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Abstract 

The body temperature is normally maintained within a narrow range. In a hot 

environment, however, heat gain can exceed heat loss and heat related disorders may 

occur. Heat-related disorders range in severity from a minor discomfort to life 

threatening. An excess of 14,800 deaths was reported during the 2003 heat wave in 

France. 

In this study, the effect of heat stress on the electrocardiogram (ECG) and the 

acceleration plethysmogram (APG) was investigated. The main peaks of the ECG and 

APG signals had to be detected in order to extract the features. Nine peak detection 

algorithms, described in literature, were examined but none of the nine these performed 

satisfactory when applied to the heat stress ECG or APG signals. A new peak detection 

technique achieved a comprehensive detection of more than 98 percent for both the ECG 

and APG signals without adjusting thresholds. 

A method to detect abnormalities using bior5.5 wavelet was developed and tested using 

the MT-BIH Arrhythmia Database. The method achieved successful separation of 

normal and abnormal beats. However, the technique did not detect significant changes 

in the ECG signals during heat stress. 

Results of ECG interval analysis were consistent with exercise tests in cooler conditions. 

An unexpected finding was the fact that the heart rate continued to increase, even 

though the exercise intensity and the environment remained the same. The heart rate 

variability indices seem to follow the change of the heart rate in the early stage of 

exercise, but not during the later stage of the test. This may be due to the fact that the 

heart is functioning close to its maximum capacity during the later stage of the test. 

The APG showed clear shape changes during heat stress for most subjects. Despites the 

large increase in the heart rate and the shape changes of the APG, the APG waveform 

could not be classified as one of the abnormal APG types described in literature. This 

indicates that the effect of heat stress is different from the previously described 

abnormalities. A decreasing depth at the d point of the APG was seen resulting in a 

smooth signal. An index to quantify this effect, the d point depression, was shown to 

correlate with both the heart rate and body core temperature. 
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Chapter 1.  

 

Introduction 

1.1 Background 

Humans are homeothermal beings. The body maintains an almost constant body 

temperature, which is distinct from the temperature of the surrounding environment [1]. 

A thermoregulation (temperature regulation) system in our body enables us to maintain 

the body temperature within a narrow range (36°- 38°C) by balancing heat gain and heat 

loss. 

In certain circumstances, however, the thermoregulation system fails to balance these 

two, and heat gain exceeds heat loss [2]. In other words, heat gain overcomes the body’s 

ability to maintain a normal temperature by dissipating excess heat [3-5]. This is when 

the body core temperature rises and heat-related disorders may develop.  

Heat-related disorders include heat rash (i.e. prickly heat), heat syncope (heat fainting), 

heat cramps, and heat exhaustion [2, 5]. The most severe form of heat-related disorders is 

heat stroke, which is a medical emergency. Death may occur if heat stroke is not treated 

promptly [3, 5]. It is therefore important to recognise the unique signs of heat stroke so 

that treatment can be administered [6]. 

Heat-related disorders can occur to anybody, young or old, or fit or healthy [7], but 

chances of developing heat-related disorders often vary. Newborn babies and elderly 

people have a larger risk of developing heat-related disorders because their 

thermoregulation mechanism is less effective [8]. A high level of physical fitness may 

increase heat tolerance [8-10]. Nevertheless, fit and experienced sports players still die 
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from heat stroke [9, 11].  

In hotter environments, chances of developing heat-related disorders can be higher. 

Because the body is constantly exposed to heat, it gains more heat than it can dissipate. 

This can be seen in excess mortality during heat waves. The European heat wave of 2003 

resulted in an excess of 14,800 deaths in France alone [12]. At the time of writing of this 

thesis (January 2009), a rising of deaths related to the heat wave in Southern Australia 

are being reported.  

For those who are engaged in sports or work in hot environments, managing heat-

related disorders is critical. Athletes and soldiers often suffer from heat-related 

disorders during games or exercise. People working in hot environments such in mines, 

oil rigs, agriculture, etc., are also at risk of heat-related disorders [4, 6, 13, 14]. 

In industry, heat-related disorders, especially life-threatening heat stroke, are an 

occupational health issue and affect productivity [14, 15]. A number of health and safety 

guidelines have been published by various organisations to protect workers in hot 

environments [13, 14, 16-18]. 

One of the solutions for managing heat-related disorders may lie in the examination and 

evaluation of biological signals during heat stress. A number of biological signals are 

affected by the heat stress; the body temperature being the most obvious one. The 

cardiovascular system is also affected by heat stress. During heat stress, the heart pumps 

more blood and the blood is diverted to the surface of the body in order to dissipate 

excess heat through the skin [16, 19]. This causes the heart to pump more blood, which 

can be seen as tachycardia (fast heart rate) in the electrocardiogram (ECG) [19]. As the 

result of diverting more blood to the surface skin for cooling, less blood goes to the 

muscles, the brain and other organs [9, 13, 20]. This can result in headache, dizziness, 

fatigue, loss of coordination, nausea, impaired judgement,   tingling in hands or feet, 

anxiety, etc. These symptoms are related to general health and well-being, which is 

difficult to quantify. The acceleration plethysmogram (APG), however, has been 
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proposed for examining general health and well-being [21-23], and may be able to 

measure these general symptoms of heat stress quantitatively.  

 

1.2 Aim of the Research 

The aim of this research is to examine the effect of heat stress on selected biological 

signals. Two biological signals were selected: the electrocardiogram (ECG) and the 

acceleration plethysmogram (APG).  

The ECG is one of the most commonly used diagnostic tools, reflecting the electrical 

information of the heart. It is known that heat-related disorders affect the cardiovascular 

system [24]. Hence, abnormalities in ECG recordings may be observed during heat 

stress. 

The plethysmogram is a pulse wave, which reflects a blood flow in the vessel. The APG 

is the second derivative of the plethysmogram. In a sense, the APG is a measure of the 

mechanical and fluid dynamic properties of cardiovascular system whereas the ECG is a 

measure of the electrical properties. Therefore, the APG can provide another dimension 

of information regarding the cardiovascular system. The APG is said to sensitively 

reflect the cardiac output [21, 25, 26], health state in general [21, 25, 26] including the 

progression of the diseases and mental stress [22, 23] and the autonomic system [27]. 

Typical symptoms or signs of heat-related disorders are related to general health and 

well-being; such as dizziness, weakness, confusion, drowsiness, nausea and anorexia, 

anxiety and headache [28]. The purpose of this research is to investigate whether  these 

symptoms are reflected in APG signals.  
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1.3 Approach 

To achieve the aim of this study, the following tasks were identified:  

• investigation of suitable signal processing techniques for the ECG and APG 

signals,  

• data acquisition of biological signals, ECG and APG, during exercise in a hot 

environment. This was realised by collecting ECG and APG data during a heat 

stress test which was part of the project organised by the Department of Defence, 

Defence Science and Technology Organisation (DSTO) and the School of Science 

and Primary Industries at Charles Darwin University,  

• examination of the heat stress ECG and APG signals. This involves developing 

suitable signal processing techniques for noisy heat stress ECG signals and 

developing new signal processing techniques for the APG signals.  

 

In the early stage of the study, signal processing techniques to detect abnormalities in 

ECG signals were investigated using the MIT-BIH Arrhythmia Database [29]. The ECG 

signals in this database have been annotated by cardiologists. For each beat the location 

of the R peak has been identified and abnormal beats have been classified.  

Later, ECG and APG signals were collected during a heat stress test as a minor part of a 

joint project between Charles Darwin University, Defence Science and Technology 

Organisation (DSTO) and Department of Defence. 

To examine the characteristics of the heat stress ECG, a filter for removing noise from 

the heat stress data and a peak detection algorithm to classify each beat needed to be 

developed. 

The APG is a relatively new measurement technique, and its characteristics are 

currently being a topic of investigation. Indices of the APG time domain features have 

been proposed and used to assess general health [26, 30, 31]. However, heat stress APG 

has not previously been described. Examination of the morphological changes in APG 

signals during the heat stress test was therefore conducted during this study. 
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1.4 Thesis Structure 

Chapters 2 and 3 provide a literature review in the area of heat stress, ECG and APG 

signals respectively. Chapter 4 discusses existing signal processing techniques for ECG 

and APG signals. In Chapter 5, a new technique is proposed to detect abnormalities in 

ECG signals using feature vectors derived from wavelet decomposed ECG signals. 

Abnormalities in ECG signals were expected as a potential effect of heat stress. The 

technique was tested using the MIT-BIH Arrhythmia Database.  

The heat stress test data collection is explained in Chapter 6.  

Chapter 7 describes the application of the existing peak detection algorithms to the heat 

stress data and explains the need for implementing a new technique for the heat stress 

test. Chapter 8 then discusses the developed peak detection technique and reports the 

results of its application for the heat stress test. 

The features extracted from the heat stress data and the results of the evaluation of the 

effect of heat stress on ECG and APG signals are described in Chapter 9. 

Chapter 10 contains the conclusions  followed by recommendation for future research in 

Chapter 11. 
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Chapter 2.  

 

Heat Stress 

The purpose of this study is to investigate the effect of heat stress. In order to do so, it is 

important to understand how the human body regulates temperature, and how and 

when it fails.  

This chapter explains the basic mechanisms of the thermoregulation system and gives 

an overview of heat-related disorders. This is followed by a description of the 

relationship between heat-related disorders and biological signals. 

2.1 Thermoregulation Mechanism 

The human body has a thermoregulation (temperature regulation) system to maintain a 

certain body temperature, regardless of changes in environmental conditions. The 

mechanism of the thermoregulation system is complex and involves nearly all organ 

systems [28]. However, the fundamental principle of the thermoregulation system is 

balancing heat gain and heat loss [32]. When the body fails to balance these two and heat 

gain exceeds heat loss, the body’s core temperature rises and heat-related disorders may 

occur.  

Heat gain and heat loss are described in detail in the following section. 
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Heat Gain 

A body gains heat in two ways: external (environmental) heat gain and internal 

(metabolic) heat gain [33]. 

External heat gain is from the environment through radiation or convection [8, 28]. 

When air temperature exceeds skin temperature, a net flow of heat towards the body 

occurs [8]. The body can also gain heat from distant objects, which are hotter than the 

body, such as the sun, without contact; this is called radiant heat gain  [34, 35]. 

Internal heat gain is the result of the body’s metabolism. Exercise increases the 

metabolic rate by a factor of 5 - 15 compared to the metabolic rate at rest [9]. Robertshaw 

showed a slightly higher figure, 10 – 20 times, in his paper [8]. Only 20 percent of the 

energy produced by exercise is converted into mechanical energy [36]. Hence, 

approximately 80 percent of metabolic energy is converted into to heat, that needs to be 

dissipated to maintain a heat balance within the body [9]. If this heat is not dissipated, 

the body temperature will rise [36].   

Heat Loss 

Excess heat is dissipated through radiation, convection, conduction, and evaporation. 

The dominant mechanism of heat loss depends on the ambient temperature. At low 

ambient temperatures (5 - 10 °C), dry heat loss (i.e., heat loss through radiation and 

convection) is greater than heat loss through evaporation. At high ambient temperatures, 

evaporative heat loss predominates [36]. In hot environments, evaporation of sweat 

from the skin is the main method of heat loss.  

The body regulates its internal temperature primarily through varying the rate and 

amount of blood circulation through the skin and release of fluid onto the skin via the 

sweat glands [37]. The human body regulates its temperature around a set-point 

temperature [36]. When the temperature increases above the set-point temperature, heat 

loss responses are initiated [36]. The first response is to increase blood circulation 

through the skin. During this process, the heart pumps more blood, and blood circulates 



 
Chapter 2. Heat Stress 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

37 

to the surface of the skin, where the excess heat is lost to the cooler environment. If this 

heat loss is not adequate, and the brain continues to sense overheating, it signals the 

sweat glands in the skin to shed large quantities of sweat onto the skin surface. 

Evaporation of sweat cools the skin and eliminates heat from the body [16]. 

2.2 Heat Stress and Heat-related Disorders 

Heat stress and heat-related disorders are a serious concern in many industries. It is 

critical for those who are engaged in sport or work in hot environments to manage heat-

related disorders. Athletes, soldiers or people working in hot environments such as in 

mining, oil rigs, agriculture, etc., often suffer from heat-related disorders [7, 11, 13-16]. 

In hot and humid environments, cooling of the body becomes more difficult. The closer 

the environmental temperature approaches to the body temperature, the less excess heat 

can be lost to the environment through convection or radiation. If the humidity is high, 

sweat cannot be evaporated effectively. If the excess heat is not dissipated, the core 

temperature rises, and heat-related disorder occurs. Heat stress causes heat-related 

disorders. ‘Heat-related disorders’ are also referred to as ‘heat-related illnesses’ in 

literature [7, 9, 38]. However, the word ‘heat-related disorders’ is adapted in this thesis. 

The cardiovascular system plays a significant role in temperature regulation [38]. As 

mentioned earlier, during heat stress, the heart pumps more blood and the blood is 

diverted to the surface of body in order to dissipate excess heat through the skin [8, 16]. 

This increase in pumping of the heart can be seen as tachycardia (fast heart rate) in the 

ECG [19]. The blood vessels also dilate to allow more heat-carrying blood to enter the 

skin surface to be cooled [39]. As the result of this, less blood goes to the muscles, the 

brain and other organs [6, 8]. This is why people feel weak, less alert and lose the ability 

to use good judgement. The ability to comprehend and retain information may decrease, 

which could cause accidents [16].  

The effects of heat stress vary from simple discomfort to a life threatening disorder [6]. 
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Heat-related disorders are often classified as heat rash, heat syncope, heat cramps, heat 

exhaustion, and the most severe case, heat stroke. Heat stroke is a medical emergency 

and may cause permanent brain damage or death [16]. 

Heat Rash 

Heat rash is also called miliaria rubra or prickly heat. It is a superficial fine eruption with 

red skin. It is usually relieved in days to weeks by removal of thermal stress and regular 

skin cleansing [36].  

Heat Syncope 

Heat syncope is a brief fainting episode caused by salt and water depletion, often 

subsequent to prolonged standing [36]. The symptoms are tunnel vision, vertigo, nausea 

and weakness. Sufferers who are moved to a cooler area usually recover promptly [40]. 

Heat Cramps 

Heat cramps are usually caused by heavy sweating, especially when salt and potassium 

intake are insufficient [15]. The symptoms are painful muscle spasms following hard 

work in a hot environment. Heat cramps do not result in permanent damage. They 

usually affect the arms, legs, or stomach [6, 15, 16]. 

Heat Exhaustion 

Heat exhaustion occurs when they body’s cooling system is overworked, but has not 

completely shut down [6]. The enlarged surface of the blood vessels and capillaries for 

cooling blood collapse from loss of body fluids and minerals. It is usually caused by 

heavy sweating, especially when fluid and mineral intake is insufficient [15, 16]. The 

symptoms are: headache, heavy sweating, intense thirst, dizziness, fatigue, loss of 

coordination, nausea, impaired judgement, loss of appetite, hyperventilation, tingling in 

hands or feet, anxiety, cool moist skin, weak and rapid pulse (120 – 200 beats per min), 

normal or slightly elevated body temperature, and low to normal blood pressure. 

Unconsciousness may occur [15, 41]. 
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Heat Stroke 

Heat stroke is a life threatening disorder with a high mortality rate (10 – 80 percent) [28]. 

Heat stroke may be preceded by heat cramps or heat exhaustion, see above, but this is 

not always the case [6]. Heat stroke is sometimes mistaken for a heart attack [6]. This 

may prevent appropriate treatment. Heat stroke is caused by depletion of water and salt 

supply to the body system. The symptoms in the early stage of heat stroke are: high 

body temperature, hot red or flushed dry skin (maybe present for the exertion-induced 

heat stroke), rapid pulse, difficulty breathing, constricted pupils, any or all symptoms 

mentioned in heat exhaustion but more severe, bizarre behaviour, mental confusion, 

and a higher blood pressure than normal [19]. Advanced symptoms may indicate 

seizure or convulsions, collapse, coma [15].   

Heat stroke can happen to all age groups. Some authors claim that the heat stroke is 

often underdiagnosed [33, 42, 43]. Heat tolerance varies from person to person 

depending on their general health, fitness level, acclimatisation level, age, etc. [24, 44, 

45]. Even lack of sleep may increase the risk of heat stroke [5, 45]. Elderly people and 

unfit people usually have a lower tolerance for heat [8].  

The nature of heat stroke makes it difficult for physicians to recognise and diagnose it 

promptly [28]. However, there are clinical definitions of heat stroke: a core body 

temperature above 40°C, hot dry skin (anhidrosis), central nervous system 

abnormalities, such as delirium, convulsions or coma [24, 33]. Bouchama proposes an 

alternative definition: ‘it is a form of hyperthermia associated with a systemic 

inflammatory response leading to a syndrome of multiorgan dysfunction in which 

encephalopathy predominates’ [33].   

Heat strokes are divided into two types. Classic (non-exertional) heat stroke (CHS), 

which often occurs during heat waves, is more common in very young persons, elderly 

people and individuals who are chronically ill [5, 46-48]. Classic heat stroke occurs 

because the environmental heat overwhelms the body’s ability to dissipate heat.  
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Exertional heat stroke (EHS) occurs in individuals who engage in strenuous physical 

activity for a prolonged period of time in a hot environment [5, 46, 48].  Exertional heat 

stroke occurs when the environmental heat combined with endogenous heat from 

exercise overwhelm the body’s heat dissipation mechanism [46]. The victims of EHS are 

often still sweating.  

The characteristics of these two types of heat stroke are shown in Table 2.1 [28, 46, 49]. 

 

Table 2.1 Characteristics of Classical (CHS) and Exertional Heat Stroke (EHS). 

Characteristics Classical Heat Stroke (CHS) Exertional Heat Stroke (EHS) 

Age Very young or old Young 

 

Sweating Often absent May be present 

 

Temperature Very high High 

 

Chronic disease Present Usually absent 

 

Acute renal failure Rare (5%) Common (25-30%) 
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2.3 Biological Signals and Heat Stress 

To understand and manage heat stress, its effects on the body need to be understood. 

