBPNN-L that were chosen to train and classify 

the designed work. The representation for the development of the Feed Forward Back 

Propagation Neural Network Model is discussed at the end of the chapter. The 

simulation outcomes of this multiclass classification-based training and classification 

are presented in the results and discussion chapter. 
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Chapter 7  

Results and Discussion 

 

The detailed simulation analysis results are discussed in this chapter.  During 

processing, the video frames are extracted, and the performance analysis of the 

proposed work using Convolutional Neural Network (CNN) and Feed Forward Back 

Propagation Neural Network-Levenberg (FFBPNN-L) are evaluated separately.  The 

evaluation was done utilizing the heart rate of the participants.  A total of 60 videos 

were collected from 30 different participants and used the pulse oximeter for heart rate 

measurement.  

 

As the data has been processed in frames, the monitored heart rate has been calculated 

by taking the average time interval for which the video has been shot.  Hence, tagging 

the data with the same heart rate will not be a justifiable step to do for every frame. In 

order to dignify the proposed work, the data heart rate is further divided into three 

categories rather than putting the exact heart rate into action.  The categories are termed 

as labels of the processing, namely “High”, “Moderate”, and “Normal”.  The prediction 

results of this classification problem is summarized using confusion matrix. The correct 

and incorrect predictions are expressed using true positives, true negatives, false 

positives, and false negative. The representation of count values for each of the class is 

further provided in Appendix D-4 for training, testing and validation stage followed by 

the Neural Network training receiver operating characteristics (ROC) for all classes for 

training, validation and test ROC in Appendix D-5.  As per the provided set of data that 

has been used for processing and has been collected in a real-time environment, the 

range for high would be (101-120) beats per minute. The normal label class will be 

identified with a range of (60-80) beats per minute, whereas the moderate will be (81-

100).  In order to perform the evaluation of the proposed algorithm, the extracted 

regions with their processing capabilities attributes have been passed to the training 

architecture with their associated labels.  Each frame value is either associated with a 

high, moderate or normal ground-truth label.   

 

True Positive Rate (TPR) is evaluated by calculating the ratio of the total number of 

frames that have matched its real ground truth value to the total number of frames that 

have been passed as the original class as in equation (7.1) 
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 𝑇𝑃𝑅 =  
𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (7.1) 

 

In a similar fashion, the False Positive Rate (FPR) represent the ratio of the total 

number of false frames that have been detected against its ground truth or label to the 

total number of frames that have been supplied for the evaluation as represented in 

equation (7.2) 

 

 
𝐹𝑃𝑅 =  

𝐹𝑎𝑙𝑠𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐹𝑎𝑙𝑠𝑒𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (7.2) 

     

The depth analysis in terms of accuracy, which is the percentage of correctly classifies 

instances out of all the cases. Equation (7.3) shows the formula for accuracy. 

 

 
Accuracy = 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠

𝐴𝑙𝑙 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠
 (7.3) 

        

Kappa analysis is also subjected to variation in the training and testing sets.  Kappa  k 

can be calculated using (7.4). 

 

 
k = 

2 ×(𝑇𝑃 × 𝑇𝑁−𝐹𝑁 × 𝐹𝑃)

(𝑇𝑃+𝐹𝑃)×(𝐹𝑃+𝑇𝑁)+(𝑇𝑃+𝐹𝑁)×(𝐹𝑁+𝑇𝑁)
 (7.4) 

 

where, TP is true positive, FP is false positive, and TN and FN are true and false 

negative, respectively. 

 

Kappa coefficient, also known as Cohen's kappa, is a statistical measure that assesses 

the inter-rater agreement between two or more annotators. In the context of machine 

learning, kappa coefficient is often used as an evaluation metric for classification 

models, especially when dealing with imbalanced datasets [162]. 

 

Kappa coefficient ranges from -1 to 1, where a value of 1 indicates perfect agreement, 0 

indicates no agreement, and -1 indicates perfect disagreement. When evaluating a 

classification model, the kappa coefficient can be used in conjunction with other metrics 
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such as accuracy and F-measure to provide a more comprehensive analysis of the 

model's performance. 

 

Accuracy measures the proportion of correct predictions made by a classification model 

over the total number of predictions. While accuracy is a useful metric, it can be 

misleading when dealing with imbalanced datasets. For example, if a dataset has 90% of 

its samples belonging to one class, a model that predicts all samples as belonging to that 

class would achieve 90% accuracy, even though it would be an ineffective model. 

 

F-measure, on the other hand, considers both precision and recall, and is particularly 

useful in situations where false positives and false negatives have different costs. It is 

the harmonic mean of precision and recall, and can be expressed as F1, F2, F0.5, 

depending on which metric is given more weight. 

 

Kappa coefficient provides a measure of agreement that takes into account the 

possibility of agreement occurring by chance. It is particularly useful when dealing with 

imbalanced datasets as it provides a more accurate evaluation of a model's performance 

compared to accuracy alone. 

 

When the kappa coefficient is high, it indicates a high level of agreement between the 

predictions made by a model and the ground truth labels. This is typically associated 

with high accuracy and F-measure values, as the model is correctly classifying a 

majority of the samples [162-164]. 
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The ordinals of simulation analysis are summarized in Table 7.1. 

 

Table 7.1  Ordinals of Simulation Analysis 

 

Parameter Description 

Number of Frames 500 to 1000 

Distribution of Training to Testing Sets 70:30, 80:20, 90:10 

Classifiers CNN, FFBPNN-L 

Number of Layers in each neural architecture  5 to 20 

Evaluation Parameters TRP, FPR, Accuracy, Kappa 

 

The graphs are displayed with the number of frames, and parameters are discussed with 

respect number of layers used in neural architecture.  

 

The proposed algorithm is ABC with FFBPNN-L.  To demonstrate the efficiency of the 

proposed algorithm, the model has been compared with FFBPNN-L, CNN and ABC 

with CNN as the neural network contains many hidden layers; the results are also 

extracted with various numbers of hidden layers.  The number of hidden layer 

architectures chosen is 5 layered neural architecture, 15 layer neural architecture, and 20 

layer neural architecture.  This is to prove that the more hidden layers in the 

architecture, the more efficient the model.  However, it was observed that the best HR 

predictions were obtained using 20-layered neural architecture.  The detailed 

comparative analysis of various scenarios used with the implementation of a 20-layered 

neural architecture is discussed in this chapter, and the other results are added to 

Appendix E. 

 

The performance parameters of proposed and existing algorithms are evaluated and 

displayed in accordance with the 20 hidden layers in the neural network architecture, 

considering different ratios of training and testing data sets. 

 

Each distribution is made based on the signified frames that have been labelled using 

the heart rate.  A distribution of 70:30 states that 70% of frames that have been 

generated from the videos would be applied for the training purpose.  Those frames 

would be associated with the labels formed by heart rates.  A distribution of 80:20 states 
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that 80% of frames that have been generated from the videos would be applied for the 

training purpose.  Those frames would be associated with the labels formed by heart 

rates.  In a similar fashion, if the distribution is 90:10, the set of training data will 

contain 90% of the frames that have been generated from the videos.  A significant 

improvement in the accuracy will be observed as more training data will establish more 

correlation among the labelled frames from the heart rate.  The analysis is presented for 

all the labels combined viz the analysis is the mean analysis for all the classes.  If TPR 

is 0.78, for instance, it represents the average TPR of “high”, “moderate”, and “normal” 

heart rates.  The same goes with FPR, accuracy and Kappa coefficient. 

 

 

7.1  Analysis using 70:30 distribution 

 

In this, the videos dataset is divided into a 70:30 ratio where 70% of the dataset is used 

for training and 30% for testing.  The techniques used are Convolutional Neural 

Network (CNN), ABC with CNN, Feed Forward Back Propagation Neural Network 

using Levenberg-Marquardt training (FFBPNN-L), and ABC with FFBPNN-L.  

 

7.1.1 True Positive Rate Analysis based on CNN 

 

The frames from the video are extracted and analysed using CNN architecture with and 

without the involvement of an optimization algorithm.  It has been observed that when 

only 500 frames are used in the analysis, the TPR using CNN alone is 0.79251 and 

using ABC with CNN is 0.80573.  Further, when the number of frames is increased to 

1000, a corresponding rise in the TPR is observed as 0.83633 using CNN alone and 

0.86046 using ABC with CNN.  The variation in the TPR values as the number of 

frames was increased from 500 to 1000 is summarized in Table 7.2. 
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Table 7.2  TPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.79251 0.80573 

600 0.79470 0.81052 

700 0.80401 0.81886 

800 0.81322 0.83307 

900 0.82985 0.84998 

1000 0.83633 0.86046 

 

The graphical analysis of the variation in the TPR based on CNN architecture is shown 

in Figure 7.1.  Overall, it is observed that with each variation in terms of the number of 

frames, the TPR remained relatively higher when optimized features were used for the 

training of CNN.  Hence, the average TPR using CNN is observed to be 0.81177 and 

using ABC with CNN is 0.82977.  

 

 

 

Figure 7.1  TPR analysis of CNN and ABC with CNN 
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7.1.2 True Positive Rate Analysis based on FFBPNN-L 

 

The next neural architecture used in the analysis is FFBPNN-L.  The TPR analysis 

performed using FFBPNN-L with and without integration of ABC based optimizations 

is summarized in Table 7.3. 

 

Table 7.3  TPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L  ABC with FFBPNN-L 

500 0.86698 0.88020 

600 0.86935 0.88496 

700 0.88632 0.89715 

800 0.90343 0.90915 

900 0.91468 0.91954 

1000 0.92598 0.93477 

 

It is observed that when 500 frames are used for the analysis, the TPR of 0.86698 is 

achieved using only FFBPNN-L alone and the TPR of 0.88020 when ABC is integrated 

prior to FFBPNN-L.  When the frames are increased to 700, the TPR using FFBPNN-L 

increases to 0.88632 and, using ABC with FFBPNN-L to 0.89715.  When the number of frames 

is further increased to 1000, the TPR again show a slight rise of 0.92598 using FFBPNN-L and 

0.93477 using ABC with FFBPNN-L.  The graphical analysis of these variations represents 

using the line graph shown in Figure 7.2. 
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Figure 7.2  TPR analysis of FFBPNN-L and ABC with FFBPNN-L 

 

The average values using various algorithms used for TPR analysis using 70:30 

distribution is given in Table 7.4. Equation (7.5) shows the formula to calculate the 

average. 