The condition of the body can be reflected in many types of biological signals. One of 

the obvious biological signals reflecting heat stress is the body temperature. Other 

physiological changes during heat stress have also been examined; such as, sweat rate, 

oxygen consumption, stroke volume and plasma volume [50, 51].  

The cardiovascular system is strongly associated with heat stress because the blood 

circulation contributes to thermoregulation as mentioned in the previous sections [16, 

38]. However, only a few studies focusing on ECG signals during the heat stress can be 

found in literature. For example, tachycardia and arrhythmia during heat stress [52] and 

Brugada syndrome triggered by hyperthermia (high body temperature) resulting in 

ventricular tachyarrhythmias and ST elevation in the precordial leads of ECG (V1 – V3) 

have been reported [53-56]. Brugada syndrome is partly caused by mutations in one of 

the genes (SCN5A) [22]. In addition, the opposite condition to hyperthermia called 

hypothermia has been related to the changes in ECG signals [57]. In this condition, a 

unique feature of ECG called Osborn wave (or J wave) has been reported [58-60]. 

Therefore, a detailed investigation of ECG signals may have potential to examine the 

effect of heat stress.   

Wide variation of heat tolerance depending on the general health factors, such as, fitness 

level, acclimatisation level, age, and lack of sleep have been described in literature [24, 

33, 44, 45, 61]. This may make it difficult to assess the effect of heat stress quantitatively. 

However, there is a biological signal called APG, which is said to reflect general health, 

which be assessed with some signal processing techniques in a quantitative manner [21]. 

The quantitative assessment of the effect of heat stress may be possible using the APG 

(see the next chapter).  
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2.4 Summary 

The purpose of this study is to investigate the effect of heat stress on ECG and APG  

signals. This chapter has given an overview of the thermoregulation mechanism, heat 

stress and heat related disorders and biological signals related to heat stress. 

Heat stress affects the physiology of the body, including the cardiovascular system. A 

biological signal which reflects the state of the cardiovascular system is the ECG signal. 

Another aspect related to heat stress which is noted is the variation in heat tolerance 

depending on factors such as fitness level, acclimatisation level, age, such as lack of 

sleep and general health. This could make quantitative assessment on the effect of heat 

stress difficult. However, the APG has been reported to reflect the general health status 

and the effect of heat stress may be measurable based on changes in the APG.  

Biological signals, selected for this study: electrocardiogram (ECG) and acceleration 

plethysmgram (APG) are explained in detail in the next chapter. 
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Chapter 3.  

 

ECG and APG Signal 

To investigate the effect of heat stress the following two biological signals are selected 

for this study; electrocardiogram (ECG) and acceleration plethysmogram (APG). ECG is 

one of the most commonly used biological signals representing electrical activity of the 

heart. It has been employed to evaluate a wide range of cardiac disorders [62-73].  

APG is a new measurement technique compared to ECG. The APG signal is the second 

derivative of the plethysmogram. APG was proposed to clearly show the flexion points 

of the plethysmogram [74]. APG is the pulse wave of the blood reflecting the changes in 

circulation dynamics [75]. Its potential use in the field of general medicine and primary 

care and quantitative health examination has been investigated in the last twenty years 

[21, 76].  

 

More details of these biological signals and the relationship with heat stress are 

described in the following sections. 



 
Chapter 3. ECG and APG Signal 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

44 

3.1 ECG (Electrocardiogram) 

This section discusses the electrocardiogram known as ECG, which represents the 

electrical activity of the heart. It begins with an explanation of the anatomy of the heart, 

followed by an introduction to the ECG. The next section then explains how ECG 

signals are recorded, which leads to the analysis of ECG. Finally, a brief overview of 

cardiac disorders is given. 

3.1.1 The Heart 

The heart is about the size of the clenched fist. In normal adults, the mass of the heart is 

250 – 350 g [77]. The human heart beats an average at 72 beats per minute, which means 

approximately 2.5 billion beats during a person’s average lifetime [77]. 

3.1.1.1 Structure of the Heart 

The heart is protected in a sac called the 

pericardium, which is an extremely tough 

membrane [78]. The walls of the heart consist 

of three major layers (Figure 3.1). 

• the myocardium: the thick layer of 

cardiac muscle that causes the 

contraction and relaxation of the atria 

and ventricles, 

• the epicardium, an outer lining of the 

myocardium, and  

• the endocardium as an inner lining, 

consisting of endothelial cells. 

 

 

 

 

 

 

 

  

Figure 3.1  The Heart Walls [79] 

 

 

 



 
Chapter 3. ECG and APG Signal 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

45 

Names of the basic components of the heart 

are shown in Figure 3.2. The structure of 

the heart can be described as a two-story 

house with four rooms (or chambers): right 

and left atria (RA, LA) as upper parts and 

right and left ventricles (RV, LV) as lower 

ones. The right and left ventricles are 

connected to the pulmonary artery (PA) and 

aorta respectively. 

 

 

Figure 3.2  A Healthy Heart Cross Section [80] 

 

 

 

Figure 3.3  Heart Components 
involved in Cardiac Cycle [81] 

 

 

Four heart valves maintain unidirectional blood flow. 

There are two atrioventricular (AV) valves; the 

tricuspid valve (indicated as T in Figure 3.3) located in 

between the right atrium (RA) and the right ventricle 

(RV), and the mitral valve (M) located in between the 

left atrium (LA) and the left ventricle (LV). There are 

two semilunar (SL) valves: the pulmonary valve (P) 

located in between the right ventricle (RV) and the 

pulmonary artery (PA) and the aortic valve (A) located 

in between the left ventricle (LV) and the aorta. 
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3.1.1.2 Circulatory System 

The circulatory system consists of the heart, the 

blood and the blood vessels called arteries, veins and 

capillaries. This system can be divided into two 

parts: the pulmonary circulation and the system 

circulation. In the pulmonary circulation, 

deoxygenated blood enters the lungs and 

oxygenated blood leaves them. In contrast, 

oxygenated blood enters the system circulation 

and deoxygenated blood leaves the system 

circulation (refer to Figure 3.4). 

Arteries take blood away from the heart, while 

veins return blood to the heart regardless of its 

oxygenation. 

 

Figure 3.4  The Circulation System [82] 

Oxygen and carbon dioxide exchange takes place in the capillaries. 

3.1.1.3 Cardiac Cycle 

The cardiac cycle involves the sequence of events that occur when the heart beats. The 

cycle can be divided into two main stages: the diastole, during which the ventricles are 

relaxed, and the systole, during which the ventricles contract. The details of the electrical 

activities in the atria and ventricles are illustrated in Figure 3.5. 

The two main stages of the cardiac cycle can be further divided into seven phases [81], 

which can be described in terms of the pressure changes in the atria and ventricles, the 

changes in electrocardiogram (ECG), the action of the heart valves, and the blood flow [83]. 

An overview of these seven phases of the cardiac cycle is given as next. 

Blood carrying carbon dioxide in vein 

Blood carrying oxygen in arteries 
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Figure 3.5  Electrical Activities in Heart [81] 

 

 

 

Phase 1: Atrial Contraction (Figure 3.6)  

This is the first phase of the cardiac cycle 

which corresponds to the P wave in the ECG 

signal. The P wave represents electrical 

depolarisation of the atria. De-oxygenated blood 

has filled the right atrium via the superior and 

inferior vena cava and oxygenated blood from 

the pulmonary veins has filled the left atrium.  

 

 

Figure 3.6  Valves in Phase 1 [81] 
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The cardiac cycle is initiated when the sinoatrial (SA) node located near the superior vena 

cava in the right atrium first generates an action potential. This action potential spreads 

throughout the atria, depolarising each atrium. This triggers the atrial contraction. The 

contraction causes an increase in pressure in the atria and pushes blood from the atria 

into the ventricles. During this phase, the atrioventricular valves (AV) are open and the 

semilunar (SL) valves are closed. 

 

Phase 2: Isovolumetric Contraction (Figure 3.7) 

The isovolumetric contraction phase begins with 

ventricular depolarisation (the beginning of 

ventricular systole), which is visible as the QRS 

complex in the ECG. This causes contraction of 

the ventricular heart muscle, resulting in an 

increase in pressure in the ventricles. When the 

intraventricular pressure exceeds the atrial 

pressure, the atrioventricular (AV) valves close. 

This closure causes the first heart tone. The 

semilunar (SL) valves remain closed.  

  

 

Figure 3.7  Valves in Phase 2 [81] 

While the atrioventricular valves and the semilunar valves are all closed, the ventricular 

volume does not change. Therefore, the contraction is called ‘isovolumetric contraction’. 

Phase 3: Rapid Ejection Phase (Figure 3.8) 

The rapid ejection phase represents the rapid ejection of blood into the arteries: the 

pulmonary artery (PA) and the aorta (A) from the right and left ventricles respectively. 

Ejection begins with the opening of the semilunar (SL) valves, which occurs when the 

pressure in the ventricles exceeds the pressure in the arteries. 
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The pressure in the atria initially decreases as the 

base of each atrium is pulled down due to the 

decreased pressure in the ventricles. However, 

blood continues to flow into the atria and the 

atrial pressures start rising until the 

atrioventricular (AV) valves open. 

 

 

Figure 3.8  Valves in Phase 3 & 4 [81] 

Phase 4: Reduced Ejection (Figure 3.8) 

The reduced ejection phase starts with the ventricular repolarisation represented as the 

T wave in the ECG. This event occurs approximately 200 msec after the ventricular 

contraction (the QRS complex in the ECG). The blood flow ejected from the ventricles 

decreases as the ventricular pressure decreases. 

Phase 5: Isovolumetric Relaxation Phase (Figure 3.9) 

The pressure in the ventricles eventually drops below the pressure in the aorta and the 

pulmonary arteries. This causes the closure of the semilunar (SL) valves, which is heard 

as the second heart sound.  

During the isovolumetric relaxation phase the 

ventricular pressure decreases; but the volume 

remains constant due to the closed valves. 

The stroke volume is the amount of blood pumped out 

of the ventricle during contraction. For a healthy 70 

kg human, the stroke volume is approximately 70 ml. 

Some blood remains in the ventricle. This is called 

end-systolic volume, which is approximately 50 ml. 

 

 

Figure 3.9  Valves in Phase 5 [81] 
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Phase 6: Rapid Filling (Figure 3.10) 

The pressure in the ventricles continues to fall until 

it becomes lower than the atrial pressure (the 

ventricles are still relaxed). This is when the 

atrioventricular (AV) valves open rapidly and start 

filling the ventricles with blood. The opening of the 

atrioventricular valves causes a rapid fall in the 

atrial pressure.  

 

 

Figure 3.10  Valves in Phase 6 & 7 
[81]

Phase 7: Reduced Filling (Figure 3.10) 

As blood continues to flow into the ventricles, the intraventricular pressures rise. This 

reduces the rate of filling. 

 

3.1.1.4 Heart Rate Regulation 

The heart rate varies depending on a number of variables, such as age or physical 

activity (at rest, exercise or sleep). In normal adults at rest, the average heart rate is 70 

beats per minute; however, in trained athletes, the resting heart rate may be 50 beats per 

minute or lower due to a larger stroke volume. This is referred to as training-induced 

bradycardia.    

The sinoatrial (SA) node is known as the pace maker of the heart. If there are no nervous 

or hormonal influences on the SA node, it will produce approximately 100 beats per 

minute [84]. However, the SA node is normally under constant nervous or hormonal 

influences. Electrical activity originated in the SA node activates the atria, then passes 

trough the atrioventricular (AV) node and activates the ventricles.  

The autonomic nervous system, which consists of sympathetic and parasympathetic 
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components, is one of the factors which control the heart rate. Sympathetic activity 

increases the heart rate whereas parasympathetic (vagus) activity decreases the heart 

rate [84]. The heart rate results from the balance or sum of the sympathetic and 

parasympathetic systems. For example, the heart rate at rest is more influenced by 

parasympathetic activity than sympathetic activity; therefore, the heart rate at rest is 

much lower than the inherent rate of 100 beats per minute [84]. The SA node and the AV 

node are both innervated by the sympathetic and parasympathetic activities.  

Another factor controlling the heart rate is the release of catecholamine hormones. The 

circulation of catecholamine increases the heart rate [85]. 

Body temperature also influences the heart rate. An increase of one degree in body 

temperature causes an increase in heart rate of approximately 10 beats per minute [85]. 
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3.1.2 Introduction to Electrocardiogram 

3.1.2.1 History of Electrocardiogram (ECG) 

The Electrocardiogram (ECG) is one of the best known biological signals employed in 

diagnosis. Here is a brief history of the ECG.  

In 17th and 18th centuries, there were a few discoveries regarding electricity of animals. A 

visible spark from an electric eel was obtained by John Walsh, fellow of the Royal 

Society and Member of Parliament in 1773 [86]. In 1775, Peter Ablidgaard demonstrated 

the effect of electrical impulses to chickens; electrocution and resuscitation [87]. The 

Italian anatomist, Luigi Galvani in 1786 made a link between electricity and muscle 

contraction when a dissected frog’s leg twitched after it was touched with a metal 

scalpel. This was called “animal electricity” [86]. 

The first “human” ECG was recorded by Alexander Muirhead in 1869 using a 

Thompson siphon recorder [88]. The human ECG was first described in 1887, by British 

physiologist, Augustus D. Waller at St. Mary’s Medical School [86, 89]. This was the 

human electrocardiogram recorded using a mercury capillary electrometer. Prior to this, 

an electrometer was used only on exposed animal hearts. Waller was the first to realise 

that the human limbs could be used for recording electrocardiogram because the human 

body itself conducts electricity to some extent. He was also the first to use the term 

‘electrocardiogram’ [86, 88].  

Eight years later, in 1895, Dutch physiologist, Willem Einthoven developed the first 

ECG machine [90]. He then invented a string galvanometer in 1901, which provided a 

reliable and direct method for registering electrical activity of the heart [91]. A complete 

electrocardiograph is shown in Figure 3.11. The electrodes were attached to the patient 

and the hands and one foot were immersed in jars of salt solution as shown in Figure 

3.11. 
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Einthoven named five deflections of the ECG P, 

Q, R, S and T as shown in Figure 3.12. These 

names are still current today. The letter P was 

selected simply because of a mathematical 

convention which uses the letter from the 

second half of the alphabet [86]. The P wave, 

QRS complex and T-wave represent atrial 

depolarisation, ventricular depolarisation and 

ventricular repolarisation respectively. The U 

wave was later identified by Einthoven using his 

string galvanometer. The cause of the U-wave is 

still uncertain [91]. The following actions have 

been suggested as a cause of U-wave: 

repolarisation of the Purkinje fibres, the long 

action potential of midmyocardial cells (M cells), 

or delayed repolarisation in areas of the 

ventricle that undergo late mechanical 

relaxation [91]. More details regarding the 

features of ECG can be found in section 3.1.2.3. 

An equilateral triangle formed by standard 

leads I, II and III, later called ‘Einthoven’s 

triangle’ (see Figure 3.13) was first described in 

1912 (see also section 3.1.3.1). The signals were 

obtained from the two arms and left leg. For 

better conduction, the hands and a foot were 

immersed in the tubs of saline solution. The tubs 

were wired to the input of the 

electrocardiograph [92]. 

 

Figure 3.11  Electrocardiograph [93] 

 

 

Figure 3.12  ECG waveform 

 

 

 

Figure 3.13  Einthoven’s model [93]  

Einthoven received the Nobel Prize for his achievement in inventing the 
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electrocardiograph (1924).  

In 1934, Frank Wilson proposed an ‘indifferent electrode’ by joining the wires from right 

arm, left arm and left foot with 500 Ohm resisters. It is now called “Wilson Central 

Terminal”, which is still used today [86]. The expression for unipolar limb leads, VR, VL, 

and VF were also defined by Wilson (‘V’ stands for voltage). As for the chest leads V1 – 

V6, the American Heart Association and the Cardiac Society of Great Britain defined the 

standard position and wiring in 1938 [94]. The 12-lead ECG that is used today was 

finally established in 1942, when Emanuel Goldberger created the augmented limb leads 

aVR, aVL and aVF by increasing the voltage of Wilson’s unipolar leads by 50 percent 

[86]. The 12-lead ECG includes Lead I, Lead II, Lead III, aVR, aVL, aVF, and chest leads 

V1 – V6 (refer to section 3.1.3 for more details).  

In 1949, a physician in Montana, Norman Jeff Holter, developed a backpack ECG 

recording system, which weighted 75 pound (34 kg approx.) [95]. Today, the size of 

portable ECG recording systems is greatly reduced; however, they are still called 

‘Holter’ ECG. Robert Bruce and his colleagues published an exercise test protocol later 

known as the Bruce Protocol in 1963 [96]. Wireless technology has also been applied to 

ECG recordings. Researchers from Texas showed feasibility of transmitting 12-lead 

ECGs to hand-held computers via wireless technology [97]. 

The electrocardiogram remains the most direct way of assessing cardiac abnormalities 

and the most common diagnostic performance [91].  

3.1.2.2 Types of ECG 

There are two main types of ECG: the resting (standard) ECG and the exercise ECG. 

They are both non-invasive diagnostic tools.  

Although the resting ECG is more common and easier to perform, the exercise ECG is of 

major importance. The exercise ECG is often used to assess patients with suspected or 

proven cardiovascular disease [91]. It is recorded during a stress test and is used to give 
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a prognosis and to determine the functional capacity of the heart and the likelihood or 

extent of coronary artery disease (CAD) [91]. A stress test requires the patient to exercise 

on a treadmill or exercise bicycle while his or her heart is being monitored. The purpose 

of a stress test is to create challenges for the heart compared to at rest so that 

abnormalities, which are not obvious in a resting condition, may be detected [100]. In 

patients with myocardial ischemia, for example, an increase in the depth of ST segment 

depression may be observed during exercise [91]. Sometimes, the ischemic ST segment 

response appears only during the recovery phase. This is why the recording should 

continue after the stress test has been completed [91]. An overview of cardiac disorders 

is given in section 3.1.4 (also see Appendix A for more details). 

3.1.2.3 Features of resting ECG (in the time domain) 

An ECG signal is a representation of the electric activity of the heart, and its features 

give us information regarding heart rate, rhythm, and more importantly, cardiac 

problems. The features of ECG signals can be divided into two categories:  morphological 

features (the ECG wave-shape in the time domain) and mathematical features. Figure 3.14 

shows the morphological features of the ECG signal.  

The morphological features, which are generally examined by physicians, are extracted 

directly from the original ECG signals in the time domain (domains of ECG signal are 

discussed in the next chapter). These features can be distorted by cardiovascular 

diseases and abnormalities such as myocardial ischemia and infarction, ventricular 

hypertrophy and conduction problems [98, 99]. These cardiac disorders are summarised 

in section 3.1.4 (see also Appendix A for more details).  
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Figure 3.14  Morphological Features of ECG Signal 

 

Mathematical features are usually derived from the morphological features by applying 

signal processing techniques. For example, the frequency components of the ECG signals 

are mathematical features. Mathematical features are tools for examining the ECG 

signals. The mathematical features of ECG signals are discussed in detail in the next 

chapter. 

The morphological features of ECG signals, which are of diagnostic significance, depend 

on the: onset, slope, amplitudes, duration, shapes, intervals, and areas of the P, Q, R, S, T and 

U waves which are visible in the ECG signal [100-103]. 

Commonly used features are: the P wave, the PR interval, the shape and duration of the QRS 

complex, the ST segment, the QT interval and the RR interval, which are shown in bold in 

Figure 3.14. Typical cardiac disorders associated with these components are described 
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in section 3.1.4 (see also Appendix A for more details).  

In addition to the components mentioned above, there is another commonly used ECG 

feature called the QRS Axis. It represents the average direction of ventricular activation 

in the frontal plane. This is an indication of the changes in the sequence of ventricular 

activation, and it can be an indicator of myocardial damage [104]. The QRS Axis is 

determined by the three limb leads. 

The main morphological features of each component of the resting ECG are explained 

below. The normal values for duration of waves and amplitudes of the resting ECG are 

summarised in Table 3.1 in section 3.1.4. Abnormal values are associated with cardiac 

disorders.  

P wave 

The P wave represents atrial depolarisation. P waves are usually more obvious in lead II 

than in lead I (see section 3.1.3.1 for a description of leads).  

A normal P wave is usually 0.08 to 0.12 second in duration and about 0.25 mV in 

amplitude [105].  

PR interval 

The PR interval starts at the onset of the P wave and ends at the onset of the QRS 

complex, which is the end of the isoelectric (flat) line before the downward deflection of 

Q wave.  

It indicates the period between the onset of atrial depolarization and the onset of 

ventricular depolarization. In other words, the PR interval is the time between the start 

of atrial activation and the start of ventricular activation. This time lag allows the atrial 

systole to occur, filling the ventricles before the ventricular systole [106].  

The normal PR interval is between 0.12 and 0.20 second [105].  
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QRS complex 

The QRS complex represents ventricular depolarisation and is the most conspicuous 

feature in ECG. The duration of the QRS complex starts at the onset of the Q wave (the 

initial downward deflection after the P wave) and ends at the end of upward deflection 

of the S wave, which is indicated as the J point in Figure 3.14.  

The normal voltage of the R or S wave is less than 0.2 mV in any of the limb leads [107] 

and the duration of QRS complex varies from 0.04 – 0.12 second [81, 91, 104, 108]. 

ST segment 

The ST segment lies between the end of the QRS complex and the beginning of the T 

wave. Under normal conditions, the ST segment is nearly isoelectric with the baseline or 

TP segment [91, 105, 107]. It indicates the period between the end of ventricular 

depolarisation and the start of repolarisation.  

The ST segment is also often associated with exercise ECG (see next section). ST segment 

depression during exercise is commonly observed in patients with coronary artery 

diseases; however, it may occasionally be observed in some healthy persons [107].  

QT interval 

The QT interval is measured from the beginning of QRS complex (the initial downward 

deflection) to the end of T wave.  

The QT peak interval (from the Q wave onset to the T wave maximum amplitude: QTp) 

is sometimes used instead of QT interval because the peak of T wave is easier to detect 

than the end of it [109]. Another measure, the corrected QT interval (QTc) is also 

employed [81]. The QTc interval is the QT interval divided by the square root of the RR 

interval.  

The QT interval indicates the total time of depolarisation and repolarisation of the 

ventricles. In 1920, Bazett reported that the QT interval varies with resting heart rate 

[110]. It has been shown that the QT interval shortens during exercise and is usually 
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longer at night than during the day regardless of the heart rate [107]. Drugs, particularly 

the antipsychotic drugs and macrolide antibiotics can cause QT interval prolongation 

[107].  

RR interval 

The RR interval is inversely proportional to heart rate. Normal heart rates (HR) are in 

the range of 60 – 90 beats per minute [108]. The RR interval can be used to calculate 

heart rate variability (HRV, see Chapter 4 for more details). Heart rate increases during 

exercise. However, the heart rate of a normal person at rest is not constant either; it 

varies continuously [107]. In general, fitter persons have a higher heart rate variability.  

At least two influences of heart rate variability have been found; a parasympathetic 

(vagal) activity related frequency component (around 0.4 Hz) and sympathetic activity 

related one (around 0.1 Hz) [107]. As described in section 3.1.1.4, sympathetic activity 

increases the heart rate whereas parasympathetic activity decreases the heart rate [84].  

3.1.2.4 Effect of Exercise on the ECG  

During exercise, the normal values of the ECG components described above change. 

Typical responses of the ECG components to exercise are summarised in Table 3.1. 

 

Table 3.1 Normal Response of ECG to Exercise  

ECG components Response 

J-point Depression [111] 

ST segment Depression or upsloping depression [107, 111] 

P wave Increase in amplitude [112] 

QT interval Decrease [107] 
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3.1.3 Recording ECG Signals 

In the past, a variety of body attachments were used to record the ECG signals [107]. 

However, the attachments have been standardised and ECG signals can now easily be 

recorded with surface electrodes on the limbs and/or chest.  

3.1.3.1 Leads and Views 

The term ‘Lead’ can have two meanings in relation to ECG. ‘Lead’ may indicate the wire 

connected to electrodes, or the view created by the electrodes. To avoid confusion, a 

word ‘wire’ will be used to indicate the former meaning of ‘lead’; therefore, a ‘lead’ 

indicates only the ‘view’ in this thesis.  

The lead demonstrates the difference 

in potential viewing the heart from 

the perspective of the positive 

electrodes to the negative electrodes 

(see Figure 3.15).  

The most commonly used electrodes 

configurations are: a 3 lead ECG 

system for quick monitoring, a 12-lead 

ECG system for full monitoring and a 

5-lead ECG system as a most practical 

compromise between these two.  

   

Figure 3.15  The Views of the Heart [113] 

Before describing each ECG system above, it should be noted that there are two types of 

colour schemes for ECG wires: the American scheme and the European scheme (see 

Table 3.2). The American colour scheme has been adopted for this thesis. 

 

 



 
Chapter 3. ECG and APG Signal 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

61 

Table 3.2  Colours Schemes for ECG Wire [114] 

Connecting to: American European 

Right Arm (RA) White (W) Red (R) 

Left Arm (LA) Black (B) Yellow (Y) 

Left Leg (LL) Red (R) Green (G) 

Right Leg (RL) Green (G) Black (B) 

Chest Brown (BR) White (W) 

 

3.1.3.2 3-Lead ECG System 

A 3-lead ECG system, using three wires, is the 

simplest electrode configuration. Figure 3.16 

illustrates its three views of the heart: Lead I, 

II and III, which are called the standard limb 

leads. The electrode placement for this system 

is shown below:  

•  Lead I:    LA -RA, 

•  Lead II:   LL - RA, and 

•  Lead III: LL - LA, 

 

where RA, LA and LL indicates right arm, left 

arm and left leg respectively. 

 

Figure 3.16  The Standard 3 Leads 

 

The standard limb leads are bipolar, using two electrodes to create a view. The triangle 

formed with those three electrodes placed on right arm (RA), left arm (LA), and left leg 

(LL), is known as Einthoven’s triangle.  

The advantage of this configuration is that it is less expensive and requires less memory 

than the others configurations [115]. However, for some cardiac disorders, such as 

ventricular tachycardia (VT), or supraventricular tachycardia (SVT), the probability of 

correct identification using a three lead configuration is low (one third of the time) while 
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12-lead ECG systems (described in the next section) can detect these disorders 90% of 

the time [113]. More views can offer a more comprehensive electrical picture of the heart 

which increases the chances of detecting cardiac disorders [113].  

3.1.3.3 12-Lead ECG System 

A 12-lead (12 views) ECG system 

provides twelve views of the heart 

with ten wires (and ten electrodes). 

The electrodes placement of a 12- lead 

ECG system is shown in Figure 3.17. 

Four electrodes are placed on the 

limbs (RA, LA, RL and LL) and six on 

the torso (V1-V6). The six torso 

electrodes provide six precordial leads. 

Each view is created by the reading 

between one of the torso electrodes 

and the sum of all limb electrodes.  

The limb electrodes provide six leads, 

which are divided into standard limb 

leads (as mentioned earlier) and 

augmented limb leads (see Figure 3.18). 

 

 

 

 

 

 

Figure 3.17  Electrodes Placement  
for a 12-Lead ECG 
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The augmented limb leads (Figure 

3.18) are unipolar having one positive 

pole and a reference point in the centre 

of the heart [115]. The augmented limb 

leads are found as follows; 

•  Lead aVR:   RA - 0.5 (LA + LL), 

•  Lead aVL:   LA - 0.5 (LL + RA), 

•  Lead aVF:    LL - 0.5 (LA + RA).  

 
 

Figure 3.18  The Standard and Augmented Leads 

 

 

The advantage of 12 lead ECG systems is that they allow more thorough examination of 

the heart than the 3 or 5 lead ECG systems. The disadvantages of 12 lead ECG systems, 

however, are cost and a larger memory requirement.  

It is common to place limb electrodes on 

the patient’s wrists and ankles for 12-lead 

ECG systems, refer to Figure 3.19 the letters 

used in the figure indicate the ECG wire; 

W: white, B: black, R: red, G: green, as 

shown in Table 3.2).  

 

 

 

 

 

Figure 3.19 Torso Electrodes Placement  
for a Standard 12-Lead ECG [113] 

 

 

 
 



 
Chapter 3. ECG and APG Signal 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

64 

Electrodes on the torso are more stable than the ones on the limbs reducing motion 

artefacts caused by loose or moving electrodes [113].  

A reduced electrode configuration for a 12-lead ECG has been proposed using 

interpolation of the precordial leads. Figure 3.19 illustrates the interpolated 12-lead ECG 

system using six electrodes on the torso (four electrodes for the limb and two for the 

chest (V1 and V5)) [113, 116]. The remaining precordial leads, V2, V3, V4 and V6, are 

constructed from the 6 electrodes above. The interpolated 12-lead ECG of this 

configuration has been reported to be comparable to the standard 12-lead ECG for 

diagnosing cardiac disorders [116]. 

3.1.3.4 5-Lead ECG System 

A 5-lead (5 wires and 5 electrodes) ECG 

system is becoming very common for ECG 

monitoring. It combines advantages of the 3-

lead and 12-lead ECG systems providing 

seven views (six limb leads and one chest lead). 

Although the 3-Lead ECG system still remains 

as a standard monitoring system, most ECG 

monitors now come with an optional 5-lead 

wire system [113].  

Examples of electrode configurations are 

shown in Figure 3.20 and Figure 3.21. They 

consist of the standard limb wires used in 3-

lead ECG systems (LA, RA and LL), right leg 

(RL) wire and one chest wire (V1 or V5). By 

adding the RL wire as a reference point, any of 

the six limb leads can be viewed.  

 

 

Figure 3.20  Torso Electrodes Placement  
for a Standard 5-Lead ECG with V1 [113] 

 

 

Figure 3.21  Torso Electrodes Placement  
for a Standard 5-Lead ECG with V5 [113] 
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By moving the chest wire, a 5-lead ECG system can provide the complete views of a 12-

lead ECG [115]. Lead V1 (Figure 3.20) was found to be the single best lead among all 

precordial leads for ventricular tachycardia (VT) and supraventricular tachycardia 

(SVT) detection [113]. However, lead V5 (Figure 3.21) can be used to monitor the lateral 

left ventricle and atrium [113].  

  

Figure 3.22  Torso Electrodes Placement 
for the EASI Lead System [113] 

 

Figure 3.22 is another 5-lead ECG 

configuration [117]. The EASITM lead system 

can also provide full 12-lead ECG with 5 

electrodes by using an advanced algorithm 

based on Dower’s adaptation of 

vectorcardiography [118].  

Cardiac disorders can be detected using ECG signals recorded with one of the above 

electrodes configurations. An overview of the cardiac disorders is given in the next 

section. 

3.1.4 Overview of Cardiac disorders  

As mentioned in section 3.1.2.3, ECG features, such as P wave duration, PR interval, 

QRS complex amplitude and duration, ST segment, QT interval and RR interval, 

provide information about cardiac disorders [107]. 

Detailed information regarding cardiac disorders is beyond the scope of this thesis. 

However, a summary of typical cardiac disorders that are apparent in the time domain 

of ECG signals is given in Table 3.3.  

It is currently still unknown which features of the ECG signal are affected by heat stress. 

For the benefit of the readers, more information regarding cardiac disorders can be 

found in Appendix A. 



 
Chapter 3. ECG and APG Signal 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

66 

 

Table 3.3  Morphological Features of Resting ECG and Cardiac disorders 

Features Normal Abnormal Relating Heart Disorder 

P wave 

duration [91] 

< 0.12 [sec] Longer   

 

Left atrial abnormality 

 

PR interval  

[81, 104, 108, 

119] 

0.12 – 0.20 

[sec] 

Longer  

 

AV conduction block 

first degree heart block 

  Shorter   

 

Pre-excitation syndrome 

AV junctional rhythms with retrograde atrial 

activation 

ectopic atrial rhythms originating near the AV 

node 

 

QRS 

amplitude 

[107] 

R or S in 

limb leads: 

<0.20 [mV] 

 

Greater   

 

left ventricular hypertrophy (LVH) 

non-specific intraventricular conduction delay 

(IVCD) 

left anterior or posterior fascicular block 

 

QRS 

duration [81, 

91, 104, 108] 

0.06 – 0.12 

[sec] 

Longer   

 

left and right bundle branch block (RBBB, LBBB) 

non-specific intraventricular conduction delay 

(IVCD) 

left anterior or posterior fascicular block 

 

ST segment 

[86] 

Flat 

(isoelectric 

period) 

Elevated  acute (anterior, inferior) myocardial ischemia (MI) 

LBBB 

acute pericarditis (ACP) 

  depressed  digoxin effect 

ventricular hypertrophy (VH) 

acute posterior MI 

pulmonary embolus 

LBBB 

Angina pectoris (AP) 

 

Corrected  

QT interval*  

[81, 104] 

< 0.44 [sec] longer   

 

tachyarrhythmias 

electrolyte abnormalities 

CNS disease 

Hereditary LQTS 

Coronary heart disease 

 

RR interval 

(heart rate)  

60 – 90 

[bpm] [108] 

Less   

 

Bradycardia 

 

  More   tachycardia 

* corrected QT interval (QTc): 
interval RR

interval QT
 QTc = [81] 
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3.1.5 Heat-related Disorders and ECG 

A typical ECG abnormality described in literature during heat stress is tachycardia (fast 

heart rate) [24, 52, 120]. During heat stress, the body tries to reduce the body 

temperature by increasing blood circulation. This means that the heart needs to pump 

more blood than usual, which results in tachycardia.  

In literature, there are some abnormal ECG features linked to heat-related disorders as 

mentioned in Chapter 2. For example, ventricular tachyarrhythmias and ST elevation in 

the precordial leads of ECG (V1 – V3) related to Brugada syndrome triggered by 

hyperthermia (high body temperature) have been reported [53-56]. Furthermore, the 

opposite condition to hyperthermia called hypothermia has been related to the changes 

in ECG signals [57]. In this condition, a unique feature of ECG called the Osborn wave 

(or J wave) has been described in literature [58-60]. 

Therefore, it could be expected that some abnormities in ECG signals may be detected 

during a heat stress test. However, apart from observing the tachycardia (the heart rate 

increase), very few studies focused on the ECG signals during heat stress. Most studies 

investigated other physiological variations; such as, body temperature [50], oxygen 

consumption, stroke volume and plasma volume [51].  

It is currently still unclear whether heat stress is a risk factor for people with pre-

existing cardiac disorders and whether heat stress causes abnormalities in ECG signals 

of healthy people. This research investigates the effect of heat stress on ECG signals in a 

healthy population. 
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3.2 Acceleration Plethysmogram (APG) 

The acceleration plethysmogram is the second derivative of the plethysmogram. The 

plethysmogram is explained in the next section, followed by an explanation of the 

acceleration plethysmogram.  

3.2.1 Plethysmogram 

The plethysmogram is a non-invasive diagnostic technique to examine blood flow [30, 

121]. A method to record a pulse wave with a plethysmograph using optical means was 

first described by Hertzman in 1938 [122]. With a fingertip plethysmograph, the pulse 

wave is visualised by an optical sensor, which detects the changes in the amount of light 

passing through the finger due to the volume change of haemoglobin contained in the 

finger blood [123, 124]. As an alternative to the fingertip plethysmograph, a finger-ring 

plethysmograph has also been developed [125-127]. One of the advantages of the 

plethysmogram compared to the ECG is that the recording device for a plethysmogram 

is lighter, less bulky and easier to attach than an ECG device; hence its ambulatory use 

to monitor cardiac function  [123-125, 127]. 