 

Average = 
𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑇𝑃𝑅 𝑣𝑎𝑙𝑢𝑒𝑠 𝑎𝑡 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑓𝑟𝑎𝑚𝑒𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑇𝑃𝑅 𝑣𝑎𝑙𝑢𝑒𝑠
 

 

(7.5) 

 

The average TPR using individual CNN and FFBPNN-L is found to be comparatively 

lower than the corresponding techniques when ABC based optimization strategy is 

integrated into the framework.  

 

Table 7.4  Average TPR values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average TPR 0.81177 0.82977 0.89446 0.90429 

 

The average TPR demonstrated over 1000 frames using CNN is 0.81177, ABC with 

CNN is 0.82977, FFBPNN-L is 0.89446 ABC with FFBPNN-L is 0.90429.  This means 
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that ABC with FFBPNN-L resulted in 8.24082% higher TPR as compared to ABC with 

CNN using the 70:30 distribution of the dataset. 

 

7.1.3 False Positive Rate Analysis based on CNN 

 

The FPR analysis performed using CNN based architecture is described using a variable 

number of frames in Table 7.5.  It is observed that when 500 frames are used in the 

analysis, the observed FPR using CNN is 0.13595 and using ABC with CNN is 

0.12547.  When the number of frames is 700, the corresponding FPR using CNN is 

observed as 0.15649 and using ABC with CNN is 0.14340.  Further, when the number 

of frames is increased to 900 and 1000, the FPR using CNN increases to 0.175231 and 

0.18856, while using ABC with CNN, it is 0.15987 and 0.16471, respectively.  This 

shows that lower FPR is observed when ABC based optimization approach is integrated 

into the CNN based architecture.  

 

Table 7.5 FPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.13595 0.12547 

600 0.14666 0.13381 

700 0.15649 0.14340 

800 0.16592 0.15334 

900 0.17523 0.15987 

1000 0.18856 0.16471 

 

The graphical representation of the variation in the FPR for 500 to 1000 frames are 

shown in  Figure 7.3.  It is observed that with the increase in the number of frames, the 

FPR increases for both CNN as well as ABC with CNN.  However, the FPR 

demonstrated using ABC with CNN is comparatively lower as compared to CNN alone.  

Hence, ABC significantly lowered the FPR and proved to be better than CNN alone.  

 



   Chapter 7 

140 

 

 

Figure 7.3 FPR analysis of CNN and ABC with CNN 

 

7.1.4 False Positive Rate Analysis based on FFBPNN-L 

 

The variation in the FPR observed using FFBPNN-L based architecture is described in 

Table 7.6.  It is observed that when 500 frames are used in the analysis, the observed 

FPR using FFBPNN-L is 0.12228 and using ABC with FFBPNN-L is 0.11180.  When 

the number of frames is 700, the corresponding FPR using FFBPNN-L is observed as 

0.14690 and using ABC with FFBPNN-L is 0.13133.  Further, when the number of 

frames is increased to 900 and 1000, the FPR using FFBPNN-L increases to 0.16370 

and 0.17438, while using ABC with FFBPNN-L, it is 0.15070901 and 0.15794, 

respectively.  This means that integration of ABC based optimization approach resulted 

in lower FPR associated during analysis.  
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Table 7.6  FPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.12228 0.11180 

600 0.13125 0.11951 

700 0.14690 0.13133 

800 0.15737 0.13525 

900 0.16370 0.15070 

1000 0.17438 0.15794 

 

Figure 7.4 shows the graphical analysis of the variation in the FPR 1000 frames.  It is 

observed that with the increase in the number of frames, the FPR increases for both 

FFBPNN-L as well as ABC with FFBPNN-L.  However, the FPR demonstrated using 

ABC with CNN is comparatively lower as compared to FFBPNN-L alone.  Hence, ABC 

significantly lowered the FPR and proved to be better than FFBPNN-L alone.   

 

 

 

Figure 7.4  FPR analysis of FFBPNN-L and ABC with FFBPNN-L 
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comparatively higher than the corresponding techniques when ABC based optimization 

strategy is integrated into the framework.  The average FPR achieved over 1000 frames 

using CNN is 0.16147, ABC with CNN is 0.14676, FFBPNN-L is 0.14931, ABC with 

FFBPNN-L is 0.13442.  This means that ABC with FFBPNN-L resulted in lower FPR 

as compared to ABC with CNN using the 70:30 distribution of the dataset. 

 

Table 7.7  Average FPR values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average FPR 0.161471 0.14676 0.14931 0.13442 

 

7.1.5 Kappa Coefficient Analysis based on CNN 

 

The Kappa coefficient observed for different frames extracted from the video using 

CNN with and without ABC is given in Table 7.8.  The number of frames selected for 

the analysis varied from 500 to 1000.  It is observed that the Kappa analysis performed 

using 500 frames results in 0.82607 Kappa using CNN and 0.83929 using ABC with 

CNN.  When 700 frames are used for the investigation, the Kappa increases to as 

0.837281 using CNN and 0.85367 using ABC with CNN.  When the number of frames 

is increased to 1000, the Kappa also increases and reaches 0.85996 using CNN and 

0.89294 using ABC with CNN. 

 

Table 7.8  Kappa analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.82607 0.83929 

600 0.82795 0.84099 

700 0.83728 0.85367 

800 0.84149 0.86192 

900 0.84500 0.86752 

1000 0.85996 0.89294 
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The graphical analysis of the variation observed in the Kappa over the 1000 frames is 

shown in Figure 7.5.  In the line graphs, Kappa analysis using ABC with CNN had 

shown higher Kappa in comparison to using CNN alone on every frame.  This indicates 

that using optimized features in CNN improves the overall analysis using CNN.  The 

overall analysis shows that the average Kappa for 1000 frames is observed to be 

0.83962 using CNN and 0.85939 using ABC with CNN.  

 

 

 

Figure 7.5 Kappa analysis of CNN and ABC with CNN 
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number of frames is increased to 1000, the Kappa also increases and reaches 0.90882 
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Table 7.9 Kappa analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.85856 0.87178 

600 0.86874 0.87586 

700 0.87424 0.89037 

800 0.88092 0.90825 

900 0.89346 0.91671 

1000 0.90882 0.94103 

 

The graph shown in Figure 7.6 represents the Kappa analysis of FFBPNN-L and ABC 

with FFBPNN-L.  It is observed that the Kappa represented by the curved line shows a 

steady improvement.  The overall Kappa using FFBPNN-L is 0.88079 and 0.90067 

using ABC with FFBPNN-L.  

 

 

 

Figure 7.6  Kappa analysis of FFBPNN-L and ABC with FFBPNN-L 
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that optimization had improved the Kappa values observed with the implementation of 

the neural architectures.  

 

Table 7.10  Average Kappa analysis values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average Kappa 0.83962 0.85939 0.88079 0.90067 

 

The average Kappa demonstrated over 1000 frames using CNN is 0.83962, ABC with 

CNN is 0.85939, FFBPNN-L 0.88079 and ABC with FFBPNN-L is 0.90067.  This 

means that ABC with FFBPNN-L resulted in 4.58318% better Kappa as compared to 

ABC with CNN using a 70:30 distribution of the dataset. 

 

7.1.7 Accuracy Analysis based on CNN 

 

Accuracy analysis performed using CNN based architecture is summarized in Table 

7.11.  The number of frames extracted from the video used in the analysis varies from 

500 to 1000.  The corresponding accuracy values achieved using CNN and ABC with 

CNN are tabulated for each variation in the number of frames.  

 

Table 7.11  Accuracy analysis values of CNN and ABC with CNN 

 

Number of Frames CNN  ABC with CNN 

500 0.829268 0.84248 

600 0.83575 0.84399 

700 0.84342 0.85902 

800 0.85819 0.86904 

900 0.87285 0.89485 

1000 0.88086 0.90520 

 

The accuracy analysis performed for 500 frames is 0.8292 using CNN and 0.84248 

using ABC with CNN.  When 700 frames are used for the analysis, the accuracy 
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increases to as 0.84342 using CNN and 0.85902 using ABC with CNN.  When the 

number of frames is increased to 1000, the accuracy shows a steady improvement to 

0.88086 using CNN and 0.90520 using ABC with CNN.  

 

The graphical analysis of the observed changes in the accuracy values using CNN 

architecture is given in Figure 7.7.  The graph shows an unexpected rise in the accuracy 

with an increase in the number of frames used in the analysis.  Further, it reflects an 

average accuracy of 0.85339245 using CNN and 0.869102977 using ABC with CNN.   

 

 

 

Figure 7.7  Accuracy analysis of CNN and ABC with CNN 
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Table 7.12  Accuracy analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.84986 0.86611 

600 0.85321 0.86815 

700 0.87017 0.89622 

800 0.88994 0.91060 

900 0.90752 0.93867 

1000 0.92184 0.96659 

 

The graphical representation of Table 7.12 is given in Figure 7.8 for the accuracy 

analysis using FFBPNN-L and ABC with FFBPNN-L.  Initially, when frames are 

increased from 500 to 600, there is a steady improvement in the accuracy values.  

However, a further increase in the number of frames significantly increased the 

accuracy of both scenarios.  

 

 

 

Figure 7.8  Accuracy analysis of FFBPNN-L and ABC with FFBPNN-L 
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The average accuracy analysis using both the neural network-based architectures is 

summarized in Table 7.13.  The average accuracy demonstrated over 1000 frames using 

CNN is 0.8533, ABC with CNN is 0.86910, FFBPNN-L 0.88204 and ABC with 

FFBPNN-L is 0.09077.  This means that ABC with FFBPNN-L resulted in 4.25498% 

better accuracy as compared to ABC with CNN using a 70:30 distribution of the dataset. 

 

Table 7.13  Average Accuracy values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average 

Accuracy 
0.85339 0.86910 0.88209 0.90772 

 

 

7.2 Analysis using 80:20 distribution 

 

In this part, the dataset is divided into an 80:20 ratio where 80% of the dataset is used 

for training, and 20% of the dataset is used for testing.  Same as section 7.1, all the 

algorithms will be evaluated in accordance with performance parameters and the results 

for evaluation are as follows. 