In terms of physiology, the plethysmogram is said to provide the information regarding 

the autonomic nervous system affecting the peripheral circulation [128]. The fingertip 

plethysmogram has been shown to identify changes in aortic pulse pressure, which is a 

measurement used to evaluate the condition of the patients with heart failure [129]  or 

simply to examine the circulation system [130]. The plethysmogram has also been found 

useful in detecting other cardiac disorders [131]. 

Applications of the plethysmogram in Western medicine are: estimation of arterial 

blood pressure using a non-invasive measurement [132], measuring pulse transmit 

times in various places of the body [133], and screening for deep vein thrombosis [134-

136]. 

While the plethysmogram, or pulse, has been employed as merely a measurement 
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regarding the blood flow in Western medicine, it has been treated as a significant 

indicator of complex health status in Eastern medicine. The pulse has been extensively 

studied and has been one of the most common and important diagnostic tools for many 

years in many Asian cultures [137, 138]. The pulse diagnosis is believed to provide 

detailed information on the state of the internal organs [139] and to reflect the whole 

complex of blood [140]. The doctors of Eastern medicine describe the pulse of a healthy 

person as soft, gentle or ‘not rough’ while abnormal pulse waves are described as tense, 

empty, floating, slippery, etc [21, 140].  

A major drawback of the application of traditional pulse diagnosis to modern practice is 

its subjectivity and fuzziness [137, 140]. For a more scientific approach, quantitative 

methods are needed [137]. The first step in quantitative examination of the pulse was 

the recording of the pulse wave, which has been realised with a plethysmograph 

mentioned earlier. However, interpretation of the plethysmogram was difficult due to 

the instability of the baseline and unclear components of the waveform [141], and 

insufficient reproducibility [130].   

3.2.2 Acceleration Plethysmogram 

The Acceleration plethysmogram (APG), which is the second derivative of the 

plethysmogram, emphasises the flexion points of the pulse more clearly than the 

original plethysmogram [27, 141]. A diagnostic technique using the APG was developed 

in Japan. It detects subtle changes in circulation dynamics with relatively simple 

measurement of the fingertip plethysmogram [21]. The information regarding general 

health in the pulse wave, which was understood only by experienced Eastern medical 

practitioners, has now been visualised as a form of the APG. Although it is still 

subjective, the raw APG signal in the time domain can visually demonstrate some 

differences in people with different health status as shown in Table 3.4. Note that these 

expressions are similar to the expressions used by Eastern medical practitioners to 

assess the pulse as mentioned earlier.    
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Table 3.4 Features of APG [21, 23] 

Type of subjects APG wave form 

healthy subject active and rather free 

patient with influenza tense and simple 

brain dead patient extraordinarily rigid 

 

 

The basic shape and the names of each component 

of the APG and are shown in Figure 3.23. It is said 

that the a wave represents the early systolic 

positive wave, the b wave represents the early 

systolic negative wave, the c wave represents the 

late systolic re-increasing wave, the d wave 

represents the late systolic re-decreasing wave and 

the e wave represents the early diastolic positive 

wave [27, 30, 75, 142, 143]. 

 

Figure 3.23  APG waveform 

 

The early systolic waves (a and b wave) are said to be associated with the pressure wave 

that occurs when blood is ejected from the left ventricle [75]. 

The APG is described to reflect the cardiac output [144] and is used to estimate 

arteriosclerosis and blood vessel age [30]. Maniwa suggests that the APG can provide 

more information about health state in general [21]. In healthy people, the blood vessel 

has elasticity and flexibility which is lacking in people with arteriosclerosis. In people 

with certain risk factors such as smoking, obesity, stress, etc., arteriosclerosis can 

progress without clear subjective symptoms [145]. The sequential changes of APG 

patterns, however, give information about the state of the disease [21]. In addition, the 

APG has been employed to assess the effect of the stress [22, 23], fatigue [25], and the 

a 

b 
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premenstrual syndrome (PMS) [26]. These general symptoms, which are difficult to 

measure objectively, can now at least be identified as the shape of the APG (see Table 

3.4). Quantification of the APG, however, is a major research topic of research [21, 23, 27, 

30, 31, 75, 76, 141, 144-151]. 

In a plethysmogram plot, the x-axis indicates time and the y-axis indicates the changes 

in the amount of haemoglobin in the finger (Figure 3.23). The amplitude may vary from 

person to person depending on the thickness of the finger, the colour of the nail, etc. 

However, for the plethysmogram analysis (including APG), the main focus is not the 

amplitude, but the relative changes in the amplitude which are reflected as the shape 

changes of the wave form [152]. Therefore, the APG signal is usually normalised to a 

range of -1 to 1 (see Figure 3.24d).  
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Figure 3.24  Plethysmogram 

 

 

A more detailed description of APG analysis in the time domain will be given in the 

next chapter. 
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3.2.3 Heat-related Disorders and APG 

As explained in the previous chapter, heat tolerance differs from person to person and 

also depends on the general health factors, such as age, lack of sleep, and acclimatisation 

and fitness level [5, 24, 33, 44, 45, 61]. The effects of heat stress vary from simple 

discomfort to life threatening disorders, such as heat stroke [27]. Even with heat stroke, 

the initial signs are subtle so that persons may not be aware of them [2], which makes it 

difficult to manage heat stroke. Therefore, the quantitative examination of heat-related 

disorders using parameters such as body or environmental temperature, the length of 

exposure to heat, etc., is challenging.  

The APG is a relatively new measurement technique and possible applications are being 

investigated in various areas [21, 23, 27, 30, 31, 75, 76, 141, 144-151]. Research can be 

divided into three major categories: cardiovascular disorders, mental stress and other 

diseases. While the ECG indicates the electrical activity of the heart, the APG may 

provide an indication of the mechanical and fluid dynamics activity of the heart. It is 

currently unknown whether heat stress affects the APG. This will be investigated in this 

thesis.   
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3.3 Summary 

This chapter has discussed two biological signals, ECG and APG, which may have 

potential for evaluating the effect of heat stress.  

The ECG represents the electrical acitiviy of the heart. Various cardiac disorders are 

reflected in ECG signals. During heat stress, the body tries to reduce the body 

temperature by increasing blood circulation, which affects cardiac activity. Therefore, 

the effect of heat stress may be traced in ECG signals. 

Several views and electrode configurations of recording ECG signals were described.  

APG signals have been described to reflect the blood circulation, which may show 

changes during heat stress while the body tries to cool down by increasing the blood 

circulation. In addition, APG has been employed to assess the effect of mental stress and 

the general state of health. How the APG is affected by heat stress is currently unknown. 

A basic understanding of the nature of biological signals is essential for signal analysis. 

Appropriate signal processing techniques can then be selected according to the purpose 

of the signal processing and the nature of the signals. 

Signal processing techniques for ECG and APG signals will be discussed in the next 

chapter.
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Chapter 4.  

 

Signal Processing Techniques for 

ECG and APG Signals 

4.1 ECG Signal Processing and Analysis

ECG signals have been processed and analysed 

for many decades, but the improvement in 

computer power has greatly increased the 

possibilities for ECG signal processing. The 

general purpose of signal processing 

techniques can be divided into two categories: 

pre-processing and feature extraction. A 

common flow for ECG signal analysis is shown 

Figure 4.1.  

Filtering [153] and data compression [154], for 

example, are typical pre-processing techniques. 

 

Figure 4.1  ECG Signal Analysis Flow 

Feature detection or extraction of the signals is then usually carried out. With ECG 

signals, the most prominent feature, the R wave, is usually first detected followed by a 

search for the other morphological features (e.g. peaks and intervals of the ECG) in 

relation to the detected R waves. Extraction of the power spectrum is another feature 

extraction technique, which is often used for ECG signals. The pre-processing 

techniques may not be necessary when ECG signals are reasonably noise free and ready 
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to be analysed. However, ECG signals, especially exercise ECG signals, usually contain 

a variety of noise, which makes ECG components measurements unreliable [20]. The 

pre-processing stage then becomes critical.  

The morphological features of ECG signals are in the time domain while the power 

spectrum is in the frequency domain. These domains have been commonly employed for 

signal processing of ECGs [69, 72, 73, 155-164]. More recently ECG signals have been 

studied in the wavelet domain [68, 165-176]. A combination of these domains has been 

used for ECG signal analysis [177, 178]. 

In addition, the application of new approaches to ECG analysis, such as neural network 

[65, 166, 179-186], fuzzy logic [187-192] and nonlinear approaches, such as PCA neural 

networks [186], nonlinear dynamic processing [193, 194], and nonlinear filter banks 

[195], have been presented in literature. 

4.1.1 Domains 

In this section, ECG signals in the most commonly used domains (time, frequency and 

wavelet domain) are first described followed by typical ECG signal processing 

techniques, such as filters, peak detection methods, and feature extraction techniques.  

4.1.1.1 ECG Signals in the Time Domain  

ECG signals in the time domain represent the characteristics of the signals as amplitudes 

and durations [196]. For example, the P wave and the QRS complex are expressed in 

amplitude [mV] and in duration [ms] for analysis. Time domain feature extraction and 

analysis is one of the simplest, but most important ECG signal analysis methods. 

Medical practitioners usually examine ECG signals in the time domain. As described in 

the previous chapter, cardiac disorders can be reflected in ECG signals as changes in the 

ECG components. Typical ECG components to be examined are the P wave, the R wave, 

the QRS complex, the ST segment, and the T wave. In addition, intervals, such as the PR 

interval [197-200], the RT interval [201-203], the QT interval [177, 178, 204-207], the TP 
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interval, the RT interval [208] and the RR interval are often examined. An overview of 

the relationships between ECG time domain components and cardiac disorders can be 

found in section 3.1.2.3.  

In addition, heart rate variability, derived from the RR interval, is a typical ECG time 

domain analysis methodology (for more detail, see 4.1.4). 

4.1.1.2 ECG Signals in the Frequency Domain 

ECG signals are recorded in the time domain and the characteristics of the signals are 

represented as amplitude and duration. However, the frequencies present in the signal 

may also provide information which can be used to understand and analyse the signals.  

Most of the energy of the ECG signal is in frequencies between 0.5 – 40 Hz [65, 209]. The 

dominant morphological features in ECG signals typically involve frequencies below 

100 Hz. For examination of ECG signals in this range, a sampling rate of approximately 

250 – 360 Hz will be sufficient. The commonly used ECG database, MIT-BIH 

Arrhythmia Database from Physionet [29], has sampling rates in this range.  

Frequency domain information of ECG signals is often used for pre-processing, such as 

filtering to remove noise [169, 195, 210-228]. This is explained in detail in section 4.1.2. 

Feature extraction in the frequency domain has also been described in literature [168, 

172, 174, 190, 229-235].  

Although ECG signals are commonly analysed in a frequency range below 100 Hz, 

higher frequency components of ECG signals have also been studied [236]. More details 

can be found in section 4.1.4.2. It is currently unclear what the upper limit is of 

frequencies that provide useful information; however, the 150 – 250 Hz range has most 

frequently been studied [158, 237-239]. A problem with the higher frequencies is that the 

amplitude is very small. They are therefore often affected by noise.    
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4.1.1.3 ECG Signals in the Wavelet Domain  

The wavelet domain is relatively new compared to the previously described domains. 

ECG signals have also been processed in this domain [165, 168, 171, 173, 240-248]. The 

information of signals in the wavelet domain can be obtained by applying the wavelet 

transform to time domain signals (more details regarding wavelet transform is 

explained in section 5.2.1). With the wavelet transform, signals in the time domain are 

decomposed into low frequency components called approximations and high frequency 

components called details, similar to high-pass and low-pass filters [249]. In this regard, 

wavelet domain analysis is quite similar to frequency domain analysis. However, unlike 

Fourier transform, wavelet analysis can provide both time and frequency domain 

information, which enables it to give localised information [250]. This is one of the main 

features of the information in the wavelet domain.  

Another important feature of wavelets is the so called multiresolution. The previously 

mentioned approximation and detail can further be decomposed [251]. Because of the 

multi-resolution framework of the wavelet transform, it has become one of the most 

powerful tools for ECG signals [252]. Wavelet analysis of ECG signals has been applied 

for both pre-processing for ECG signals including filtering [169, 220, 221, 226, 228, 253, 

254] and compression [216, 255-263] and feature extraction [168, 171, 176, 264]. 

4.1.2 Filters  

Recorded ECG signals usually contain various types of noise from the environment and 

from the subjects themselves [211]. Therefore, filters are often first applied to the 

recorded ECG signals to remove noise. In order to select appropriate filters, the 

characteristics of ECG signals as well as the noise affecting the recorded ECG signals 

need to be understood.  

In the past, various bandpass filters have been applied to eliminate noise [159, 163, 211, 

225, 265-271]. High pass filters are used to remove lower frequencies. These filters are 
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usually applied to remove typical low frequency noise in biological signals called 

baseline wander. Notch filters are used to remove specified frequencies with a certain 

bandwidth which may be adjusted according to the cutoff frequency. The typical 

application of a notch filter for ECG signals is to suppress power line interference [272].    

However, the application of filters largely depends on the target features of the ECG 

signal to be extracted. Some techniques require no filter while the others require several 

filters. One also needs to take into account that the application of filters will alter the 

signal and can therefore result in a loss of clinically significant information.  

In this section, characteristics of ECG signals, typical examples of noise of ECG 

recordings and typical filters to deal with baseline wander and power line interference 

are described. 

4.1.2.1 Characteristics of ECG Signals 

In the frequency domain, most of the energy of ECG signals lies between 0.5 – 40 Hz [65, 

209]. The morphological changes in ECG signals usually engage frequencies below 100 

Hz; hence ECG signal recordings are limited to approximately 100 Hz [273, 274]. For 

examining ECG signals in this range, the commonly adopted sampling rate, 250 – 360 

Hz [70, 275-280], will be sufficient. The ECG signals from the commonly used MIT-BIH 

Arrhythmia Database have the sampling rate of 360 Hz [278].  

4.1.2.2 Characteristics of Noise in Recorded ECG Signals 

Noise of ECG recordings can be divided into two categories; biological and 

environmental noise [211]. Biological noise includes: baseline wander and muscle artefacts. 

Typical examples of environmental noise are: powerline interference and electrode contact 

noise. Other possible sources of environmental noise are: data collection device noise and 

electrosurgical noise. Brief descriptions of these types of noise with approximate range of 

spectrum, amplitude, and duration are given below.  
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1) Baseline Wander (BLW) 

Baseline wander (BLW) is a common noise in general biological signals including ECG 

signals [195, 217, 219, 227, 281-285]. Baseline wander can be introduced by respiration, 

subject’s movement, and electrode changes due to perspiration [283]. For a resting ECG, 

respiration is the major source of baseline wander. On the other hand, subject’s 

movement or electrode changes due to perspiration may be more prominent in ECG 

recordings obtained during a stress test, also called exercise ECG [20]. 

There are several frequency ranges for baseline wander suggested in literature [195, 

286]; however, less than 0.5 Hz (at rest) seems most common [281, 285, 287, 288]. As 

amplitude, 15 percent of the peak-to-peak amplitude has been suggested [162]. 

2) Muscle Artefacts / Electromyographic (EMG) Noise  

Muscle artefacts, electromyographic (EMG) noise, are caused by millivolt-level muscle 

contraction [162]. EMG noise can be treated as transient bursts of zero-mean band-

limited Gaussian noise [162]. The expected amplitude is approximately 10 percent of the 

peak to peak ECG amplitude and the duration is usually around 50 ms. As for the 

frequency content, it can be between 0 (dc) and up to 10,000 Hz [289]. However, most of 

the EMG signal is in the range of 20 – 200 Hz [290]. 

3) Power Line Interference (PLI)  

Power line interference (PLI) is composed of the 50 Hz fundamental grid frequency (in 

Australia) and its harmonics. The fundamental frequency is caused by the alternating 

current (AC) of the power supply.  

Its amplitude can be up to 50 percent of the peak-to-peak ECG amplitude [162]. 

4) Electrode Contact Noise 

Electrode contact noise is due to the loss of contact between the electrode and the skin 

[162, 273]. Depending on the subject’s movements, a loose electrode can be brought back 
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in and out of contact with the skin. This switching action can result in serious noise of 

ECG recordings. During the disconnection, power line interference can be manifest in 

the ECG recording due to the absence of a current through the skin. 

5) Motion Artefacts 

Motion artefacts are baseline changes caused by changes in the electrode-skin 

impedance. This is usually triggered by the subject’s movements during data acquisition.  

The amplitude of motion artefacts can go up to 500 percent of the peak-to-peak ECG 

amplitude with the typical duration of 100 – 500 ms [162]. 

The characteristics of the typical noise are summarised in Table 4.1. 

 

Table 4.1  Types of Typical Noise in ECG [162] 

Type of Noise Frequency  Amplitude Approximate 

Duration 

Baseline wander <0.5 Hz* 15 % of p-p ECG 

amplitude 

- 

Power line interference 50 Hz 

and harmonics 

50 % of p-p ECG 

amplitude 

 

Muscle artefacts dc – 10 000 Hz 10 % of p-p ECG 

amplitude 

- 

Electrode contact noise 50 Hz 

 

Maximum recorder 

output 

- 

Motion artefacts - 500 % of p-p ECG 

amplitude 

100 – 500 ms 

 * < 0.8 Hz [286] and < 1.0 Hz [195] have also been suggested. 

 

 

Filters for ECG signals discussed in literature, usually target both baseline wander and 

power line interference [195, 285, 291, 292]. The most common baseline wander and 

power line interference filters for ECG signals are described below. 
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4.1.2.3 Baseline Wander (BLW) Filters 

Baseline wander is a low frequency noise. It is caused by respiration and motion of the 

subject or the lead. As described in the previous section, it is usually below 0.5 Hz; 

however, for exercise ECG the range is much wider [217, 227, 293]. The lowest relevant 

frequency components in the ECG signal is the RR interval, which indicates the heart 

rate. Therefore, it is safe to determine the low frequency cutoff based on the lower 

bound of heart rate [294]. 