 

7.2.1 True Positive Rate Analysis based on CNN 

 

The frames from the video are extracted and analysed using CNN architecture with and 

without the involvement of an optimization algorithm.  It has been observed that when 

only 500 frames are used in the analysis, the TPR using CNN only is 0.7954 and using 

ABC with CNN is 0.80866.  Further, when the number of frames is increased to 1000, a 

corresponding rise in the TPR is observed as 0.82907 using CNN alone and 0.86906 using 

ABC with CNN.  The variation in the TPR values as the number of frames is increased 

from 500 to 1000 is summarized in Table 7.14. 
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Table 7.14  TPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.79544 0.80866 

600 0.79695 0.812295 

700 0.80517 0.825539 

800 0.80874 0.829454 

900 0.824271 0.844657 

1000 0.829073 0.86906 

 

The graphical analysis of the variation in the TPR based on CNN architecture using the 

80:20 scenario is shown in Figure 7.9.  Overall, it is observed that for each variation in 

terms of the number of frames, the TPR remained relatively higher when optimized 

features were used for the training of CNN.  Hence, the average TPR using CNN is 

observed to be 0.8099 and using ABC with CNN is 0.8316.  

 

 

 

Figure 7.9  TPR analysis of CNN and ABC with CNN 
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7.2.2 True Positive Rate Analysis based on FFBPNN-L 

 

The next neural architecture used in the analysis is FFBPNN-L.  The TPR analysis 

performed using FFBPNN-L with and without integration of ABC based optimizations 

is summarized in Table 7.15. 

 

Table 7.15  TPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L  ABC with FFBPNN-L 

500 0.88716 0.90038 

600 0.89212 0.90624 

700 0.91164 0.92777 

800 0.91794 0.94313 

900 0.93261 0.955102 

1000 0.94491 0.97952 

 

It is observed that when 500 frames are used for the analysis, the TPR of 0.88716 is 

achieved using only FFBPNN-L alone and the TPR of 0.90038 when ABC is integrated 

prior to FFBPNN-L.  When the frames are increased to 700, the TPR using FFBPNN-L 

increases to 0.91164 and using ABC with FFBPNN-L to 0.92777.  When the number of 

frames is further increased to 1000, the TPR again show a slight rise of 0.94491 using 

FFBPNN-L and 0.97952 using ABC with FFBPNN-L.  The graphical analysis of these 

variations is shown using the line graph in Figure 7.10. 
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Figure 7.10  TPR analysis of FFBPNN-L and ABC with FFBPNN-L 
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The average TPR demonstrated over 1000 frames using CNN is 0.81177, ABC with 

CNN is 0.83161, FFBPNN-L is 0.91440, ABC with FFBPNN-L is 0.93361.  This 

means that ABC with FFBPNN-L resulted in 11.09183% higher TPR as compared to 

ABC with CNN using the 80:20 distribution of the dataset. 
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7.2.3 False Positive Rate Analysis based on CNN 

 

The FPR analysis performed using CNN based architecture is described using a variable 

number of frames in Table 7.17.  It is observed that when 500 frames are used in the 

analysis, the observed FPR using CNN is 0.12619 and using ABC with CNN is 

0.11571.  When the number of frames is 700, the corresponding FPR using CNN is 

observed as 0.15102 and using ABC with CNN is 0.13682.  Further, when the number 

of frames is increased to 900 and 1000, the FPR using CNN increases to 0.16794 and 

0.18033, while using ABC with CNN, it is 0.15288 and 0.15665, respectively.  This 

shows that lower FPR is observed when ABC based optimization approach is integrated 

into the CNN based architecture.  

 

Table 7.17  FPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.12619 0.11571 

600 0.13736 0.12807 

700 0.15102 0.13682 

800 0.15548 0.14182 

900 0.16794 0.15288 

1000 0.18033 0.15665 

 

The graphical representation of the variation in the FPR for 500 to 1000 frames using 

80:20 distribution is shown in Figure 7.11.  It is observed that with the increase in the 

number of frames, the FPR increases for both CNN as well as ABC with CNN.  

However, the FPR demonstrated using ABC with CNN is comparatively lower as 

compared to CNN alone.  Hence, ABC significantly lowered the FPR and proved to be 

better than CNN alone.  
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Figure 7.11 FPR analysis of CNN and ABC with CNN 
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Table 7.18  FPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.12353 0.11004 

600 0.13154 0.12263 

700 0.14213 0.13169 

800 0.15037 0.13951 

900 0.15399 0.14444 

1000 0.16334 0.14225 

 

Figure 7.12 shows the graphical analysis of the variation in the FPR 1000 frames using 

an 80:20 ratio. It is observed that with the increase in the number of frames, the FPR 

increases for both FFBPNN-L as well as ABC with FFBPNN-L.  However, the FPR 

demonstrated using ABC with CNN is comparatively lower as compared to FFBPNN-L 

alone.  Hence, ABC significantly lowered the FPR and proved to be better than 

FFBPNN-L alone.   

 

 

 

Figure 7.12  FPR analysis of FFBPNN-L and ABC with FFBPNN-L 
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The average FPR analysis using a 70:30 distribution is given in Table 7.19.  It is 

observed that the average FPR using individual FFBPNN-L is found to be 

comparatively higher than the corresponding techniques when ABC based optimization 

strategy is integrated into the framework.  The average FPR achieved over 1000 frames 

using CNN is 0.15305, ABC with CNN is 0.13866, FFBPNN-L is 0.14415 ABC with 

FFBPNN-L is 0.13176.  This means that ABC with FFBPNN-L resulted in lower FPR 

as compared to ABC with CNN using the 80:20 distribution of the dataset. 

 

Table 7.19  Average FPR values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average FPR 0.15305 0.13866 0.14415 0.13176 

 

 

7.2.5 Kappa Coefficient Analysis based on CNN 

 

The Kappa coefficient observed for different frames extracted from the video using 

CNN with and without ABC is given in Table 7.20.  The number of frames selected for 

the analysis varied from 500 to 1000.  It is observed that the Kappa analysis performed 

using 500 frames results in 0.84232 Kappa using CNN and 0.85554 using ABC with 

CNN.  When 700 frames are used for the analysis, the Kappa increases to as 0.86356 

using CNN and 0.86931 using ABC with CNN.  When the number of frames is 

increased to 1000, the Kappa also increases and reaches 0.91738 using CNN and 

0.93403 using ABC with CNN. 
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Table 7.20  Kappa analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.84232 0.85554 

600 0.84449 0.85902 

700 0.86356 0.86931 

800 0.87866 0.88439 

900 0.89547 0.90426 

1000 0.91738 0.93403 

 

The graphical analysis of the variation observed in the Kappa over the 1000 frames is 

shown in Figure 7.13.  In the line graphs, Kappa analysis using ABC with CNN had 

shown higher Kappa in comparison to using CNN alone on every frame used in the 

analysis.  This indicates that using optimized features in CNN improves the overall 

analysis using CNN.  The overall analysis shows that the average Kappa for 1000 

frames is observed to be 0.87362 using CNN and 0.88442 using ABC with CNN.  

 

 

 

Figure 7.13  Kappa analysis of CNN and ABC with CNN 
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7.2.6 Kappa Coefficient Analysis based FFBPNN-L 

 

The Kappa analysis for the 1000 frames is tabulated using FFBPNN-L, and ABC 

optimized FFBPNN-L is given in Table 7.21.  Initially, when the number of frames is 

set to 500 frames, the observed Kappa is 0.88110 using FFBPNN-L and 0.89432 using 

ABC with FFBPNN-L.  When 800 frames are used for the analysis, the Kappa increases 

to as 0.90596 using FFBPNN-L and 0.92147 using ABC with FFBPNN-L.  When the 

number of frames is increased to 1000, the Kappa also increases and reaches 0.94512 

using FFBPNN-L and 0.96668 using ABC with FFBPNN-L. 

 

Table 7.21  Kappa analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.88110 0.89432 

600 0.88583 0.89829 

700 0.90327 0.92081 

800 0.90596 0.92147 

900 0.92266 0.94620 

1000 0.94512 0.96668 

 

The graph shown in Figure 7.14 represents the Kappa analysis of FFBPNN-L and ABC 

with FFBPNN-L.  It is observed that the Kappa represented by the curved line shows a 

steady improvement.  The overall Kappa using FFBPNN-L is 0.90732 and 0.92463 

using ABC with FFBPNN-L.  
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Figure 7.14  Kappa analysis of FFBPNN-L and ABC with FFBPNN-L 
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ABC with 
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The average Kappa demonstrated over 1000 frames using CNN is 0.87365, ABC with 
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7.2.7 Accuracy Analysis based on CNN 

 

Accuracy analysis performed using CNN based architecture is summarized in Table 

7.23.  The number of frames extracted from the video used in the analysis varies from 

500 to 1000.  The corresponding accuracy values achieved using CNN and ABC with 

CNN are tabulated for each variation in the number of frames using the 80:20 dataset.   

 

Table 7.23  Accuracy analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.84551 0.86175 

600 0.85203 0.86412 

700 0.86841 0.88328 

800 0.88550 0.90073 

900 0.89099 0.92029 

1000 0.90505 0.94592 

 

The accuracy analysis performed for 500 frames is 0.84551 using CNN and 0.86175 

using ABC with CNN.  When 700 frames are used for the analysis, the accuracy 

increases to as 0.86841 using CNN and 0.88328 using ABC with CNN.  When the 

number of frames is increased to 1000, the accuracy shows a steady improvement to 

0.90505 using CNN and 0.94592 using ABC with CNN. The graphical analysis of the 

observed changes in the accuracy values using CNN architecture is given in Figure 

7.15.   
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Figure 7.15  Accuracy analysis of CNN and ABC with CNN 

 

The graph shows rise in the accuracy with an increase in the number of frames used in 

the analysis.  Further, it reflects an average accuracy of 0.87458 using CNN and 

0.89610 using ABC with CNN.   