Suggested cutoff frequencies for baseline wander are shown in Table 4.2. In terms of 

standards for baseline wander cutoff for ECG signal, in 1975, the American Heart 

Association (AHA) recommended 0.05 Hz based on studies using analogue amplifying 

systems [295]. The system with this cutoff frequency introduced minimal phase shift for 

frequency components around 0.5 Hz (30 bpm) and therefore did not affect the ST 

segment, T wave or QT interval [296]. Van Alste [292] proposed 0.8 Hz based on a 

bradycardia of 48 beats per minute (bpm) in 1985. In 1990, Bailey [294] suggested that 

the cutoff frequency can be relaxed to 0.67 Hz (40 bpm) or below for linear digital filters 

with zero phase distortion [296].  

Table 4.2  Cutoff Frequency for BLW   

year Suggested by Cut off Frequency 

1975 AHA [295] 0.05 Hz 

1985 Van Alste [292] 0.8   Hz 

1990 Bailey [294] 0.67 Hz 

 

For the baseline wander induced by the subject’s movement, the duration and 

amplitude of the artefact vary; however, typical parameters can be 100-500 ms for the 

duration and 500 percent of peak to peak ECG amplitude for the amplitude [162]. 

Several types of baseline wander filter for ECG signals have been proposed [217, 219, 

227, 281-283, 285]. Based on the characteristics, the filters can be categorised into non-

adaptive or adaptive and linear or non-linear.  
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As basic non-adaptive linear filters, high-pass filters and band-stop filters employing a 

small stop-band notch at 0 Hz [292] can be applied for the removal of baseline wander. 

Recently, Empirical Mode Decomposition (EMD) [285] and wavelets [284, 291] have 

been proposed as well. Both methods decompose the signal and remove baseline 

wander related components from the original signal.  

Adaptive linear filters have also been developed based on commonly used Least-Mean-

Square (LMS) algorithms adjusting its coefficient to minimise the mean-square error 

between its output and that of an unknown system [217]. Another approach for 

adaptive filtering is based on neural networks. A neural network is capable of learning 

and estimating the deterministic signal and removing uncorrelated noise [228]. 

These are commonly used linear filters. However, it is inevitable to have distortion in 

the signal when linear filters are applied [195, 227]. Non-linear filters for both baseline 

wander and power line interference have also been applied to overcome the 

disadvantages of linear filters [195, 225].  

These cut-off frequencies mentioned above have been proposed based on minimising 

the distortion introduced to the original ECG signals. The cut-off frequency can, 

however, be varied depending on the target features to be extracted from the original 

ECG signals.  

4.1.2.4 Power Line Interference (PLI) Filters 

Due to the continuous changes in load of power grid, the fundamental frequency is not 

perfectly stable [297]. On average the fundamental frequency is close to 50 Hz. A few 

figures can be found related to the accuracy of power line AC in literature, varying from 

50 ± 0.02 Hz [298] to 50 ± 0.2 Hz [273, 277]. Several papers have investigated adaptive 

filters for power line interference to compensate for the time varying character of power 

line interference [299-302]. 

For power line interference removal, a narrow filtering band at the target frequency is 
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required. To realise a narrow filtering band, a sharp transition zone in the frequency 

response of a filter is desirable. A number of infinite impulse response (IIR) and finite 

impulse response (FIR) notch filters have been proposed. However, a sharp transition 

zone can be designed by IIR filters with fewer coefficients than the FIR [303]. Therefore, 

IIR filters are preferred for designing notch filters.  

One of the simplest digital IIR filter design methods is pole-zero placement [285, 304]. 

The target frequencies can be simply placed as zeros on the unit circle and the radius of 

the poles can be adjusted according to the cutoff frequency.  

It is, again, essential to consider the features to be investigated when selecting filters for 

power line interference. Depending on the purpose of filtering, distortion or attenuation 

of non-target components of the original ECG signals may not be an issue or may even 

be necessary [305, 306]. For example, distortion introduced by filters to ECG 

components other than the R waves may not influence the accuracy of RR intervals. 

4.1.3 R wave Detection Algorithms 

The QRS complex represents the electrical activity of the ventricles. This is the most 

dominant feature of the ECG signal. The R wave is the most distinctive component in 

the QRS complex, hence the R wave is often detected first [307, 308]. Because of its 

prominent waveform, the R wave (in the QRS complex) often serves as the basis for the 

cardiac cycle classification in ECG signals [306]. Once the QRS complex is identified, 

more detailed examinations of ECG signals including detection of other components can 

be performed [308, 309]. For example, the ST segment is usually determined in relation 

to the end of QRS complex (J point) [310]. Lapage et al also described first detecting the 

R waves and the QRS complexes before isolating the P wave [311].  

A number of algorithms have been developed in the last 30 years to detect the R wave. 

These algorithms often involve two stages: feature extraction and classification [170, 

183]. R wave feature extraction usually involves filtering or decomposition of the signal 

to suppress unnecessary information. As mentioned in the beginning of section 4.1, 
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many of those R wave detection algorithms use high-pass filters and low-pass filters for 

removal of noise prior to the actual detection [306]. Comparing the extracted features of 

R waves with predetermined or adaptive thresholds is the most common technique for 

classification.  

In literature, R wave detection is sometimes referred to as QRS detection [312] or QRS 

wave detection [313]. To avoid confusion, ‘R wave detection’ will be used in this thesis.   

In 1983, Ligtenberg and Kunt [308] classified the R wave detection methods into three 

categories:, matching algorithms [314], syntactical algorithms [315, 316] and threshold 

algorithms. Friesen categorised those R wave detection techniques into nine algorithms 

in 1990 [162]. More recently techniques such as wavelet analysis [169, 241, 245, 312, 317-

319] and neural networks [159, 185, 320] have been described for R wave detections. A 

more comprehensive evaluation of R wave detection techniques including these new 

approaches using standard resting ECG database, such as MIT-BIH Arrhythmia 

Database [29], has been conducted by Kohler in 2002 [306]. The categories, that Kohler 

used are: derivatives and digital filters based algorithms, wavelet based algorithms, neural 

networks based algorithms, and others including adaptive filters [164], hidden Malkov models 

[321], mathematical morphology [306], matched filters [322], genetic algorithms, Hilbert 

Transform-based QRS detection, length and energy transform, mathematical morphology, 

syntactic methods, zero-crossing-based QRS detection [306]. In addition, Moody, et al [323] 

and Kaplan [324] used a template based approach for the QRS complex detection by using 

basis vectors, which represent QRS morphology. 

The concept of the three common algorithms mentioned above for R wave detection, 

derivatives and digital filters based algorithms, wavelet based algorithms, and neural 

network based algorithms, are briefly described below. 
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4.1.3.1 Derivatives and Digital Filters Based Algorithm  

Many R wave detection algorithms belong to the category of derivatives and digital 

filters based algorithm [103, 325-332]. Most of these algorithms have a pre-processing 

stage where undesirable components of the signals for R wave detection are filtered out 

[306]. The features extracted from the filtered signals are compared against fixed or 

adaptive thresholds for the R wave detection [306]. 

Friesen systematically grouped these algorithms into nine algorithms [162]: amplitude 

and first derivative based algorithms (AF), first derivative only based algorithms (FD), 

first and second derivative based algorithms (FS), and digital filter based algorithms 

(DF). These algorithms were then tested with a synthetic ECG signal with composite 

noise. Among these algorithms, the algorithm based on digital filtering (DF) and first 

derivative (FD) showed the most promising results. 

4.1.3.2 Wavelet Based Algorithms 

Wavelet analysis is a relatively recent signal processing technique; however, there have 

already been a number of applications for R wave detection described in literature [169, 

241, 245, 312, 333]. 

As described in section 4.1.1, with the multi-resolution framework of the wavelet 

transform, an ECG signal is decomposed into a set of different frequency bands keeping 

significant information regarding time [168]. By using decomposed signals whose bands 

correlate with the power spectrum of R waves, the R waves can be detected [334]. In this 

way, all unnecessary information, such as noise or other components of ECG signals, 

can be suppressed. With the relevant decomposed signals, local maxima are usually 

compared with set thresholds for identifying the R wave [312].  
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4.1.3.3 Neural Networks Based Algorithms 

Neural networks have been applied to R wave detection, in particular for classification 

[170, 182, 183]. The feature extraction part of R wave detection is sometimes carried out 

using digital filters or wavelet decomposition prior to classification [170, 182, 183]. 

There are several types of neural networks: multilayer perceptron (MLP, sometimes 

called back-propagation) [183, 335], radial basis function (RBF) [335-339], learning vector 

quantisation, self-organisation [185], restricted coulomb energy [183], GRACE networks 

[183], Kohonen network [182] and GAL [182]. Hybrid networks have also been applied 

to the ECG [189]. The neural network needs to be trained to accomplish tasks, such as 

classification, which can be done in two ways: supervised and unsupervised [306]. For 

example, MLP and RBF networks use a supervised training algorithm while LVQ 

networks use an unsupervised training algorithm [183, 306, 338]. Kohler listed the 

following three algorithms as commonly used neural networks algorithms for R wave 

detection: multilayer perceptron (MLP) [181], radial basis function (RBF), and learning 

vector quantisation (LVQ) [179].   

Multilayer perceptron networks (MLP) are probably the most popular neural networks 

in engineering [338, 340]. MLP network includes several layers of interconnected 

neurons. The parameters of this network are: the number of neurons, the coefficients, 

the centre vectors, and the standard deviations. Parameter estimation with this 

approach is based on the method of the steepest gradient descent. The disadvantages of 

this approach are that it is slow and has uncertainty in giving the global optimisation of 

parameters [341]. The network needs to be trained using carefully selected samples. The 

training can be done either prior to the detection [342] or online [159].  

Radial basis function (RBF) networks are similar to Multilayer perceptron (MLP) 

networks [338]. Radial basis function networks usually have three layers: an input layer, 

a hidden layer and an output layer. The parameters are similar to the multilayer 

perceptron: the number of neurons, the coefficients, and the centre vectors. An input 
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vector is used as an input to all radial basis functions with different coefficients. One of 

the differences between RBF and MLP is that an RBF network has only one hidden layer 

while MLP networks may have several hidden layers. The advantage of RBF networks is 

that the networks outputs become linear functions of the output weight when the basis 

functions are appropriately fixed [341]. It is also reported that RBF networks learn faster 

than MLT networks in some situations [343].  

Learning vector quantisation (LVQ) networks have an input layer, a competitive layer, 

and a linear layer. A classification is carried out in the competitive layer based on the 

Euclidian distance between the input vector and the weight vector of each of the 

competitive neurons [306]. In the competitive layer, each neuron represents a subclass 

[344]. LVQ networks are reported to have a better performance than back-propagation 

based approaches, such as multilayer perceptron (MLP) networks [306, 344].   

 

Wavelet and neural networks based algorithms are relatively new. The selection of the 

optimal wavelet and decomposition level can be a major challenge. With the neural 

networks approach, the training stage with an appropriate dataset is the key for 

successful classification. Without a suitable dataset this is not possible.  

Of the algorithms mentioned above, the derivative and digital filter based algorithms 

are the best established and the simplest. Many applications are included in this 

category. These algorithms seem the most feasible for the application to heat stress ECG 

signals; therefore, these algorithms were applied to the heat stress data (Chapter 7).   
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4.1.4 Feature Extraction and Analysis 

The purpose of feature extraction is to select and retain relevant information from the 

original signals for analysis. The features can be expressed in the different domains 

depending on the signal processing techniques applied to the original signals. 

Typical features of ECG signals in the previously mentioned three common domains, 

time, frequency and wavelet domain, are discussed below.  

4.1.4.1 Time Domain Feature Extraction and Analysis 

Time domain features of ECG can be extracted either automatically by applying signal 

processing techniques [183, 247, 319, 320, 345-348] or simply by measuring [349]. As 

mentioned in section 4.1.3, R wave detection is often first conducted followed by the 

detection of other components of the ECG signal. Commonly extracted typical features 

of ECG signals in the time domain are described below.  

Heart Rate Variability (HRV) Analysis - RR interval based 

After the R wave is detected, the heart rate can be calculated. The RR interval is 

expressed in seconds indicating the duration between the R waves. Heart rate is 

expressed as beats per minute [bpm], where a beat indicates an RR interval [ms]. 

Therefore, heart rate and the RR interval are in inversely proportioned as shown in 

equation (4.1).  

ervalintRR
HR

60
= [bpm] (4.1) 

Heart rate variability (HRV) provides a measure of the control of heart rate exerted by 

the autonomic nervous system [119]. The autonomic nervous system consists of the 

parasympathetic (vagal) and sympathetic nervous systems [350, 351]. An increase in 

heart rate is caused by sympathetic activity and a decrease by parasympathetic activity. 
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The heart rate at rest is normally controlled by parasympathetic activity affecting  

sinoatrial (SA) node while the increase in heart rate, such as during exercise, is caused 

by both a reduction of the parasympathetic activity and an activation of sympathetic 

nerves controlling the SA node [81].  

The importance of the interaction of those two nervous systems has been reflected in a 

number of cardiac disorders. For example, increased sympathetic and decreased 

parasympathetic nervous activity has been commonly observed in patients with some 

types of cardiac disorders [352]. Furthermore, abnormal patterns of heart rate variability 

have been associated with a wide range of diseases or physiological phenomena, such as, 

coronary artery disease [353], sudden death or heart failure [354-357]. Changes of the 

heart rate variability have been related to [358, 359] and the effect of music therapy [360].   

A number of authors have also discussed the changes in heart rate variability induced 

by exercise [119, 350, 351, 361-371]. Reliability and accuracy of the quantitative analysis 

of heart rate variability has been widely studied [355, 359, 363, 372-374]. One of the 

effective tools to visualise heart rate variability is a Poincare plot [373].  
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1) Poincare Plot 

To display time variant aspects of 

the heart rate, a tool called the 

Poincare plot has been developed. 

It provides a summary of the 

behaviour of the heart with 

immediate recognition of ectopic 

beats (beats not initiated by the 

SA node which have an RR 

interval that is very different from 

normal beats) [373]. As 

demonstrated in Figure 4.2, a 

Poincare plot of heart rate 

variability consists of each RR 

interval, RR(n), against the next 

RR interval, RR(n+1). This clearly 

visualises the ectopic beats. 

Tulppo et al. demonstrated that 

the Poincare plot can provide 

useful information regarding 

heart rate dynamics during 

exercise which are not easily 

detected by conventional 

measurements [363].   

 

 

 

Figure 4.2  Poincare Plot 

 

 

 

2) Heart Rate Variability (HRV) Time Domain Indices 

Indices obtained from the statistical analysis of the time domain heart rate variability 

consist of two types: statistics calculated directly from the RR intervals of normal beats 
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also called normal-to-normal intervals (NN intervals), which exclude ectopic beats, and 

statistics derived from the differences between successive NN intervals [354]. The time 

domain indices directly derived from NN intervals are: standard deviation of NN 

intervals (SDNN), standard deviation of the average of NN intervals for each 5 minutes 

period over 24 hours (SDANN) and the average standard deviations of NN intervals for 

each 5 minutes period (SDNNIDX). The second class of time domain indices are: the 

square root of the mean squared differences of successive NN intervals (RMSSD) and 

proportion derived by dividing the number of interval differences of successive NN 

intervals greater than 50 ms by the total number of NN intervals (pNN50) [354] (see 

Table 4.3). Mathematical expression of SDNN and RMSSD are:  

∑
=

−=
n

i
i )NNNN(

n

1
  SDNN

1

2 ,  
(4.2) 

∑
−

=
+−=

1

1

2

1

n

i
ii )NNNN(

1-n

1
  RMSSD  

(4.3) 

where iNN : NN interval,  : mean value. 

These indices indicate pathophysiological aspects. SDNN, SDANN and SDNNIDX all 

represent information regarding the sympathetic and parasympathetic nervous system 

[375, 376]. RMSSD and pNN50 are parasympathetic indicators [350] (see Table 4.3). 

RMSSD is a measurement of short term heart rate variability; hence high frequency 

variations in heart rate [359, 368]. Note that RMSSD is statistically equivalent to the 

standard deviation of the successive differences [373]. pNN50, using 50 ms as a 

threshold value, has been widely accepted as a time domain heart rate variability index 

[355, 370, 377-381]. Mietus et al., however, show the importance of analysing relatively 

small variations in heart rate, using threshold values of less than 20 ms [355], which 

presumably relate to parasympathetic regulation [238]. 
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Table 4.3  Heart Rate Variability Time Domain Indices  

Type Indices Statistical Description Pathophysiological Correlates 

NN 

intervals 

SDNN standard deviation of NN 

intervals 

(the square root of variance) 

Sympathetic and 

parasympathetic indicator [375, 

382, 383]  

 

 SDANN standard deviation of the average 

of NN intervals for each 5 

minutes period over 24 hours 

Sympathetic and 

parasympathetic indicator [382, 

383]  

 

 

 SDNNIDX the average standard deviations 

of NN intervals for each 5 

minutes period 

Sympathetic and 

parasympathetic indicator [382] 

 

 

Differences 

between 

successive  

NN 

intervals 

RMSSD the square root of the mean 

squared differences of successive 

NN intervals 

High frequency variations in 

heart rate, parasympathetic 

indicator [359, 368]  

 

 pNN50 proportion derived by dividing 

the number of interval 

differences of successive NN 

intervals greater than 50 ms by 

the total number of NN intervals 

High frequency variations in 

heart rate, parasympathetic 

indicator [359, 368]  

 

3) Heart Rate Variability Frequency Domain Indices 

The power spectral density is employed to identify the components of heart rate 

variability that may be linked to the sympathetic or parasympathetic nervous systems 

[384]. The following four bands are regularly used for heart rate variability: high 

frequency components (HF, 0.15 – 0.4 Hz) of the heart rate variability, an index of 

parasympathetic (vagal) activity [384-387], low frequency components (LF, 0.04 – 0.15 

Hz), generally an index of sympathetic activity [384, 386] (however some authors 

argued that it may reflect both sympathetic or parasympathetic activity [354, 382, 383], 

and very low frequency components (VLF, 0.0033 – 0.04 Hz) and ultra low frequency 

components (ULF, <0.0033) whose pathophysiological correlates mostly remain 

unknown [384] (see Table 4.4). The very low frequency (VLF) components may reflect 



 
Chapter 4. Signal Processing Techniques for ECG and APG Signals 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

94 

the influence of the peripheral vasomotor and rennin-angiogenesis system [388]. The 

ultra low frequency (ULF) primarily may reflect circadian but also neuroendocrine and 

other rhythms [354, 389]. The information regarding the frequency domain indices of 

heart rate variability is summarised in Table 4.4. Apart from these four frequency bands, 

Mateo proposed the very high frequency band (VHF, 0.4 – 1.0 Hz) for exercise ECG 

because the power of this band significantly increases at heart rates of more than 120 

beats per minutes [366, 367].  

The ratio of the power spectrum components like LF/HF and the ratio of power 

spectrum components to the total power spectrum (TP), HF/TP and LF/TP have also 

been employed. Changes in the ratio LF/HF have been interpreted as an indicator of 

change in sympathetic activity, and HF/TP and LF/TP have been interpreted as 

indicators of parasympathetic and sympathetic activity [371, 376]. 

 

Table 4.4  Heart Rate Variability Frequency Domain Indices [376] 

Indices Frequency Range [Hz] 

[354, 376, 384] 

Pathophysiological Correlates 

 

HF 0.15 – 0.4  Parasympathetic (vagal) indicator  

[376, 382, 385, 386]  

 

LF 0.04 – 0.15 Sympathetic [384, 386]or  

both sympathetic and parasympathetic indicator 

[354, 382, 383]  

 

VLF  0.0033 – 0.04 Unknown [384],  

may reflet the influence of the peripheral vasomotor 

and rennin-angiogenesis system [354, 388] 

 

ULF < 0.0033 Unknown [384], 

primarily circadian but also neuroendocrine and 

other poorly understood rhythm [389] 

 

 

Frequency domain indices of heart rate variability are, however, somewhat complex to 

calculate compared to the time domain heart rate variability indices [354]. Fortunately, 

time domain heart rate variability indices strongly correlate (r>0.90 [354]) with at least 
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one of the frequency domain heart rate variability indices [354, 377, 390] (see Table 4.5).   

 

Table 4.5  Time Domain Indices and Frequency Domain Indices of Heart Rate Variability 

Time Domain Indices Correlating Frequency Domain Indices 

SDNN TP [354], HF and LF [363, 391] 

SDANN ULF [354] 

SDNNIDX VLF and LF [354] 

RMSSD HF [354, 391]  

pNN50 HF [354] 

 

4) Standard Length 

For analysis of the heart rate variability, the length of the record needs to be carefully 

considered [376]. Especially, the SDNN value depends on the length of recording period. 

As a standard length for stationary recordings of heart rate variability, 5 minute and 24 

hour periods have been suggested [119, 365, 370, 376, 379, 381]. These periods represent 

short term and long term heart rate variability respectively.  

However, there are other lengths used for non-stationary recordings (e.g. exercise tests) 

[364, 367-369]. Interpretation of heart rate variability time domain indices using non-

stationary recording is challenging because of the signals’ sensitivity to artefacts [359]. 

However, analysis using shorter length of the data has been introduced for the non-

stationary data. Mateo et al. employed 2 minutes recordings for the exercise test [366, 

367]. 
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Other Time Domain ECG components Analysis 

After the most prominent feature of ECG signals, the R wave, is detected, other features 

are often detected in relation to the location of R wave [309]. Commonly examined ECG 

features are the P wave, the PR interval, the QRS complex, the ST segment, the QT 

interval and the RR interval; however, other components, such as the RT interval [201, 

202], PP interval [392-395], have also been investigated. 

Peaks of the P and T waves can be detected as positive peaks before and after the R 

wave respectively [171, 345, 396]. However, due to their small amplitude, P and T wave 

detection can be difficult [309]. In the QRS complex, Q and S waves are negative peaks 

before and after the R wave respectively [171, 397].  

The time domain ECG features can be divided into two groups: features which describe 

the shape of each wave, such as the amplitude and width of the P wave, and intervals, 

such as the PR interval and the QT interval. Normal values for these features were given 

in Chapter 3. Identifying the changes in the shape of each wave can be difficult, 

however, when the ECG signals are distorted by noise. Relatively clean and stationary 

ECG signals may be required for the ECG shape analysis. Peak-to-peak interval 

extraction may be achieved using local maxima within a search range [177, 208].  

The interval is defined by either an onset or a peak. The intervals defined by onset are 

usually based on physiological duration. For example, PR intervals are usually defined 

by the period between the onset of atrial depolarization and the onset of ventricular 

depolarization [394, 395]. However, the peak-to-peak intervals have also been employed 

for P-R intervals as an estimate value [208, 398]. Although the peak-to-peak intervals are 

not exactly the same as the onset-to-onset intervals, they are useful for automatic and 

accurate detection. For the same reason, the QT peak interval is sometimes used instead 

of QT interval [109].  

The relationship between heart rate and PR interval during exercise has been studied 

[197, 198, 200, 398-401]. Heart rate is accepted as an indicator of sinoatrial (SA) node 
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activity while the PR interval indicates an estimate of atrioventricular (AV) nodal 

function [198]. The autonomic nervous system influences these electrical activities [198, 

398].   

4.1.4.2 Frequency Domain Feature Extraction and Analysis 

One of the most common techniques to obtain the frequency components of ECG signals 

is the Fast Fourier Transform (fft) which is applied to the time domain ECG signals. 

With the Fourier transforms, signals under investigation are decomposed to periodic 

sinusoids waves (or complex exponentials) [196]. Because these functions are periodic 

and continue forever, Fourier analysis is well suited for periodic signals or for signals 

whose statistical characteristics do not change with time [402]. It is important to note 

that this is also the limitation of the Fourier transform. It cannot deal effectively with 

non-stationary signals, where the frequency content changes with time [403, 404]. 

Frequency domain features of the ECG signal have been applied to the following areas: 

multiple beat recognition [405], onset recognition [406], atrial fibrillation detection using 

the power spectrum in the 4 – 9 Hz frequency band of ECG [407, 408] and detection of 

ventricular fibrillation using 4 – 7 Hz range [72, 73, 409]. Discrimination between 

disorders which have similar symptoms such as ventricular tachycardia and ventricular 

fibrillation has also been studied using frequency domain techniques [410].  

As mentioned in section 4.1.1.2, the commonly analysed frequency range for ECG 

signals is below 100 Hz. However, higher frequency components of ECG signals have 

also been studied in the last 40 years [236]. Higher frequency components of ECG 

signals can be used to detect abnormalities that are not apparent in the common ECG 

frequency range mentioned above, such as hypertrophy, prior infarction or ventricular 

aneurysms [411]. Changes in the higher frequencies of ECG signals have also been 

demonstrated in the patients with myocardial ischemia or infarction [158, 163, 237] and 

coronary artery disease (CAD) [160]. The 150 – 250 Hz range has been most frequently 

studied [158, 237, 239], although other frequency ranges have been mentioned (e.g. 100 – 
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250 Hz [412] and150 – 500 Hz [413]).  

Frequency domain analysis has the potential to provide an alternative classification of 

ECG signals which differs from the time domain analysis [233].  

4.1.4.3 Wavelet Domain Feature Extraction and Analysis 

The word wavelet is a translation from the French word ondelette, which was first used 

by Morlet and Grossmann in the early 1980s. Ondelette means “small waves”. 

The previously discussed Fourier analysis has been 

around since the nineteenth century. By contrast, the 

development of wavelet transforms has been much 

more recent. Although its concept was first proposed 

in 1909 by Alfred Haar, known as the Haar wavelet 

(see Figure 4.3), it was not applied until the 1980s.  

 

Figure 4.3  Haar Wavelet 

Wavelet analysis has been applied to many areas of research, such as climate analysis, 

financial analysis, signal denoising and compression of video images and medical 

records. 

The wavelet transform has unique features which are quite different from the Fourier 

transform. The wavelet transform has more localised features and the number of basis 

functions, called wavelets are infinite [414]. Commonly used wavelets are Meyer, 

Mexican Hat and Morlet, which are shown in Figure 4.4.  
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Figure 4.4  Example of Wavelets: Meyer, Mexican Hat and Morlet Wavelet 

 

For the wavelet transform, the wavelets are 

manipulated in two ways: shifting and scaling 

[414]. With ‘shifting’, the wavelet is moved to 

various locations along the signal (Figure 4.5), 

and with ‘scaling’, it is stretched or squeezed 

(Figure 4.6).  

The wavelet transform quantifies the local 

matching of the wavelet and the signal. The 

higher matching gives the greater value of 

transform.  

 

Figure 4.5  Shifting 

 

 

Figure 4.6  Scaling 

The result is then expressed in a two dimensional transform plane: shift (x axis) and 

scale (y axis) [415]. Because the x axis shows shift, it clearly indicates where the high (or 

low) matching occurs. In other words, after the transform, information of time is still 

present as opposed to the Fourier transform. This is a major advantage of the wavelet 

transform and it makes it suitable for the analysis of non-stationary signals [416]. 

As mentioned earlier, another important feature of wavelet analysis is multiresolution. 

With the wavelet transform, signals in the time domain are decomposed into low 

frequency components called approximation and high frequency components called detail 

similar to high-pass and low-pass filters [249, 417]. In this regard, wavelet analysis is 

quite similar to frequency domain analysis [251]. 
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The approximation and the detail 

can further be decomposed, which 

is a basis of multiresolution [249]. 

This is illustrated in Figure 4.7 

using an ECG signal as an input 

signal. The different levels of 

decomposition form the wavelets 

decomposition tree.  

 

Figure 4.7  Wavelet Decomposition Tree 

 

ECG signals can be decomposed with the wavelet transform. According to the power 

spectrum of the features to be extracted, such as P wave or R wave, the appropriate level 

of decomposition is selected for detection [309]. Because of the multi-resolution 

framework of the wavelet transform, wavelets have become one of the most powerful 

tools for ECG signals analysis [252]. Wavelet domain analysis of ECG signals has been 

applied for both pre-processing of ECG signals, including filtering [169, 215, 216, 253] 

and compression [154, 255-262, 418], and feature detection and extraction [65, 168, 171, 

172, 174, 176, 264, 419].  

Wavelet decomposition coefficients can be directly used as features for analysis. For 

example, wavelet decomposition coefficients extracted from each beat of the ECG signal 

have been used as features [168, 176]. The wavelet decomposition coefficients are locally 

related to the time. Using this feature of the wavelet, Castro, et. al [168] presented an 

algorithm extracting the coefficients of the approximation relating to the P, QRS and T 

waves, are selected as feature vectors. 

Zhao used decomposition coefficients of the approximation as extracted features, 

illustrating activities relating to the cardiac cycle [176]. The details of decomposition 

coefficients have also been employed to extract the information regarding ECG 

components, such as the R, Q and S waves [171]. 

Finding suitable wavelets and decomposition levels is the key for the successful 



 
Chapter 4. Signal Processing Techniques for ECG and APG Signals 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

101 

application of wavelets. So far, however, the optimal wavelets and decomposition levels 

for the analysis of ECG signals have not yet been identified [168, 215, 252, 420, 421].  

4.2 APG Signal Processing and Analysis 

As explained in Chapter 3, the APG is derived from the plethysmogram.  

APG recordings are designed to be much shorter, usually around 20 seconds than ECG 

recordings to exclude motion artefacts and other noise [148]. This makes it easier in 

clinical applications. The APG is recorded using an optical sensor in a probe attached to 

a fingertip at rest.  

Unlike the ECG, the APG a recent measurement technique and the methods for feature 

extraction and analysis of APG signals are still being established. In this section, several 

feature extraction and analysis techniques proposed in literature are described. 

4.2.1 Time Domain Feature Extraction and Analysis of APG 

Signals 

Time domain feature extraction and analysis seems to be the most common approach 

for APG signals [26, 31, 130, 141, 143, 422-424]. As described in Chapter 3, the basic 

features extracted from an APG signal in the time domain are: the a wave representing 

early systolic positive wave, the b wave representing early systolic negative wave, the c 

wave representing late systolic re-increasing wave, the d wave representing late systolic  

re-decreasing wave and the e wave 

representing early diastolic positive wave 

[27, 30, 75, 143]. The APG signal is then 

categorised into seven types depending on 

the waveforms (Figure 4.8).  The amplitude 

for each wave is measured from the 

baseline to its peak. Analysis of APG 

signals employs combinations of these 

  

Figure 4.8  APG waveform and Types [143] 
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values. The following ratios are often employed in APG analysis: b/a, c/a, d/a and e/a [75, 

141, 143, 425]. Sano, et al, proposed a more comprehensive value called the APG index = 

(c+d-b)/a×100, which consists of the a to d waves [425]. 

 

The shape of APG has been categorized into seven types, A to G [31, 74, 143] (see Table 

4.6). Each category shown in  can be further divided into three types (e.g. A+, A, A-) [143]. 

The description of each type is given in [422, 426]. 

 

Table 4.6  APG Wave form type  

Type Description 

A often observed in healthy young people indicating good circulation 

 

B good circulation but deteriorating 

 

C poor circulation 

 

D - G Distinctively bad circulation.  

Often observed in patients with cerebrovascular disease, ischemic heart 

disease, breast tumour, uterine fibroid, etc. It also indicates progressed 

arteriosclerosis. With the progression of disease, the waveform changes 

from D to G. 

  

 

 

Type G is often observed in the terminal stage of a disease. It has been identified in 

patients who died from acute heart failure, apoplexy, and lung tumours [426]. However, 

these are merely guidelines because the changes in the APG waveform are also 

associated with mental stress and fatigue as mentioned earlier [22, 23]. 

4.2.2 Chaos Approach for Feature Extraction and Analysis 

In addition to the conventional time domain analysis, an APG signal analysis method 

based on chaos theory has been developed. According to Takens’ proposition, even 

when the behaviour in the time domain seems chaotic, there may be an underlying 
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deterministic law governing the behaviours [427]. The cardiovascular system is said to 

be non-linear; therefore, non-linear techniques, such as chaos theory, may be more 

suitable for analysis than linear techniques [428].  

A non-quantitative examination using the chaos approach was presented in 1992 [429]. 

Iokibe et al. proposed a quantitative examination using attractors from each subject to 

process recurrence plots [76]. While the conventional features of APG signals in the time 

and frequency domain did not show a clear difference between healthy and unhealthy 

subjects, the results using processed recurrence plots showed significant differences 

between these subjects [76].  

Another index based on chaos theory which is applied to APG signals is called 

trajectory parallel measurements (TPM) [27, 148]. The TRM also uses attractors derived 

from subjects indicating a parallel value of the orbital tangent vector nearby the attractor 

[21]. Healthy subjects have lower TRM values than sick subjects. Subjects in a terminal 

stage of illness have high TRM values [27].   

Chaos theory is explained in detail in [429-432]. 

4.2.3 Other Signal Processing Techniques for APG Signals 

Wavelet analysis has also been applied to the original signal from which the APG is 

derived, the plethysmogram, to assess mental stress [433]. A ‘mental stress parameter’ 

was calculated from the wavelet coefficients of the plethysmogram. It showed a 

decrease under mentally stressful conditions. 

The values derived from chaotic analysis: the recurrence plot and trajectory parallel 

measurements (TRM) present information contained in the APG signals [434]. Using the 

self-organising map method, Urase, et al. categorised and visualised the state of health 

[435]. The self-organising map also verified the correlation between aging and APG 

indices in the time domain, such as b/a, c/a and d/a. In addition, the self-organising map 

method has been used to estimate disease progression [149].    
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Existing APG analysis methods have been described above. Many of the methods have 

already been applied in clinical practice, especially in examining general health and 

well-being [21]. However, the effect of heat stress on APG is yet to be investigated.   
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4.3 Summary 

A wide range of signal processing techniques have been applied to ECG and APG 

signals to enhance, detect and extract features for analysis. Apart from conventional 

time and frequency domain signal processing techniques, relatively new techniques, 

such as wavelets, neural networks and chaos theory have been applied for these signals. 

These techniques have shown potential in revealing information which is not apparent 

in the time or frequency domain. In particular the features of wavelets analysis 

(frequency and time localisation and multiresolution) seem promissing for non-

stationary signal analysis. 

Time domain analysis, however, still plays a major role and seems to provide the most 

reliable results. Time domain analysis techniques are usually easier to implement and 

computationally less intensive than other techniques. It is currently unknown to what 

extent heat stress affects the time domain features of ECG and APG signals. This 

research therefore mainly focuses on time domain alaysis for feature extraction of ECG 

and APG signals. The details of the features to be examined are discussed in Chapter 9. 

However, the potential of wavelet analysis in detecting abnormalities in ECG signals 

was also explored. A method to detect abnormalities was developed and tested using 

the MIT-BIH Arrhythmia Database [29]. This is presented in the next chapter. The 

usefulness of the technique for the heat stress data is examined in Chapter 9.   
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Chapter 5.  

 

Feature Extraction of ECG 

Signals using Wavelets 

5.1 Introduction 

As shown in the previous chapter, wavelet analysis has become one of the most 

powerful tools for ECG signal analysis due to the multiresolution framework and the 

time and frequency localisation [252]. Unlike Fourier transforms, the number of basis 

functions is infinite [414], which means that the most suitable basis function can be 

selected depending on the nature of the signal of interest and the purpose of signal 

processing. Considering the non-stationary nature of ECG signals, wavelet analysis 

seems to have more potential for indentifying abnormalities in ECG signals than 

conventional Fourier analysis. Classification using the features extracted from wavelet 

decomposed signals has led to successful results in detecting abnormalities in non-

stationary signals in other application [417].  

The heart normally beats with a regular rhythm of 60 to 100 beats per minute. Normal 

cardiac rhythm is called normal sinus rhythm and anything else is called an arrhythmia 

[436]. Irregular beats can be originated in the atria or the ventricles [166]. Although 

arrhythmia is common even in healthy people and is often unnoticed [436], some 

arrhythmias, such as ventricular tachycardia and ventricular fibrillation, can be life 

threatening [166]. Sudden cardiac death is often associated with tachyarrhythmias [437]. 