 

7.2.8 Accuracy Analysis based on FFBPNN-L 

 

The accuracy analysis using FFBPNN-L with and without ABC based optimization is 

summarised in Table 7.24.  The variation used in the analysis ranges from 500 to 1000 

frames extracted from the video.  The accuracy values observed for 500 frames using 

FFBPNN-L are 0.84205 and 0.87971 using ABC with FFBPNN-L.  When 800 frames 

are used for the analysis, the accuracy increases to 0.87276 using FFBPNN-L and 

0.93205 using ABC with FFBPNN-L.  When the number of frames is increased to 1000, 

the accuracy shows a steady improvement to 0.90439 using FFBPNN-L and 0.99786 

using ABC with FFBPNN-L.  
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Table 7.24  Accuracy analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.84205 0.87971 

600 0.85006 0.89475 

700 0.86423 0.91975 

800 0.87276 0.93208 

900 0.89314 0.96306 

1000 0.90439 0.99786 

 

The graphical representation of Table 7.24 is given in Figure 7.16 for the accuracy 

analysis using FFBPNN-L and ABC with FFBPNN-L.  Initially, when frames are 

increased from 500 to 600, there is a steady improvement in the accuracy values. 

However, a further increase in the number of frames significantly increased the 

accuracy of both scenarios. 

 

 

 

Figure 7.16  Accuracy analysis of FFBPNN-L and ABC with FFBPNN-L 
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CNN is 0.87458, ABC with CNN is 0.89602, FFBPNN-L is 0.87110 and ABC with 

FFBPNN-L is 0.93120.  This means that ABC with FFBPNN-L resulted in 3.77832% 

better accuracy as compared to ABC with CNN using the 80:20 distribution of the 

dataset. 

 

Table 7.25  Average Accuracy values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average 

Accuracy 
0.87458 0.89602 0.87110 0.93120 

 

 

7.3 Analysis using 90:10 distribution 

 

In this part, the dataset is divided into a 90:10 ratio where 90% of the dataset is used for 

training, and 10% of the dataset is used for testing.  As the training data increases, the 

training algorithm becomes more precise as it gets more relevant data to get trained. In 

real life scenario as the data fluctuation rate is high, 70:30 and 80:20 distribution is 

more suitable for 90:10 distribution which will provide more classification accuracy. 

Same as section 7.1 and section 7.2, all the algorithms will be evaluated in accordance 

with performance parameters and the results for evaluation are as follows. 

 

7.3.1 True Positive Rate Analysis based on CNN 

 

The frames from the video are extracted and analysed using CNN architecture with and 

without the involvement of an optimization algorithm.  It has been observed that when 

only 500 frames are used in the analysis, the TPR using CNN alone is 0.79837 and 

using ABC with CNN is 0.81158.  Further, when the number of frames is increased to 

1000, a corresponding rise in the TPR is observed as 0.83550 using CNN alone and 

0.87363 using ABC with CNN.  The variation in the TPR values as the number of 

frames is increased from 500 to 1000 is summarized in Table 7.26. 
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Table 7.26  TPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.79837 0.81158 

600 0.79919 0.81685 

700 0.81577 0.83507 

800 0.82124 0.85050 

900 0.82814 0.85999 

1000 0.83550 0.87363 

 

The graphical analysis of the variation in the TPR based on CNN architecture is shown 

in Figure 7.17.  Overall, it is observed that with each variation in terms of the number of 

frames, the TPR remained relatively higher when optimized features were used for the 

training of CNN.  Hence, the average TPR using CNN is observed to be 0.81637 and 

using ABC with CNN is 0.84127. 

 

 

 

Figure 7.17  TPR analysis of CNN and ABC with CNN 
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7.3.2 True Positive Rate Analysis based on FFBPNN-L 

 

The next neural architecture used in the analysis is FFBPNN-L. The TPR analysis 

performed using FFBPNN-L with and without integration of ABC based optimizations 

is summarized in Table 7.27. 

 

Table 7.27  TPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.90653 0.91975 

600 0.90910 0.92468 

700 0.91934 0.94503 

800 0.93064 0.96384 

900 0.94770 0.97854 

1000 0.96762 0.99082 

 

It is seen that when 500 frames are used for the analysis, the TPR of 0.90653 is achieved 

using only FFBPNN-L only and the TPR of 0.91975 when ABC is integrated prior to 

FFBPNN-L. When the frames are increased to 800, the TPR using FFBPNN-L increased to 

0.93064 and, using ABC with FFBPNN-L to 0.96384. When the number of frames is further 

increased to 1000, the TPR again show a slight rise of 0.96762 using FFBPNN-L and 0.99082 

using ABC with FFBPNN-L. The graphical analysis of these variations is conducted using the 

line graph shown in Figure 7.18. 
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Figure 7.18  TPR analysis of FFBPNN-L and ABC with FFBPNN-L 

 

The average values using various scenarios used for TPR analysis using 90:10 

distributions are given in Table 7.28. The average TPR using individual CNN and 

FFBPNN-L is found to be comparatively lower than the corresponding techniques when 

ABC based optimization strategy is integrated into the framework. 
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The average TPR demonstrated in Table 7.28 over 1000 frames using CNN is 0.81637, 

ABC with CNN is 0.84127, FFBPNN-L is 0.93015, ABC with FFBPNN-L is 0.95378.  

This means that ABC with FFBPNN-L resulted in 11.79593% higher TPR as compared 

to ABC with CNN using the 90:10 distribution of the dataset. 
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7.3.3 False Positive Rate Analysis based on CNN 

 

The FPR analysis performed using CNN based architecture is described using a variable 

number of frames in Table 7.29. It is observed that when 600 frames are used in the 

analysis, the observed FPR using CNN is 0.12878 and using ABC with CNN is 

0.11276.  When the number of frames is 800, the corresponding FPR using CNN is 

observed as 0.14503 and using ABC with CNN is 0.12621.  Further, when the number 

of frames is increased to 900 and 1000, the FPR using CNN increases to 0.15842 and 

0.14389, while using ABC with CNN, it is 0.16322 and 0.14919, respectively. This 

shows that lower FPR is observed when ABC based optimization approach is integrated 

into the CNN based architecture.  

 

Table 7.29 FPR analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.11651 0.10603 

600 0.12878 0.11276 

700 0.14036 0.11804 

800 0.14503 0.12621 

900 0.15842 0.14389 

1000 0.16322 0.14919 

 

The graphical representation of the variation in the FPR for 500 to 1000 frames using an 

80:20 distribution is shown in Figure 7.19. It is generalized that with the increase in the 

number of frames, the FPR increases for both CNN as well as ABC with CNN.  

However, the FPR demonstrated using ABC with CNN is comparatively lower as 

compared to CNN alone. Hence, ABC significantly lowered the FPR and proved to be 

better than CNN alone.  

 



   Chapter 7 

167 

 

 

Figure 7.19  FPR analysis of CNN and ABC with CNN 

 

7.3.4 False Positive Rate Analysis based on FFBPNN-L 

 

Another technique used for the FPR analysis in the present work is FFBPNN-L.  The 

variation in the FPR observed using FFBPNN-L based architecture is described in Table 

7.30. It is observed that when 600 frames are used in the analysis, the observed FPR 

using FFBPNN-L is 0.12053 and using ABC with FFBPNN-L is 0.10985.  When the 

number of frames is 800, the corresponding FPR using FFBPNN-L is observed as 

0.13214 and using ABC with FFBPNN-L is 0.12237.  Further, when the number of 

frames is increased to 900 and 1000, the FPR using FFBPNN-L increases to 0.14738 

and 0.12855, while using ABC with FFBPNN-L, it is 0.15706 and 0.13388, 

respectively.  This means that integration of ABC based optimization approach resulted 

in lower FPR associated during analysis.  
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Table 7.30  FPR analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.11361 0.10036 

600 0.12053 0.10985 

700 0.12670 0.11763 

800 0.13214 0.12238 

900 0.14739 0.12855 

1000 0.15707 0.13389 

 

The graphical representation of the variation in the FPR for 500 to 1000 frames using a 

90:10 distribution is shown in Figure 7.20. It is observed that with the increase in the 

number of frames, the FPR increases for both CNN as well as ABC with CNN.  

However, the FPR demonstrated using ABC with CNN is comparatively lower as 

compared to CNN alone.  Hence, ABC significantly lowered the FPR and proved to be 

better than CNN alone.  

 

 

 

Figure 7.20  FPR analysis of FFBPNN-L and ABC with FFBPNN-L 
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The average FPR analysis using a 90:10 distribution is given in Table 7.31.  It is 

observed that the average FPR using individual FFBPNN-L is found to be 

comparatively higher than the corresponding techniques when ABC based optimization 

strategy is integrated into the framework.  The average FPR achieved over 1000 frames 

CNN is 0.14205, using ABC with CNN is 0.12602, FFBPNN-L is 0.12332 ABC with 

FFBPNN-L is 0.13290.  This means that ABC with FFBPNN-L resulted in lower FPR 

as compared to ABC with CNN using the 90:10 distribution of the dataset. 

 

Table 7.31  Average FPR values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average FPR 0.14206 0.12602 0.13290 0.13290 

 

7.3.5 Kappa Coefficient Analysis based on CNN 

 

The Kappa coefficient observed for different frames extracted from the video using 

CNN with and without ABC is given in Table 7.32.  The number of frames selected for 

the analysis varied from 500 to 1000.  It is observed that the Kappa analysis performed 

using 500 frames results in 0.85856 Kappa using CNN and 0.87178 using ABC with 

CNN.  When 700 frames are used for the analysis, the Kappa increases to as 0.8767 

using CNN and 0.89080 using ABC with CNN.  When the number of frames is 

increased to 1000, the Kappa also increases and reaches 0.897421 using CNN and 

0.93122 using ABC with CNN. 
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Table 7.32  Kappa analysis values of CNN and ABC with CNN 

 

Number of Frames CNN ABC with CNN 

500 0.85857 0.87179 

600 0.86384 0.87429 

700 0.87670 0.89080 

800 0.87771 0.89611 

900 0.88620 0.91181 

1000 0.89742 0.93123 

 

The graphical analysis of the variation observed in the Kappa over the 1000 frames is 

shown in Figure 7.21.  In the line graphs, Kappa analysis using ABC with CNN had 

shown higher Kappa in comparison to using CNN only on every frame used in the 

analysis.  This indicates that using optimized features in CNN improves the overall 

analysis using CNN.  The overall analysis shows that the average Kappa for 1000 

frames is observed to be 0.87674 using CNN and 0.89600 using ABC with CNN.  

 

 

 

Figure 7.21 Kappa analysis of CNN and ABC with CNN 
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7.3.6 Kappa Coefficient Analysis based on FFBPNN-L 

 

The Kappa analysis for the 1000 frames is tabulated using FFBPNN-L, and ABC 

optimized FFBPNN-L is given in Table 7.33.   

 

Table 7.33  Kappa analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.91360 0.92682 

600 0.91762 0.93107 

700 0.92731 0.95563 

800 0.94459 0.96064 

900 0.94903 0.97846 

1000 0.97273 0.99789 

 

Initially, when the number of frames is set to 600 frames, the observed Kappa is 

0.91762 using FFBPNN-L and 0.93106 using ABC with FFBPNN-L.  When 800 frames 

are used for the analysis, the Kappa increases to as 0.94459 using FFBPNN-L and 

0.96063 using ABC with FFBPNN-L.  When the number of frames is increased to 1000, 

the Kappa also increases and reaches 0.97273 using FFBPNN-L and 0.99789 using 

ABC with FFBPNN-L.   

 

The graph shown in Figure 7.22 represents the Kappa analysis of FFBPNN-L and ABC 

with FFBPNN-L. It is observed that the Kappa represented by the curved line shows a 

steady improvement.  The overall Kappa using FFBPNN-L is 0.93748 and 0.95841 

using ABC with FFBPNN-L.  
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Figure 7.22  Kappa analysis of FFBPNN-L and ABC with FFBPNN-L 

 

The average Kappa demonstrated shown in Table 7.34, over 1000 frames using CNN is 

0.87674, ABC with CNN is 0.89601, FFBPNN-L is 0.93748 and ABC with FFBPNN-L 

is 0.95842.  This means that ABC with FFBPNN-L resulted in 4.42406% better Kappa 

as compared to ABC with CNN using the 90:10 distribution of the dataset. 

 

Table 7.34  Average Kappa analysis values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average Kappa 0.87674 0.89601 0.93748 0.95842 

 

7.3.7 Accuracy Analysis based on CNN 

 

Accuracy analysis performed using CNN based architecture is summarized in Table 

7.35.  The number of frames extracted from the video used in the analysis varies from 

500 to 1000.  The corresponding accuracy values achieved using CNN and ABC with 

CNN are tabulated for each variation in the number of frames.   
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Table 7.35  Accuracy analysis values of CNN and ABC with CNN 

 

Number of Frames  CNN ABC with CNN 

500 0.85258 0.86882 

600 0.85689 0.87399 

700 0.87401 0.89874 

800 0.88880 0.91401 

900 0.90659 0.92963 

1000 0.90614 0.93853 

 

The accuracy analysis performed for 600 frames is 0.85688 using CNN and 0.87399 

using ABC with CNN.  When 800 frames are used for the analysis, the accuracy 

increases to as 0.88880 using CNN and 0.91400 using ABC with CNN.  When the 

number of frames is increased to 1000, the accuracy shows a steady improvement to 

0.90613 using CNN and 0.93853 using ABC with CNN.  

 

The graphical analysis of the observed changes in the accuracy values using CNN 

architecture is given in Figure 7.23.  The graph shows a random rise in the accuracy 

with an increase in the number of frames used in the analysis.  Further, it reflects an 

average accuracy of 0.88083 using CNN and 0.90395 using ABC with CNN.   
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Figure 7.23  Accuracy analysis of CNN and ABC with CNN 

 

7.3.8 Accuracy Analysis based on FFBPNN-L 

 

The accuracy analysis using FFBPNN-L with and without ABC based optimization is 

summarised in Table 7.36.  The variation used in the analysis ranges from 500 to 1000 

frames extracted from the video.  The accuracy values observed for 600 frames using 

FFBPNN-L are 0.92950 and 0.93654 using ABC with FFBPNN-L.  When 800 frames 

are used for the analysis, the accuracy increases to as 0.94535 using FFBPNN-L and 

0.97066 using ABC with FFBPNN-L.  When the number of frames is increased to 1000, 

the accuracy shows a steady improvement to 0.96038 using FFBPNN-L and 0.99339 

using ABC with FFBPNN-L.  
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Table 7.36  Accuracy analysis values of FFBPNN-L and ABC with FFBPNN-L 

 

Number of Frames FFBPNN-L ABC with FFBPNN-L 

500 0.92230 0.93552 

600 0.92950 0.93655 

700 0.94009 0.95789 

800 0.94535 0.97066 

900 0.95810 0.98870 

1000 0.96039 0.99339 

 

The graphical representation of Table 7.36 is given in Figure 7.24 for the accuracy 

analysis using FFBPNN-L and ABC with FFBPNN-L.  Initially, when frames are 

increased from 500 to 600, there is a steady improvement in the accuracy values. 

However, a further increase in the number of frames significantly increased the 

accuracy of both scenarios.   

 

 

 

Figure 7.24  Accuracy analysis of FFBPNN-L and ABC with FFBPNN-L 
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The average accuracy analysis using both the neural network-based architectures is 

summarized in Table 7.37.  The average accuracy demonstrated over 1000 frames using 

CNN is 0.88083, ABC with CNN is 0.90395, FFBPNN-L is 0.94262 and ABC with 

FFBPNN-L is 0.96378.  This means that ABC with FFBPNN-L resulted in 6.20787% 

better accuracy as compared to ABC with CNN using 90:10 distribution of the dataset. 

 

Table 7.37 Average Accuracy values 

 

Parameter 

Algorithm 

CNN ABC with CNN FFBPNN-L 
ABC with 

FFBPNN-L 

Average 

Accuracy 
0.88083 0.90395 0.94262 0.96378 

 

 

7.4 Overall Findings 

 

The below figures 7.25 to 7.28 show the average values of all the results ( 500 frames to 

1000 frames) with ratios 70:30, 80:20 and 90:10 for TPR, FPR, kappa and accuracy 

using algorithms CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L. 

 

 

 

Figure 7.25  Plots show TPR values with 70:30, 80:20 and 90:10 ratios for (a) CNN, 

(b) ABC with CNN, (c) FFBPNN-L and (d) ABC with FFBPNN-L 
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Figure 7.26  Plots show FPR values with 70:30, 80:20 and 90:10 ratios for (a) CNN,   

(b) ABC with CNN, (c) FFBPNN-L and (d) ABC with FFBPNN-L 

 

 

 

Figure 7.27  Plots show Kappa values with 70:30, 80:20 and 90:10 ratios for (a) CNN, 

(b) ABC with CNN, (c) FFBPNN-L and (d) ABC with FFBPNN-L 
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Figure 7.28 Plots show Accuracy with 70:30, 80:20 and 90:10 ratios for (a) CNN, (b) 

ABC with CNN, (c) FFBPNN-L and (d) ABC with FFBPNN-L 

 

The plots in Figure 7.25 show that the results with a 90:10 ratio are better in all cases of 

the algorithm, but ABC with FFBPNN-L gives the TPR value 0.953783 which shows 

that the algorithm FFBPNN with ABC gives the better results with a ratio of 90:10.  

 

A similar way Figure 7.26 shows the FPR values, which represent the FPR value 

0.118776, which is better than other algorithms, and the 90:10 ratio in FFBPNN-ABC 

shows improved results. As the false positive rate represents the proportion of negative 

instances that are incorrectly classified as positive. 

 

Figure 7.27 shows the value of Kappa in the case of CNN and ABC. CNN is decreased 

at a 90:10 ratio, but FFBPNN shows better results with a 90:10 instead of an 80:20 

ratio.  

 

Accuracy results shown in Figure 7.28, FFBPNN-L shows better results with 90:10. 

The importance of this 90:10 split in this research is to train a CNN effectively with 

limited data. The use of original data, which highlights the significance of the study's 

conclusions, is its key component. In contrast to secondary data (online available data), 

primary data (data collected for research) is taken straight out of real, actual situations.  

 

The findings from this chapter shows the best result with the 90:10 distribution of data 

with optimization. 
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Table 7.38  shows the comparison of 80:20 and 90:10 ratio results. The proposed 

algorithm FFBPNN-L with ABC compared to CNN with ABC shows that; 

• TPR has improved by 11.79%,  

• FPR has improved by 5.17%,  

• Kappa has improved by 4.42%  

• Accuracy has improved by 6.20%.  
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Table 7.38  Comparison of average values of 80:20 ratio with 90:10 ratio  

Average  

80:20 ratio 90:10 ratio 

using 

CNN 

using 

ABC 

with 

CNN 

using 

FFBPNN-L 

using ABC 

with 

FFBPNN-L 

using 

CNN 

using 

ABC 

with 

CNN 

using 

FFBPNN-L 

using ABC 

with 

FFBPNN-L 

TPR 0.80994 0.83161 0.91440 0.93536 0.81637 0.84128 0.93016 0.95378 

FPR 0.15306 0.13866 0.14416 0.13176 0.14206 0.12602 0.13290 0.13290 

Accuracy 0.87459 0.89602 0.87111 0.93121 0.88083 0.90395 0.94262 0.96378 
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7.5 Summary and Contribution of the Chapter 

 

The chapter provides detailed simulation analysis to support the proposed multiclass 

classification model based on CNN and FFBPNN-L architecture. The performance of 

the designed model is supported by a two-fold comprehensive analysis conducted by 

varying the training to testing dataset size as well as number of hidden layers. The 

metrics used for the comparison were TPR, FPR, Kappa and accuracy of prediction and 

classification of HR which are computed based on the mathematical relation between 

the confusion matrix parameters. The analysis shows that when more data is used for 

the training of the system it yields best prediction outcomes. This is due to the fact that 

increased amount of data will be available for the system to learn from to refine it 

prediction capabilities.  
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Chapter 8  

Conclusion and Future Work 

 

The fields of computer vision and computational photography have made it possible to 

measure physiological and other vital signs using cameras.  This effort brings together 

knowledge from these fields and signals processing, machine learning, biomedical 

engineering, optics, and medicine to develop technologies that allow the environment's 

scalable and accessible physiological monitoring and monitoring.  However, these 

changes in the colour contrast cannot be viewed directly from the naked eye, and hence 

the extracted portion needs to be magnified to detect heart rate or any ground truth for 

the manner.  In the case of the proposed work, it has been identified from the studied 

literature that Euler video magnification is one of the best suitable techniques for video 

magnification.  Due to the rising number of deaths caused by heart attacks throughout 

the globe, it has been the entire duty of academics and industry to do everything 

possible to prevent these tragedies from occurring.  During a change in heart rate that 

might also result in a condition that could be unpleasant for the user, all of the vital 

indicators for the detection could not be seen with the naked eye, making it challenging 

to identify the change.  