Therefore, early recognition and classification of arrhythmia can be critical in medical 
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practice [166].  

The monitoring and diagnosing of arrhythmia, however, relies heavily on human 

observation [194]. Because a large number of patients in intensive care units need 

continuous observation, automated arrhythmia detection is a research topic of research 

of interest to hospitals [65, 194]. 

In this chapter, a new arrhythmia detection technique using wavelets is proposed. Due 

to the non-stationary nature of the ECG, wavelet analysis, which has the multiresolution 

framework and the time and frequency localisation, may give better results than the 

conventional Fourier analysis in arrhythmia detection. This technique is based on a 

previously developed technique for non-stationary signals [417]. As listed in the 

beginning of the thesis, this technique and the modified version of it have already been 

published by the author [172, 173, 264]. 

To develop a technique, the MIT-BIH Arrhythmia Database from PhysioBank [29] was 

employed. This is one of the common databases for ECG analysis, and it has been used 

by a number of researchers [171, 175, 183, 191, 235, 278, 392, 406, 437-449]. The ECG 

signals of the MIT-BIH Arrhythmia Database [29] are sampled at 360 Hz and each beat 

has been annotated by cardiologists. The ECG signals can therefore be used directly for 

evaluating developed techniques. 

5.2 Feature Extraction Algorithm 

The aim is to distinguish between normal 

beats and abnormal beats. This is a complex 

task because there is a significant variation of 

waveforms in both normal and abnormal 

beats. It is this phenomenon, which makes it 

difficult to analyse ECG signals.  
 

Figure 5.1  Feature Extraction Algorithm 

Beat Classification 

Wavelet Decomposition 

Feature Vectors Extraction 
o energy 
o entropy 

ECG Signals 
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As an input ECG signal from the MIT-BIH Arrhythmia Database [29] was examined. A 

beat was defined as a section between one R wave and the next R wave. The location of 

the R waves was extracted from the attribute file of the record from the MIT-BIH 

Arrhythmia Database [29]. 

The algorithm consists of two stages: the signal decomposition stage and the feature 

extraction stage, Figure 5.1. The original ECG signals are first decomposed with 

wavelets after which feature vectors of each beat, consisting of energy and entropy, are 

constructed. Details of each stage are described below. 

5.2.1 Wavelet Decomposition 

The details of wavelet decomposition were described in the previous chapter.  

The first step of wavelet decomposition is selecting an appropriate wavelet for the signal 

to be analysed. Appropriate wavelets should have a wave shape, which is similar to the 

signal to be processed [417, 450]. For the algorithm developed here, ‘bior5.5’ was 

selected because of the similarity of its wave-form to ECG signals. 

Using the wavelet decomposition filter bank, we can separate the signal into 

approximation, which corresponds to the lower frequencies, and detail, which 

corresponds to the higher frequencies [249]. Wavelet decomposition is illustrated in 

Figure 5.2.  

 

Figure 5.2  Wavelet Decomposition with wpdec up to level 4 
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Using wavelet packet decomposition command, ‘wpdec’ in Matlab [451], the original 

signal was decomposed to level 4 following the suggestions in [417].  

 

5.2.2 Feature Vector Extraction  

Feature vectors were extracted from the wavelet decomposed ECG signals. The aim of 

extracting feature vectors is to distinguish between normal and abnormal beats in an 

ECG signal. The feature vectors for this algorithm consist of normalised energy and 

entropy. These feature vectors have also been employed for the other applications [417].  

Normalised Energy 

To calculate energy, variance was employed. The energy of each beat was normalised in 

two ways. Because of the variety in duration of each beat, the energy was divided by the 

number of sample points in one beat. Equation (5.1) shows the normalised energy of 

each beat at decomposition level n.  

∑
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 (5.1) 

 (j: beat number, N: number of samples in one beat, i: sample number,  

n: decomposition level, m: sample mean) 

 

The energy of each beat, n)j(E , was then normalised across the decomposition levels, 

which allows comparison between the decomposed signals of different levels. The 

normalised energy: n_norm)j(E of the beat j at decomposition level n is defined as: 
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 (j: beat number, n: decomposition level) 
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Normalised Entropy 

The entropy of a signal is a measure of the randomness of the signal. In other words, it 

can be viewed as a measure of uncertainty [452]. Entropy has been shown to be effective 

in dealing with complex biological signals, such as the electroencephalogram (EEG) 

[452].   

The classical log energy entropy [453] was employed in this study. The entropy of beat j 

at decomposition level n, nlog_)j(Ent , was obtained as follows: 

 ∑
=

=
N

i
inlog_ )xlog()j(Ent

1

2  (5.3) 

 (j: beat number, n: decomposition level, N: sample size, i: sample number). 

 

Selection of Normal Beats 

The beats immediately before and after an abnormal beat may be affected by the 

abnormal cardiac activity. Therefore, the beats occurring immediately before and after 

the abnormal beats are eliminated from the normal beats group even though they are 

classified as ‘normal’ by  the annotation from MIT-BIH Arrhythmia Database [29]. It was 

expected that this would improve the separation of the clusters of normal and abnormal 

beats.   
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5.3 Results and Discussion 

The feature vectors, normalised energy and entropy, were plotted against each other. 

Examples of results of the feature vector plots are shown in Figure 5.3 – 5.6. The ECG 

signals presented here are mitdb100 and 106, and decomposition lines shown were A1-

AA2-AAA3-AAA4 and D1-AD2-AAD3-AAAD4 to compare the differences between 

approximate and detailed information of ECG signals.  

Result 1 

Using the approximate information of the signal, which was obtained along the 

decomposition line (A1-AA2-AAA3-AAA4), a clear separation between the clusters of 

normal and abnormal beats of any level against normalised entropy values was 

achieved [172, 173] (see Figure 5.3). These abnormal beats are classified as premature 

atrial contractions in mitdb100 and premature ventricular contractions in mitdb106.  

 

However, the separation was not as clear with the detail line of decomposition, as with 

the approximation line (see Figure 5.4). With the decomposition of the detail line, both 

normalised entropy and energy indicate a similar distribution, they overlap. 

This suggests that the features distinguishing abnormalities in ECG signals may 

dominantly lie in the entropy value of approximate information of the ECG signals. 
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Figure 5.3  Beat Classification, signal: mitdb100, wavelet: bior5.5, 
 decomposition line: A1-AA2-AAA3-AAA4 
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Figure 5.4  Beat Classification, signal: mitdb100, wavelet: bior5.5, 
 decomposition line: D1-AD2-AAD3-AAAD4 
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Figure 5.5  Beat Classification, signal: mitdb106, wavelet: bior5.5, 
 decomposition line: A1-AA2-AAA3-AAAA4 
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Figure 5.6  Beat Classification, signal: mitdb106, wavelet: bior5.5, 
 decomposition line: D1-AD2-AAD3-AAAD4
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Figure 5.8 show the difference in the cluster formation with two types of normal beats: 

one with all beats classified as normal and the other without those normal beats which 

occur before and after the abnormal beats (selected normal beats).  

 

 

 

Figure 5.7  Cluster Composition  
with all Normal Beats  
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Figure 5.8  Cluster Composition  
without Normal Beats before or after  

Abnormal Beats 

 

Result 2 

The distribution of entropy of the normal beats is more limited when beats occurring 

before and after abnormal beats are excluded [264].  

This may be useful for automated classification.  

In conclusion, the combination of wavelet decomposition of ECG signals and feature 

vectors showed promising results in distinguishing abnormal beats from normal beats. 

Elimination of those normal beats which occur before and after the abnormal beats can 

lead to more accurate classification.  

The technique developed above will be applied to the heat stress ECG signals in 

Chapter 9.  
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5.4 Summary 

 

A preliminary investigation on detecting abnormalities in ECG signals using wavelets 

was carried out. An algorithm was designed, which has two stages: the signal 

decomposition stage and the feature vector extraction stage. For signal decomposition, 

wavelets were employed and for feature vectors, normalised energy and entropy were 

selected. ECG signals from the MIT-BIH Arrhythmia Database [29] were used for 

analysis. 

The bior5.5 wavelet was selected and the signal was decomposed to decomposition level 

4. Using the approximate decomposition line to calculate feature vectors showed 

promising results in distinguishing abnormal beats from normal ECG beats. 

The method is applied to the heat stress data in Chapter 9.  
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Chapter 6.  

 

Heat Stress Data Collection 

6.1 Introduction 

The heat stress data for this study were collected as a minor part of a joint project 

between Charles Darwin University, Defence Science and Technology Organisation 

(DSTO) and the Department of Defence which was initiated by the Department of 

Defence. The main aim of the project was to assess the effect of varying degrees of air-

conditioning exposure in hot environments [454].  

The data collection for this study during the heat stress test was added to the original 

project; hence a few minor adjustments were made only to the protocol of this exercise 

session to incorporate the data collection for this study. An exercise test in a cooler 

environment with the same subjects was not included in the project. A protocol for ECG 

and APG data collection was then designed for this study. The project has been granted 

human research ethic clearance from Charles Darwin University. 

The following data were made available to this study: ECG data, APG data and body 

temperatures. The background of the entire project can be found in [454].   

6.2 Heat Stress Test Methodology 

Biological signals during the heat stress test were acquired during exercise (walking) on 

a treadmill in the climate control chamber at Northern Territory Institution of Sport 

(NTIS). Two treadmills were available in the chamber. The speed of treadmill was set to 
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5 km/h with a one percent inclement corresponding to the effort required to walk with 8 

kg of webbing. The exercise was considered to be of moderate intensity. The maximum 

duration of exercise was four hours with a five minutes break every hour. This is similar 

to the type of march that soldiers usually experience in hot conditions. Subjects were 

however, free to terminate the exercise whenever they desired to discontinue.  

The environment of the chamber was controlled to 32 °C and 60 percent humidity. The 

temperature and humidity were both monitored with a digital hygrometer set in the 

chamber during the test and recorded using temperature/humidity loggers, iButtons 

[455]. 

6.2.1 Data Collection 

The following data were made available for this study. 

ECG 

The following three views of the heat stress ECG data were recorded before and during 

the heat stress test at the sampling rate of 2000 Hz: lead I, lead II and a chest lead using a 

standard 5 lead ECG electrode configuration (see Figure 6.6). This configuration was 

selected in order to minimise motion artefacts.  

Data were collected simultaneously from two subjects throughout the exercise. The data 

were saved every hour during the five minutes break. 

APG 

APG data were collected before the exercise in the air-conditioned room. During each 

five minutes break and immediately after stopping the exercise, APG data were 

collected in the climate control chamber. Because the APG is designed to acquire data 

while resting, a chair was provided for subjects to sit on during the data acquisition. 

APG signals were also collected after exercise during recovery in the air-conditioned 

room next to the climate control chamber (recovery data). The sampling rate was 200 Hz 

and each segment of APG data was of two minutes duration.  
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Body Temperatures 

Two types of body temperature were collected during the heat stress test: body core 

temperature using disposable temperature capsules (CorTemp, HTI Technologies Inc, 

Palmetto, FL [456]), and skin temperature with a computer chip enclosed in a 16mm 

thick stainless steel can (i-buttons [455], see Figure 6.3). The data were recorded every 

minute during the heat stress test.   

Others 

To secure privacy of subjects, minimal information of subjects was collected. Age and 

gender of the subjects were recorded.   

6.2.2 Equipment Setup 

Overall Design 

The hardware was set up to acquire heat stress ECG data with a high sampling rate. 

Although the commonly examined range of ECG signals is below 100 Hz as described in 

Chapter 4, higher frequency components of ECG may also contain useful information 

The equipment used for this study was capable of collecting data with a high sampling 

rate. Given that down sampling the collected data is always possible off line if necessary, 

the highest possible sampling rate of 2000 Hz according to the specification of the 

equipment was adopted for the data collection for this study. 

Figure 6.1 shows the overall design of the test. Treadmills were placed in the climate 

control chamber which was next to the data acquisition lab where all data acquisition 

equipment including a BIOPAC system was placed.  
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Figure 6.1  Heat Stress ECG Data Acquisition System 
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Climate Control Chamber  

The climate control chamber at Northern Territory Institution of Sports (NTIS) provides 

an adjustable environment, which can be controlled independently of the external 

conditions. The temperature in the chamber can be adjusted in increments of 0.25 °C for 

the temperature and 2.5 % RH for the humidity. Simultaneous control of both 

temperature and humidity is available only in the temperature range of 25 - 35 °C [457]. 

During the heat stress test the temperature was set at 32°C and the humidity at 60 % RH.  

Most of the data acquisition equipment was situated in the air-conditioned data 

acquisition lab next to the chamber. All lines and cables to connect the sensors to the 

data acquisition equipment passed through existing hutches between the climate control 

chamber and the lab. There were windows between the rooms, so that data acquisition 

operators were able to check the chamber at any time.  

 

CorTemp  

Body core temperatures were collected using a 

CorTemp system which consists of an 

ingestible core body temperature sensor and a 

data recorder (see Figure 6.2 [456]). The sensor 

wirelessly transmits core body temperature to 

the recorder as it travels though the digestive 

tract.  

 

 

 

 

 

Figure 6.2  CorTemp System  
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iButtons  

Skin temperatures were collected during the 

heat stress test with iButtons [455] (Figure 6.3). 

The temperature and humidity of the chamber 

were also recorded using iButtons placed on the 

walls inside the chamber. The collected data 

were downloaded at the end of the day.  

 

 

 

 

 

Figure 6.3  iButtons  

Treadmills 

Two treadmills (StairMaster Club Track [458], 

see Figure 6.4), located in the climate control 

chamber, were used for exercise during heat 

stress. 

They were set to the following specifications; 

• Speed: 5 km/h 

• Inclement: 1 % (to replicate the heat 

production of 8 kg of webbing)   

 

 

 

 

 

 

Figure 6.4  StairMaster Club Track  
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ECG Data Acquisition: BIOPAC System  

For ECG data acquisition during the heat stress test, the BIOPAC MP150 system was 

employed (Figure 6.5) [459]. The main features are; 

• Aggregate sampling rate: 400kHz, 

• Internal buffer size: 6M bytes, 

• A/D converter signal/noise ratio: 86 dB typical, 

• D/A resolution: 16 bits, 

• D/A output rate: independent of A/D rate, 

• Communication to PC: Ethernet 

 

The equipment is shown in Figure 6.5. The 

BIOPAC system and a PC were located in the 

air-conditioned data acquisition lab while 

subjects exercised on treadmills in the climate 

control chamber. 

A low-pass filter of 150 Hz could be turned 

ON or OFF. It was turned OFF during these 

experiments. The sampling rate was 2000 Hz. 

 

 

 

Figure 6.5  BIOPAC system 

 

Electrode Configuration 

Considering the practicality of data acquisition during the heat stress test of four hours, 

three views of ECG using a standard five leads electrode configuration (see Figure 6.6 

[113]) were recorded: Lead I, II and Chest. As described in Chapter 3, the torso electrode 

configuration is least affected by movement of the subjects [113], and was therefore 

selected.  
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All electrodes were secured with surgical 

tapes so that they remained attached to 

the skins during the heat stress test, 

minimising noise from loose connections. 

The BIOPAC system collected three views 

of ECG data from a maximum of two 

subjects simultaneously. The detailed 

specifications and setup manual for the 

BIOPAC system are shown in Appendix B.  

 

Figure 6.6  Torso Electrodes Placement  
for a Standard 5 Lead ECG with V1  

 

 

APG Data Acquisition: Salus APG  

APG data were collected using a Salus APG. 

It consists of a laptop PC, PC card and pulse 

sensor Figure 6.7 [460, 461]. During the heat 

stress data acquisition, data were collected 

inside the climate control chamber with the 

subject at rest on a chair.  

 

 

 

 

 

 

 

 

Figure 6.7  Salus APG system 
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6.2.3 Protocol 

The protocol of collecting ECG and APG data during the heat stress is described below. 

1. Acquire resting APG data in the air-conditioned room when subjects arrive.  

2. Set up BIOPAC system for data acquisition. Turn on all devices and check if 

there are two sets of ECG leads in the chamber. The ECG 5 leads should be 

securely attached to the bar of the treadmill in order to prevent unnecessary 

movement.  

3. Set up the software as follows: 

• 6 channels  

(3 channels per subject for 

Lead I, II and Chest signal) 

• 2000 Hz sampling rate 

 

4. In the data acquisition lab, place 5 

electrodes on the subject’s torso 

(Figure 6.8). Use alcohol swabs to clean 

the surface of the skin for a better 

connection. Shave body hair if 

necessary. Secure the electrodes with 

surgical tape (Figure 6.9).  

 

 

 

 

 

 

 

 

Figure 6.8  Electrodes Configuration 

 

 

 

 

Figure 6.9  surgical tapes, swabs, and 
electrodes (from left) 
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5. Take the subjects into the climate control chamber and connect the leads to the 

electrodes paying close attention to the lead colours.  

6. Go back to the data acquisition lab and check the PC monitor to confirm that it 

receives the signals.  

7. Start the data acquisition when the subject starts walking on the treadmills.  

8. Stop the data acquisition during a five minutes break every hour, or when a 

subject discontinues the test and save it. Restart collecting data with a new file 

once the subject resumes exercise.   

9. During the five minutes break every hour or when a subject stops walking, place 

the subject on a chair and collect APG data. 

10. After finishing exercise, collect APG data during recovery in the air-conditioned 

room at rest (recovery data). 

6.2.4 Safety Issues  

All personnel involved in data collection had obtained a senior first aid certificate prior 

to the test. Session termination protocols were placed both in the lab and in the climate 

control chamber (see Appendix C).  

The main risks during the project were associated with the unfamiliarity of subjects with 

experimental procedures, and the potential discomfort and health-related risks of 

physical exertion. The welfare of participants was assured by pre-test information 

sessions, constant monitoring during and after the test, and trial termination protocols. 