 

The proposed work has utilised upper body video covering the face as the primary 

object, extracted forehead once the video is magnified and post magnification, Artificial 

Bee Colony, which is Swarm Inspired algorithm, has been applied to select the most 

relevant pixel distribution that is significant to a specific supplied heart rate.  The heart 

rate is divided into three following categories in which the rate varies from 60 beats per 

minute to 120 beats per minute.  The sole objective is to optimize the training attained 

by the Levenberg support Feed-Forward Back Propagation mechanism with a varying 

number of hidden layers.  As described in the introduction Convolution Neural Network 

was expected to be a primary classifier.  Still, due to the global pandemic situation, the 

required number of videos to be collected using the university's research facility was not 

collected.  Hence to comprehend convolution networks, a propagation-based neural 

network is applied that also requires feature extraction.  To support the training, neural 

networks have been supplied with histogram-oriented features.  A varying validation of 

70:30, 80:20 and 90:10 for training and test data is being utilised from the collected 
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frames that have been extracted from videos and are also shown in the proposed work 

sections of the thesis. 

 

Many hidden layers are considered and examined in terms of the algorithm's 

performance in line with performance metrics such as True Positive Rate, False Positive 

Rate, Kappa analysis, and Accuracy analysis.  Models such as the Feed Forward Back 

Propagation Neural Network-Levenberg (FFBPNN-L) algorithm, the Convolutional 

Neural Network (CNN) algorithm, and the Artificial Bee Colony (ABC) algorithm with 

CNN are compared to other algorithms, such as the FFBPNN-L algorithm.  In addition, 

several configurations of concealed layers were selected for the investigation.  

Comparing the suggested method to all the other algorithms, the findings demonstrate 

that the Artificial Bee Colony algorithm using Feed Forward Back Propagation Neural 

Network algorithm with a 20-layer architecture is very efficient. 

 

 

8.1 Performance Metric Analysis based on CNN  

 

The average outcomes of the performance analysis conducted based on CNN 

architecture with and without ABC, and three distributions of data using 20 layers are 

summarized in Table 8.1. 
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Table 8.1  Average Performance based on CNN architecture.  

Training to 

Testing 

Dataset 

Variations 

Average TPR Average FPR Average Kappa Average Accuracy 

CNN  

ABC 

with 

CNN 

CNN  

ABC 

with 

CNN 

CNN  

ABC 

with 

CNN 

CNN  

ABC 

with 

CNN 

Using 70:30 

distribution 
0.811 0.829 0.161 0.146 0.839 0.859392 0.853 0.869 

Using 80:20 

distribution 
0.809 0.831 0.153 0.138 0.873 0.884 0.874 0.896 

Using 90:10 

distribution 
0.816 0.841 0.142 0.126 0.876 0.896 0.880 0.903 
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8.2 Performance Metrics based on FFBPNN-L with ABC 

 

The average outcomes of the performance analysis conducted based on FFBPNN-L 

architecture and three distributions of data using 20 layers are summarized in Table 8-2.   
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Table 8.2  Average Performance based on FFBPNN-L architecture 

 

Training to 

Testing 

Dataset 

Variations 

Average TPR Average FPR Average Kappa Average Accuracy 

FFBPNN-L 
ABC with 

FFBPNN-L 
FFBPNN-L 

ABC with 

FFBPNN-L 
FFBPNN-L 

ABC with 

FFBPNN-L 
FFBPNN-L 

ABC with 

FFBPNN-L 

Using 

70:30 

distribution 

0.894 0.904 0.149 0.134 0.880 0.900 0.882 0.0907 

Using 

80:20 

distribution 

0.914 0.935 0.144 0.131 0.907 0.924 0.871 0.931 

Using 

90:10 

distribution 

0.930 0.953 0.133 0.132 0.937 0.937 0.943 0.963 
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Overall, the results compared with the proposed algorithm FFBPNN-L with ABC 

compared to CNN with ABC that TPR has been improved by 8.24%, Kappa coefficient 

has been improved by 4.58%.  The limited dataset shows better results for FFBPNN-L, 

such that ABC with FFBPNN-L resulted in 4.25% better accuracy than ABC with CNN.  

Thus, FFBPNN-L with the integration of ABC shows improved results than when ABC 

is integrated with CNN.  CNN architecture is a self-learning neural network that usually 

learns from a large dataset.  This outcome with better performance of FFBPNN over 

CNN is mainly due to the smaller dataset size available for the research. 

  



Chapter 8 

188 

 

8.3 Contribution of the Research 

 

This research work designed a Swarm Intelligence based improved algorithm that uses 

ABC with a novel fitness function.  Validations over the proposed algorithm have been 

made based on quantitative parameter analysis.  In addition, several configurations of 

concealed layers were selected for the investigation.  Comparing the suggested method 

to all the other algorithms, the findings demonstrate that the Artificial Bee Colony 

algorithm using Feed Forward Back Propagation Neural Network algorithm with a 20-

layer architecture is very efficient. 

 

 

8.4 Limitations 

• In the proposed work, neural network based machine learning demonstrated best 

performance. However, the unavailability of large data set for the training 

purposed limits its functionality. 

• At present the number of neural layers is limited upto 20 and hyperparameter 

tuning is missing at present that can further refine the overall prediction analysis. 

• The camera specifications, out of plane recording may also limit the accuracy of 

HR prediction.   

• The illumination levels may also govern the colour intensity over the skin 

surface and leads to non-reliable results in such particular conditions. 

 

 

8.5 Future Scope 

 

The work provided here may be used with affective computing research to determine a 

person's heart rate without the need for the individual to wear a heart rate monitor on 

their person.  It also has the potential to be used in hospitals to forecast heart rate as 

patients walk into the facility, without the need for the patient to remain in a fixed 

posture.  This development will also detect heart rate when a person is doing an activity 

in the gym without scaring the subject by maintaining a close distance from them.  

Future research expansions could be devoted to predicting pulse rate in environments 

where subjects are required to walk longer distances, where gender difference is 
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considered an experimental design factor, and where activities other than motions 

performed before the subjects' laptops/desktop computers are devised as part of the 

experimental design, among other things. 
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Appendix A: Approval Forms for Data Collection 

 

Section A–1: Completed Auckland University of Technology Ethics Committee 

Application Form (EA1) 

Section A–2: Participant Information Sheet 

Section A–3: Consent Form 

Section A–4: Advertising Poster 

Section A–5: Acceptance Letter Granting Ethical Approval 
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Section A–1: Completed Auckland University of Technology Ethics Committee 

Application Form (EA1) 
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Section A–2: Participant Information Sheet 
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Section A–3: Consent Form 
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Section A–4: Advertising Poster 
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Section A–5: Acceptance Letter Granting Ethical Approval
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Appendix B: Record of Data Collection  
 

B-1: Data for the main study 

B-2:  Data sheet of Pulse Oximeter 
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B-1: Data for the main study 

 

Participant 

Number  
File Name Age 

Heart Rate (bpm) 

Maximum Minimum Average 

1 V001 33 82 75 79 

2 V002 30 70 65 68 

3 V003 32 82 75 79 

4 V004 28 96 90 93 

5 V005 27 92 85 89 

6 V006 24 72 65 69 

7 V007 29 107 98 103 

8 V008 24 71 65 68 

9 V009 26 74 68 71 

10 V010 31 100 87 94 

11 V011 28 75 70 73 

12 V012 25 79 65 72 

13 V013 33 84 78 81 

14 V014 35 77 69 73 

15 V015 34 80 72 76 

16 V016 22 78 70 74 

17 V017 34 75 68 72 

18 V018 35 72 65 69 

19 V019 29 87 80 84 

20 V020 22 80 75 78 

21 V021 26 80 75 78 

22 V022 31 71 65 68 

23 V023 32 82 77 80 

24 V024 29 79 70 75 

25 V025 27 87 76 82 

26 V026 26 80 73 77 
27 V027 25 92 85 89 
28 V028 32 90 83 87 
29 V029 26 86 79 83 
30 V030 29 87 80 84 
31 V031 25 77 70 74 
32 V032 28 75 68 72 
33 V033 30 72 65 69 
34 V034 33 68 61 65 
35 V035 21 69 62 66 
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B-2: Data sheet of Pulse Oximeter 
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Appendix C: Detected Frames 
 

C-1:  Simulation results of Video V007 

C-2:  Simulation results of Video V015 
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C-1: Results of video V007 of participant number 07 

 

Figure C1 shows the simulation panel, where (A) is the original input video (B) is the 

processing of detection of face from each frame (C) Detected face frame (D) selection 

of region of interest (forehead) and (E) Optimized Region of interest and (F) is the 

feature extraction using Histogram Oriented Gradients  

 

 

 

Figure C.1 MATLAB Simulation Panel 
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Figure C.2 Frames extracted from input video (Frame number 70 to 80)  

 

 

 

Figure C.3 Face detection frames from extracted frames (Frame number 70 to 80) 

 

 

 

Figure C.4 Detection of forehead from face frames (Frame number 70 to 80) 

 

 

 

 

Figure C.5 Forehead frames after optimization (Frame number 70 to 80) 
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C-2: Results of video V015 of participant number 15 

 

Figure C6 shows the simulation panel, where (A) is the original input video (B) is the 

processing of detection of face from each frame (C) Detected face frame (D) selection 

of region of interest (forehead) and (E) Optimized Region of interest and (F) is the 

feature extraction using Histogram Oriented Gradients  

 

 

 

 

 

Figure C.6 Simulation Panel with HOG feature extraction  
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Figure C.7 Frames extracted from input video 

 

 

 

Figure C.8 Face detection frames from extracted frames 

 

 

 

Figure C.9 Detection of forehead from face frames 

 

 

 

Figure C.10 Forehead frames after optimization 
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Appendix D: MATLAB Code for Training  
 

D-1: ANN code 

D-2: Training state  

D-3: Error Histogram  

D-4: Confusion Matrix 

D-5: Receiver Operating Characteristics 

 

  



 

228 

D-1: ANN code 

 

TrainingData=[AllNormal; AllModerate; AllHigh]; % normal 60-80, moderate 81-100 

and high 101-120 

Target=[]; 

for i=1:size(TrainingData,1) 

    if i<=size(AllNormal,1) 

        Target(1,i)=1; 

        Label(i)=1; 

    elseif i>size(AllNormal,1) & i<=size(AllNormal,1)+size(AllModerate,1) 

        Target(2,i)=1; 

        Label(i)=2; 

    elseif i>size(AllNormal,1)+size(AllModerate,1) 

        Target(3,i)=1; 

        Label(i)=3; 

    end 

end 

[rows,cols]=size(AllNormal); 

net=patternnet(10); 

net.trainParam.epochs=1000; 

net.divideParam.trainRatio = 70/100; % 70 percent data for training 

net.divideParam.valRatio = 15/100;   %15 percent for Validation                                                                                                

net.divideParam.testRatio = 15/100; % 15 percent for test 

net=train(net,TrainingData',Target); 

total_frames=numel(AllHOG); 

TestData=[]; 

for i=1:total_frames 

    cr=AllHOG{i}; 

    for j=1:cols 

        TestData(i,j)=cr(1,j); 

    end 

     

     

end 

%TestData=TrainingData'; 

Result=sim(net,TestData); 

[MatchingRatio,Category]=max(Result); 

[C_matrix,Result,RefereceResult]=ClassificationScore(Label,Category); 
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D-2:  Training state  

 

Figure D1 shows the neural network training state of at epoch 23.  

 

 

 
 

Figure D1 Neural Network training state  
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D-3: Error Histogram  

 

Figure D2 shows the neural network training error histogram at epoch 23.  

 

 

 
 

Figure D2 Neural Network training error histogram   
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D-4: Confusion Matrix 

 

Figure D3 shows the neural network training confusion matrix which shows how the 

data is separated into classes and output and target class for training, validation and test 

are shown.  

 

 
 

Figure D3 Neural Network training confusion matrix 
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D-5: Receiver Operating Characteristics 

 

Figure D4 shows the Neural Network training receiver operating characteristics (ROC) 

for all classes for training, validation and test ROC for true positive rate.  

 

 
Figure D4 Neural Network training receiver operating characteristics  
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Appendix E: Results  

 

Section E–1: Using 5 Layered Neural Architecture  

Section E–2: Using 15 Layered Neural Architecture  
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E-1: Using 5 Layered Neural Architecture 

 

In this section the performance parameters of proposed algorithms are been evaluated 

and displayed in accordance with the 5 hidden layers in the neural network architecture 

considering different ratios of training and testing data sets. 

 

E1.1 For 70:30 ratio 

 

In this, the videos dataset is divided into 70:30 ratio where 70% of the dataset is used 

for training and 30% for testing. The techniques used are Convolutional Neural 

Network (CNN), Artificial Bee Colony (ABC) with CNN, Feed Forward Back 

Propagation Neural Network-Levenberg (FFBPNN-L), and ABC with FFBPNN-L.  
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Figure E1 displays the True Positive Rate (TPR) analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. It is observed that with 

increase in number of frames, the TPR of both the techniques has been gradually increased. The average TPR of CNN is 0.77, ABC with CNN is 0.79, 

FFBPNN-L is 0.85 and ABC with FFBPNN-L is 0.86. It is obsevered that proposed method FFBPNN-L have more TPR as compare to other 

algorithms. 

 

Figure E1  TPR analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

  

500 600 700 800 900 1000

 CNN 0.76189 0.76323 0.76460 0.77260 0.78533 0.79573

 ABC with CNN 0.77459 0.77842 0.77873 0.79147 0.80438 0.81870

 FFBPNN-L 0.83347 0.83492 0.84287 0.85830 0.86561 0.88103

 ABC with FFBPNN-L 0.84618 0.84992 0.85318 0.86374 0.87477 0.88940
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Figure E2 displays the False Positive Rate (FPR) analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. The average FPR of CNN 

is 0.18, ABC with CNN is 0.17, FFBPNN-L is 0.18 and ABC with FFBPNN-L is 0.16. It is observed that FPR is less in the proposed method 

FFBPNN-L. 

 

 

Figure E2  FPR analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

 

 

500 600 700 800 900 1000

 CNN 0.17147 0.17462 0.17736 0.18823 0.19957 0.21370

 ABC with CNN 0.15825 0.15900 0.16703 0.17660 0.18073 0.19280

 FFBPNN-L 0.16661 0.16832 0.17792 0.19585 0.20190 0.21701

 ABC with FFBPNN-L 0.15233 0.15326 0.16267 0.16564 0.18052 0.19564
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Figure E3 is the Kappa analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. The curve of both the algorithms had increased 

gradually. The average Kappa of CNN is 0.80, ABC with CNN is 0.82, FFBPNN-L is 0.83 and ABC with FFBPNN-L is 0.85.  

 

Figure E3  Kappa analysis of of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

 

 

500 600 700 800 900 1000

 CNN 0.79415 0.79516 0.79624 0.79946 0.79966 0.81822

 ABC with CNN 0.80686 0.80769 0.81183 0.81887 0.82529 0.84960

 FFBPNN-L 0.82538 0.82697 0.83139 0.83692 0.84552 0.86471

 ABC with FFBPNN-L 0.83809 0.84118 0.84694 0.86395 0.87064 0.89536
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Figure E4 is the Accuracy analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. The curve of both the algorithms had increased 

gradually. The average accuracy of CNN is 0.81, ABC with CNN is 0.83, FFBPNN-L is 0.84 and ABC with FFBPNN-L is 0.86. Result compared to 

proposed algorithm ABC with FFBPNN-L has a more accuracy.  

 

Figure E4  Accuracy of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

  

500 600 700 800 900 1000

 CNN 0.79721 0.80107 0.80208 0.81533 0.82602 0.84632

 ABC with CNN 0.80992 0.81057 0.81712 0.82665 0.84988 0.87005

 FFBPNN-L 0.81702 0.81781 0.82752 0.84549 0.85883 0.88569

 ABC with FFBPNN-L 0.83264 0.83377 0.85250 0.86619 0.89150 0.92905
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E1.2 For 80:20 ratio 

 

In this part, the dataset is divided into 80:20 ratio where 80% of the dataset is used for training and 20% of the dataset is used for testing 

The TPR analysis of CNN and ABC with CNN, FFBPNN-L and ABC with FFBPNN-L is shown in the Figure E5. The TPR have gradually increased 

with the number of frames. The average TPR of CNN is 0.77 and ABC with CNN is 0.79 and FFBPNN-L is 0.87 whereas ABC with FFBPNN-L is 

0.89. 

 

Figure E5  TPR analysis of CNN and ABC with CNN and FFBPNN-L and ABC with FFBPNN-L 

 

500 600 700 800 900 1000

 CNN 0.76470 0.76539 0.76571 0.76834 0.78004 0.78883

 ABC with CNN 0.77741 0.78013 0.78507 0.78802 0.79933 0.82688

 FFBPNN-L 0.85287 0.85680 0.86696 0.87210 0.88257 0.89904

 ABC with FFBPNN-L 0.86558 0.87036 0.88230 0.89603 0.90860 0.93197
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Figure E6 displays the FPR analysis of CNN and ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. The curve of CNN started at 0.15 and 

ended at 0.20. The curve of ABC with CNN started at 0.14 and ended at 0.18. The average of CNN value of FPR is 0.17 and ABC with CNN is 0.16. 

Average of FPR of FFBPNN-L is 0.18 and ABC with FFBPNN-L is 0.16.  

 

Figure E6  FPR analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

  

500 600 700 800 900 1000

 CNN 0.15916 0.16354 0.17116 0.17639 0.19127 0.20438

 ABC with CNN 0.14594 0.15218 0.15937 0.16334 0.17282 0.18336

 FFBPNN-L 0.16421 0.16673 0.17214 0.18713 0.18993 0.20327

 ABC with FFBPNN-L 0.14993 0.15726 0.16312 0.17086 0.17301 0.17620
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Figure E7 depicts the kappa analysis of algorithms CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. It is observed that there is increase 

in curves with increase in number. The average values of Kappa for CNN 0.83, ABC with CNN 0.84, FFBPNN-L 0.86 and ABC with FFBPNN-L 

0.88. 

 

Figure E7  Kappa analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

 

 

  

500 600 700 800 900 1000

 CNN 0.80977 0.81105 0.82123 0.83477 0.84743 0.87285

 ABC with CNN 0.82247 0.82500 0.83015 0.84471 0.86024 0.88869

 FFBPNN-L 0.84705 0.84907 0.85899 0.86071 0.87315 0.89924

 ABC with FFBPNN-L 0.85976 0.86272 0.87589 0.87653 0.89865 0.91976
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The accuracy of all algorithms is depicted in the line graph shown in Figure E8. The average accuracy of CNN is 0.83 and ABC with CNN is 0.85 its 

similar for FFBPNN-L 0.83 and 0.89 ABC with FFBPNN-L. It shows the accuracy values of all algorithms and ABC with FFBPNN-L had more 

accuracy.  

 

Figure E 8  Accuracy analysis of values of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

 

  

500 600 700 800 900 1000

 CNN 0.81283 0.81667 0.82585 0.84127 0.84319 0.86956

 ABC with CNN 0.82845 0.82991 0.84020 0.85680 0.87405 0.90919

 FFBPNN-L 0.80950 0.81478 0.82187 0.82917 0.84522 0.86893

 ABC with FFBPNN-L 0.84571 0.85932 0.87489 0.88661 0.91467 0.95912
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E1.3 For 90:10 ratio 

In this part, the dataset is divided into 90:10 ratio where 90% of the dataset is used for training and 10% of the dataset is used for testing. The Figure 

E9 displays the TPR analysis of all algorithms. It is observed that TPR had gradually increased. The average TPR of CNN is 0.77, ABC with CNN is 

0.80, FFBPNN-L is 0.88 and ABC with FFBPNN-L is 0.91. As a result, as compared to the FFBPNN-L algorithm, ABC with FFBPNN-L has a TPR 

of 0.6% higher 

 

Figure E 9  TPR analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L  

  

500 600 700 800 900 1000

 CNN 0.76751 0.76755 0.77578 0.78022 0.78371 0.79495

 ABC with CNN 0.78022 0.78450 0.79414 0.80802 0.81385 0.83122

 FFBPNN-L 0.87150 0.87310 0.87428 0.88416 0.89685 0.92065

 ABC with FFBPNN-L 0.88420 0.88807 0.89871 0.91570 0.93091 0.95933
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The graph shown in Figure E10 is the FPR of all algorithms. It is observed that the curve of FPR have gradually increased with increase in number of 

frames. The average of FPR for CNN is 0.17, ABC with CNN is 0.15, FFBPNN-L is 0.16 and ABC with FFBPNN-L is 0.14. 

 

.  

Figure E 10  FPR analysis of CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L 

 

 

500 600 700 800 900 1000

 CNN 0.15875 0.16515 0.16999 0.18048 0.19539 0.20313

 ABC with CNN 0.14447 0.14461 0.14622 0.15457 0.17235 0.18480

 FFBPNN-L 0.15102 0.15277 0.15344 0.16444 0.18178 0.19546

 ABC with FFBPNN-L 0.13674 0.14087 0.14569 0.14988 0.15398 0.16584
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The Figure E11 depicts the kappa analysis of algorithms CNN, ABC with CNN, FFBPNN-L and ABC with FFBPNN-L. It shows the values of Kappa 

of all algorithms and average of CNN is 0.83, ABC with CNN is 0.85, FFBPNN-L is 0.89 and ABC with FFBPNN-L is 0.91. 

 

 

Figure E 11  Kappa analysis of CNN and ABC with CNN 

 

500 600 700 800 900 1000

 CNN 0.82538 0.82963 0.83372 0.83387 0.83865 0.85386

 ABC with CNN 0.83809 0.83967 0.85067 0.85590 0.86742 0.88602

 FFBPNN-L 0.87829 0.87954 0.88185 0.89741 0.89811 0.92551

 ABC with FFBPNN-L 0.89099 0.89419 0.90901 0.91378 0.92928 0.94945
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The accuracy of the algorithms CNN and ABC with CNN is depicted in the Figure E12 The curve had highly increased with increase in number of 

frames. The average of CNN is 0.84, ABC with CNN is 0.86, FFBPNN-L is 0.89 and ABC with FFBPNN-L is 0.92. Proposed algorithm had high 

accuracy as compared to other algorithms. 

 

 

Figure E 12  Accuracy analysis of CNN and ABC with CNN 

 

 

 

500 600 700 800 900 1000

 CNN 0.81962 0.82133 0.83116 0.84441 0.85795 0.87060

 ABC with CNN 0.83524 0.83938 0.85490 0.86942 0.88291 0.90209

 FFBPNN-L 0.88665 0.89093 0.89401 0.89813 0.90669 0.92272

 ABC with FFBPNN-L 0.89936 0.89945 0.91117 0.92332 0.93901 0.96918
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E-2: Using 15 Layered Neural Architecture 

 

In this section the performance parameters of proposed and existing algorithms are been evaluated and displayed in accordance with the 15 hidden 

layers in the neural network architecture considering different ratios of training and testing data sets. 
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E2.1 For 70:30 ratio 

 

The Figure E13 shows the TPR analysis of all algorithms. The average TPR of CNN is 0.79, ABC with CNN is 0.81, FFBPNN-L is 0.87 and ABC 

with FFBPNN-L is 0.88. Hence, when compared with all the algorithms, the proposed algorithm is having high true positive rate.  

 

Figure E 13  TPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L  

  

500 600 700 800 900 1000

 CNN 0.78545 0.78683 0.78825 0.79650 0.80962 0.81197

 ABC with CNN 0.79855 0.80250 0.80281 0.81594 0.82925 0.83541

 FFBPNN-L 0.85925 0.86074 0.86894 0.88485 0.89238 0.89901

 ABC with FFBPNN-L 0.87235 0.87620 0.87956 0.89046 0.89537 0.90755
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The Figure E14 shows the FPR analysis of all algorithms. The average FPR of CNN is 0.18, ABC with CNN is 0.16, FFBPNN-L is 0.17 and ABC with 

FFBPNN-L is 0.15. Hence, when compared with all the algorithms, the proposed algorithm is having less false positive rate. 

 

 

Figure E 14 FPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 

 

  

500 600 700 800 900 1000

 CNN 0.16994 0.17255 0.17388 0.18436 0.19470 0.20951

 ABC with CNN 0.15684 0.15743 0.16296 0.17229 0.17569 0.18718

 FFBPNN-L 0.15285 0.15442 0.16323 0.17486 0.18189 0.19376

 ABC with FFBPNN-L 0.13975 0.14060 0.14924 0.15197 0.16561 0.17948

0.10

0.12

0.14

0.16

0.18

0.20

0.22

0.24

FP
R

Number of Frames



 

 

250 

The Figure E15 shows the Kappa analysis of all algorithms. The average Kappa of CNN is 0.82, ABC with CNN is 0.84, FFBPNN-L is 0.86 and ABC 

with FFBPNN-L is 0.88. Hence, when compared with all the algorithms, the proposed algorithm is having more value of kappa analysis. 

 

 

Figure E15 Kappa analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E16 shows the Accuracy analysis of all algorithms. The average accuracy of CNN is 0.83, ABC with CNN is 0.85, FFBPNN-L is 0.86 and 

ABC with FFBPNN-L is 0.88. Hence, when compared with all the algorithms, the proposed algorithm is having more accuracy. 

 

 

Figure E 16 Accuracy analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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E2.1 For 80:20 ratio 

 

The Figure E17 shows the TPR analysis of all algorithms. The average TPR of CNN is 0.79, ABC with CNN is 0.81, FFBPNN-L is 0.89 and ABC 

with FFBPNN-L is 0.91. Hence, when compared with all the algorithms, the proposed algorithm is having more true positive rate. 

 

Figure E 17 TPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L  
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The Figure E18 shows the FPR analysis of all algorithms. The average FPR of CNN is 0.17, ABC with CNN is 0.15, FFBPNN-L is 0.16 and ABC with 

FFBPNN-L is 0.15. Hence, when compared with all the algorithms, the proposed algorithm is having almost same false positive rate with CNN. 

 

 

Figure E18  FPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E19 shows the Kappa analysis of all algorithms. The average Kappa of CNN is 0.85, ABC with CNN is 0.86, FFBPNN-L is 0.88 and ABC 

with FFBPNN-L is 0.90. Hence, when compared with all the algorithms, the proposed algorithm is having more value of kappa analysis. 

 

 

Figure E 19 Kappa analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E20 shows the Accuracy analysis of all algorithms. The average accuracy of CNN is 0.85, ABC with CNN is 0.87, FFBPNN-L is 0.85 and 

ABC with FFBPNN-L is 0.91. Hence, when compared with all the algorithms, the proposed algorithm is having more accuracy. 

 

 

Figure E 20 Accuracy analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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E2.3 For 90:10 ratio 

 

The Figure E21 shows the TPR analysis of all algorithms. The average TPR of CNN is 0.80, ABC with CNN is 0.82, FFBPNN-L is 0.91 and ABC 

with FFBPNN-L is 0.93. Hence, when compared with all the algorithms, the proposed algorithm is having high true positive rate. 

 

 

Figure E 21  TPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E22 shows the FPR analysis of all algorithms. The average FPR of CNN is 0.16, ABC with CNN is 0.14, FFBPNN-L is 0.15 and ABC with 

FFBPNN-L is 0.15. Hence, when compared with all the algorithms, the proposed algorithm is having almost same false positive rate with CNN. 

 

 

Figure E 22 FPR analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E23 shows the Kappa analysis of all algorithms. The average Kappa of CNN is 0.86, ABC with CNN is 0.87, FFBPNN-L is 0.91 and ABC 

with FFBPNN-L is 0.93. Hence, when compared with all the algorithms, the proposed algorithm is having more value of kappa analysis. 

 

 

Figure E 23 Kappa analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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The Figure E24 shows the Accuracy analysis of all algorithms. The average accuracy of CNN is 0.86, ABC with CNN is 0.88, FFBPNN-L is 0.92 and 

ABC with FFBPNN-L is 0.94. Hence, when compared with all the algorithms, the proposed algorithm is having more accuracy. 

 

 

Figure E 24 Accuracy analysis of CNN, ABC with CNN,FFBPNN-L and ABC with FFBPNN-L 
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Appendix F: Published Papers 

 

Paper 1: G. Kaur and J. Kilby, “Contactless Heart Rate Measurement using Image 

Processing”, 43rd Annual International Conference of the IEEE Engineering in 

Medicine & Biology Society (EMBC) Oct 31 - Nov 4, 2021. Virtual Conference, pp. 

5184  

 

Paper 2: G. Kaur and J. Kilby, “Contactless Heart Rate Measurement using Image 

Processing”, 15th International Joint Conference on Biomedical Engineering Systems 

and Technologies BIOSTEC 2022, Vol. 4, pp. 111-116 

 

 

Paper 3: G. Kaur and J. Kilby, “Non-contact Methods for Heart Rate 

Measurement: A Review”, 2021 International Conference on Computing Sciences 

(ICCS), 978-1-6654-9445-8/2 IEEE, PP. 289-294 (Awarded Best paper)  

 

Paper 4: G. Kaur and J. Kilby, “Non-Contact Heart Rate Measurement using 

Video Magnification: A Review” Springer Nature Signal, Image and Video 

Processing (submitted) 

 

Paper 5: G. Kaur and J. Kilby, “An Optimized Artificial Bee Colony Algorithm 

for the Improvement of Heart Rate Detection from Video Frames” International 

Journal of advanced Science and Technology (IJAST) (submitted) 
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