The trial termination protocol states that: 

Trials will be terminated if the body core temperature reaches 39.5°C, the 

subject indicates their desire not to continue, feels nauseous or becomes 

disoriented, or at the discretion of the investigators. After completion of 

each trial, subjects will be closely monitored until the core temperature has 

returned to within 0.4°C of the resting, pre-trial baseline [454]. 
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6.2.5 Study Population   

A summary of the heat stress data are shown in section 6.3.1.4. 27 fit and healthy males 

aged between 18 and 41 participated in this test. Only 16 subjects completed the full four 

hour walking exercise. One of these was excluded from the data analysis because his 

heart rate variability data showed abnormal pattern, due to an implanted pace maker. 

 

 

 

 

6.3 Results 

The results of the heat stress test conducted 

from 20th April to 5th May 2006 at the Northern 

Territory Institution of Sport (NTIS) are 

described below (see Figure 6.10).  

 

 

 

 

 

 

   

 

 

 

Figure 6.10  Inside the Climate  
  Control Chamber
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6.3.1 Heat Stress Data  

6.3.1.1 ECG Signals 

The heat stress ECG data were recorded at a sampling rate of 2000 [Hz] (Nyquist 

frequency: 1000 [Hz]). The heat stress ECG data contain several types of noise such as, 

power line interference (PLI), baseline wander (BLW), EMG, electrodes connection noise, 

and unknown noise from equipment and surrounding environment (e.g. treadmills 

noise, the control chamber noise, etc). Furthermore, due to the subjects’ movement 

during exercise, electrode disconnection from the skin due to sweat, touching the 

treadmill bar, etc., there were a number of sections in the data which were not suitable 

for data analysis.  

Considering the nature of the heat stress ECG data, uncorrupted segments of data were 

selected from the dataset. This included two minute segments of data selected from each 

hour as follows: resting (P0), the first two minutes of exercise (P1), the last two minutes 

of exercise before the five minutes break (P2), and 1 minute into break (or recovery) (P3) 

(Figure 6.11). 

 

 

 

 

Figure 6.11  Phases and Duration of ECG data for HRV 
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6.3.1.2 APG Signals 

APG data were collected during each 5 minute break at a sampling rate of 200 Hz. The 

duration of each data segment is twenty seconds. Four types of data are recorded 

simultaneously: the plethysmogram, the velocity plethysmogram, the acceleration 

plethysmogram, and the normalised acceleration plethysmogram. 

6.3.1.3 Temperature Data 

Body core temperature and skin temperature were recorded every minute during the 

heat stress test. However, 16 out of 27 records showed sudden temperature drops or 

discontinuing data indicating a malfunction of the temperature sensor or recorder. 

6.3.1.4 Summary of the Heat Stress Test 

Summaries of the experiment and collected ECG data are shown in Table 6.1 and Table 

6.2 respectively. ECG signals corrupted by noise are categorised as ‘Poor quality data’.    

 

Table 6.1  Results of the Heat Stress Test 

Type of Value Design Results 

                 Date 20th April – 5th May  

(9 days)  

20th April – 5th May  

(9 days)  

                Place NTIS NTIS 

Subject Number 27 27 

Gender Male Male 

 Fitness Fit and healthy Fit and healthy 

Climate Control 

Chamber 

Temperature 33 ° C (average) 33.04 ° C (average) 

Humidity 60 %   (average) 55.75 %   (average) 

Treadmill 

 

 

Speed 5 km/h 5 km/h (average) 

Inclement 1 % 1 %  

Walking Protocol Maximum 

hours 

4 hours 4 hours 

Breaks 5 min/ hour 5 min / hour  
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Table 6.2  Summary of the Collected ECG Data 

S
u

b
je

ct
 I

D
 

A
g

e
 

E
n

d
 T

im
e 

ECG Data APG Data 

1
h

 

2
h

 

3
h

 

4
h

 

re
c 

re
st

in
g

 

1
h

 

2
h

 

3
h

 

4
h

 

 R
e

co
v

e
ry

  

A1 39 1:45 √ ∗    √ √    √ 

A2 19 4:00 √ √ √ √  √ √  √ √ √ 

B1 22 2:00 √ √    √ √ √   √ 

B2 20 1:12 √ ∗    √ √    √ 

C2 27 4:00 √ √ √ √ √ √ √ √ √ √ √ 

C3 19 1:24 √ √    √ √    √ 

D2 22 4:00 √  √ √  √ √  √ √ √ 

D3 23 4:00 √  √ √  √ √  √ √ √ 

E1 24 4:00 √ √ √ √  √ √ √ √ √ √ 

E3 26 4:00 √ √ √ √  √ √ √ √ √ √ 

E2 35 4:00 √ √ √ √ √ √ √ √ √ √ √ 

G3 35 3:39 √ √ √ ∗  √ √ √ √ ∗ √ 

G2 34 1:40 √ ∗    √ √    √ 

H3 30 4:00 √ √ √ √  √ √ √ √ √ √ 

I2 26 4:00 √ √ √ √  √ √ √ √ √ √ 

I1 22 4:00 √ √ √ √ √ √ √ √ √ ∗ √ 

J2 22 2:31 √ √ ∗  √ √ √ √ ∗  √ 

L3 40 4:00 √ √ √ √ √ √ √ √ √ √ √ 

L2 25 1:36 √ ∗    √ √ ∗   √ 

N3 35 4:00 √ √ √ √  √ √ √  √ √ 

N2 41 4:00 √ √ √ √  √ √ √ √ √ √ 

O1 20 3:00 √ √ √   √ √ √ √  √ 

O2 23 3:00 √ √ √   √ √ √ √  √ 

P1 30 4:00 √ √ √ √  √ √ √ √ √ √ 

P2 24 4:00 √ √ √ √ √ √ √ √ √ √ √ 

Q1 22 4:00 √ √ √ √ √ √ √ √ √ √ √ 

Q2 18 3:00 √ √ √  √ √ √ √ √  √ 

  √: data with full length 

  *: data with incomplete length, subject discontinued the test 

 



 
Chapter 6. Heat Stress Data Collection 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

131 

6.3.1.5 Samples of Collected Data During the Heat Stress Test 

Samples of the collected data (ECG, APG and temperatures) during the heat stress test 

are shown in Figure 6.12 - Figure 6.15. The ECG data include three views (L1, L2, and 

chest) from two subjects (Figure 6.12). The data collected from iButtons are illustrated in 

Figure 6.14 showing skin temperature and temperature and humidity of the climate 

control chamber. In Figure 6.15, the body core temperature collected using CorTemp 

capsule during the heat stress test is shown. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.12  Example of ECG data 

 

Figure 6.13  Example of APG data 
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Figure 6.14  Example of iButtons data  

 

 

 

 

 

 

Figure 6.15  Example of CorTemp data  
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6.3.2 Limitation and Justification of the Research 

Due to the nature of the test, fit and healthy subjects were selected prior to the test. 

Because of this selection, the differences between subjects were expected to be less 

apparent than differences between healthy and unhealthy subjects. This should be taken 

into account in the selection of the suitable ECG analysis techniques. The majority of 

existing irregularity detection techniques focus on indentifying the differences between 

‘sick’ and ‘healthy’ subjects [172, 190, 194, 207, 264, 266, 462, 463]. These techniques may 

not be suitable for this study.  

The heat stress ECG and APG data were collected for this study as a minor part of the 

project funded by Department of Defence. As described in the introduction, there was 

no exercise test with the same subjects in a cooler (or normal) environment included in 

the main project protocol. Therefore, conclusive results regarding the impact of exercise 

comparing two conditions, hot and cool environments, cannot be drawn. 

The designed exercise length for the heat stress test was four hours; however, only 16 

out of 27 subjects completed the full duration. It was found that one of these subjects 

had a pace maker implanted; therefore, this subject was excluded from the analysis.  

Another limitation in this study relates to the ability to obtain quality ECG data during 

exercise. With the higher frequency sampling rate of 2000 Hz, the analysis of higher 

frequency components of the heat stress ECG data was believed to be possible. However, 

due to the non-stationary nature of the exercise tests, resulting in inevitable motion 

artefacts and the limitation on the data acquisition system, the ECG data were not 

completely continuous and the quality of the data was not always suitable for analysis. 

Uncorrupted sections of data of each hour were selected for analysis. These sections still 

contain a considerable amount of noise. 

APG is a relatively recent biological measurement technique. The literature regarding 

APG, especially regarding exercise APG, is still quite limited. Although nonlinear 

approaches, such as chaos analysis [21, 147, 148] or self-organising map analysis [149]  
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have been proposed in literature, time domain features seem to be the most commonly 

used for analysis. Therefore, APG data analysis was restricted to the time domain for 

this study. 
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Chapter 7.  

 

Application of Existing Peak 

Detection Algorithms for the 

Heat Stress Data 

For cyclic biological signals, such as ECG and APG signals, peak detection, such as the R 

wave detection for ECG signal, is usually the first step [306]. A number of algorithms for 

ECG signal R wave detection have been proposed in literature as described in Chapter 4.  

Friesen described nine algorithms based on thresholds and digital filters in 1990 [162]. 

Since then, a number of new approaches have been proposed, such as wavelets [169, 241, 

245, 312, 317, 319, 333] and neural networks [159, 185, 320]. However, the threshold and 

digital filter based algorithms summarised by Friesen [162] are relatively simple to 

program and easy to modify if needed. The performance of these algorithms was tested 

with the heat stress data. 

An APG signal also indicates a cardiac cycle; however, its morphology is quite different 

from an ECG signal. To identify the cycle of an APG signal, peak detection also needs to 

be applied. Although Friesen’s nine algorithms were designed for detecting peaks of 

ECG signal, their applicability for APG signal peak detection was also tested with the 

heat stress APG signals. 
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7.1 Nine Algorithms  

In the following sections, Friesen’s algorithms are explained with a flow chart. Note that 

some of the algorithms include filters. All values including threshold values are the 

original values described in the literature [162]. However, in the actual program, the 

threshold values have been modified to obtain the maximum detection rate for the heat 

stress data, which are shown in the result (see section 7.2). In addition, due to the 

different sampling rates of the signals between Friesen’s and the heat stress data, 

algorithms were modified where needed. 

The discrete time is often denoted as n . However, for programming purpose, discrete 

time is usually described as i , discrete time ECG signal as ]i[X , and sampling rate 

asSR . This notation is used here. 

• discrete time:    i ,  N) i  1 ( ≤≤ , 

• discrete time ECG signal:  ]i[X , 

• sampling rate of ECG signal: SR . 
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AF1: based on Moriet-Mahoudeaux 
Algorithm 

AF1 is based on the algorithm developed by 

Moriet-Mahoudeaux [329] (see Figure 7.1). 

This algorithm examines the amplitudes and 

slopes of the ECG signals, which form the 

distinctive feature of QRS complex, exceed 

certain thresholds.  

The slope is the first derivative of the ECG 

signal, ]i[Y . 

]i[X]i[X]i[Y 11 −−+=
1)- N i   2( ≤≤  

(7.1) 

The threshold values are applied to the 

amplitudes and slopes (positive and negative), 

THa , THsp  and THsn respectively. They are 

chosen as follows; 

( )X[i]  max 0.3 THa =

 N) i  1 ( ≤≤  (7.2) 

0.3-  THsn =  (7.3) 

0.5  THsp =  (7.4) 

The first condition for detecting QRS complex 

is: 

three consecutive points in the first 

derivative array ]i[Y  exceed THsp . 

 

 

Figure 7.1  Flowchart of AF1 
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THsp2]Y[i1],Y[iY[i], >++ , ))C-2-(N  i   2( ≤≤  (7.5) 

From the last point of the three consecutive points, the algorithm then examines the 

following specified region, RGN [sec]. The count C is the number of sample points in 

the RGN : 

SR* RGNC =  (7.6) 

The discrete time j in the region is: 

)Ci( j  3)(i +≤≤+  
(7.7) 

The following conditions must be satisfied in the region:  

two consecutive points exceed THsn within the region 

THsn   ]Y[jY[j], <+ 1 , ))Ci( j  3)((i +≤≤+  (7.8) 

and, 

all points from i to 1+j  in the ECG signal ]i[X exceed THa . 

  

THa  1]X[j ..., 1],X[i X[i], >++   
(7.9) 
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AF2: based on Fraden and Neuman’s Algorithm 

This algorithm was derived from an analogue QRS complex detection scheme 

developed by Fraden and Neuman [313] (see Figure 7.2). This algorithm also examines 

the amplitudes and the slopes of the ECG signal. 

The threshold values for the amplitudes and slopes 

(positive) are shown below. 

 [ ]( )iX  max 0.4 THa = ,  N) i  1 ( ≤≤  

 0.7  THsp =  

The ECG signal ]i[X is rectified. The absolute value 

of the ECG signal is taken as ]i[X1 . 

 [ ] [ ]iX     iX1 = ,  N) i  1 ( ≤≤  

This signal ]i[X1 is then modified using the 

amplitude threshold THa . 

 [ ] [ ] [ ] THaiX1 if   ,iX1  iX2 >= ,  N) i  1 ( ≤≤  

 [ ] [ ] THaiX1 if   ,THaiX2 <= ,  N) i  1 ( ≤≤  

The first derivative of ]i[X2 , ]i[Y is calculated. 

]i[X]i[X]i[Y 1212 −−+=
1)- N i   2( ≤≤  

(7.10) 

In order to be identified as a QRS complex, ]i[Y  

needs to exceed the fixed constantTHsp .   

 THspY[i] > , 1)- N i   2( ≤≤  

 

Figure 7.2  Flowchart of AF2 
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AF3: based on Gustafson’s Algorithm 

This algorithm is based on Gustafson’s algorithm 

[103] (see Figure 7.3). This algorithm not only 

examines the positive slopes but also the product of 

the slope and amplitude of the ECG signal.  

The first derivative ][iY is described below. 

 

]i[X]i[X]i[Y 11 −−+=
1)- N i   2( ≤≤     

(7.11) 

The threshold value for the positive slopes is as 

follows. 

 0.15  THsp =  

In this algorithm, the following conditions need to 

be satisfied for a point to be identified as a QRS 

complex: 

• Four consecutive points in the first derivative 

array ]i[Y  exceed THsp .  

 
 [ ] [ ] [ ] [ ] THsp3iY ,2iY,1iY,iY >+++  

 4)- N i   2( ≤≤  

• The second 1)i ( +  and the third 2)i ( + point 

the four consecutive points mentioned above 

have a positive value of the product of 

positive slops and amplitude. 

 
 [ ] [ ] [ ] [ ] 0  2iX2iY, and 1iX1iY >++++  

 

 

 

 

 

Figure 7.3  Flowchart of AF3 
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FD1 (based on Menard Algorithm) 

The concept for this algorithm was taken from 

Menard [464] (see Figure 7.4). This algorithm 

examines the slopes of the ECG signal. 

The formula to specify the first derivative, as defined 

by Menard is shown below.  

]i[X]i[X]i[Y 122 −−−−=   

           ]i[X]i[X 221 ++++  

                    2)- N i   3( ≤≤  

(7.12) 

The slope threshold is calculated using the 

maximum value of the first derivative. 

 [ ]( )iY max 0.7  THs  th1 == , 2)- N i   3( ≤≤  

In this algorithm, the following condition needs to 

be satisfied for identification of the QRS complex. 

 [ ] THsiY > , 2)- N i   3( ≤≤  

 

 Figure 7.4  Flowchart of FD1 
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FD2 (based on Holsinger’ Algorithm) 

This algorithm is based on the method developed 

by Holsinger [327]; however because of high 

incidence of false positives, it was significantly 

modified by Friesen [162] (see Figure 7.5).  

This algorithm examines the slopes of the ECG 

signal.  

The first derivative ]i[Y is described as: 

 ]i[X]i[X]i[Y 11 −−+=  

1)- N i   2( ≤≤  

(7.13) 

The threshold value for the positive slopes is: 

 0.45  THsp =  

 

 

 

Figure 7.5  Flowchart of FD2 
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FS1 (based on Balda’s Algorithm) 

This algorithm is a simplified version of the 

technique presented by Balda [465] (see Figure 7.6). 

The first and second derivatives of the ECG signal 

are employed.  

The following absolute values of the first and 

second derivative of the ECG signals are first 

obtained. 

]i[X]i[X]i[Y 111 −−+= ,

2)- N i   3( ≤≤    

(7.14) 

]i[X]i[X]i[X]i[Y 2222 −+−+=

2)- N i   3( ≤≤  

(7.15) 

A new array is calculated using these derivatives. 

 ]i[Y.]i[Y.]i[Y 211131 += , 2)- N i   3( ≤≤  

The threshold value for  Y[i] is 

 1.0  TH = . 

For identification of the QRS complex, two 

conditions must be met: 

• A point exceeds the threshold  TH . 

 THY[i] > , 10)- N i   3( ≤≤  

• Six or more of the next eight points exceed 

the threshold. 

 TH8]i:1Y[i ≥++ , 10)- N i   3( ≤≤  

 

 

 

Figure 7.6  Flowchart of FS1 
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FS2 (based on Ahlstrom and Tompkins’s Algorithm) 

This algorithm adapts the QRS detection technique 

developed in 1983 by Ahlstrom and Tompkins [103] 

(see Figure 7.7). This algorithm examines the first 

and second derivative of the ECG signal. 

The following absolute value of the first derivative is 

calculated, and then smoothed. 

[ ] [ ] [ ] [ ]( ) 41002101  iYiYiYiY +++−=

3)- N i  (4 ≤≤  

(7.16) 

The absolute value of the second derivative is 

calculated.  

]i[X]i[X]i[X]i[Y 2222 −+−+=

3)- N i  (4 ≤≤  

(7.17) 

The smoothed absolute values of the first derivative 

are added to the absolute values of second 

derivative.  

]i[Y]i[Y]i[Y 21 +=  

3)- N i  (4 ≤≤   

(7.18) 

The primary  TH1  and secondary TH2 threshold 

values are obtained from the maximum value of this 

array. 

[ ]( )iY  max 0.8  TH1 = 3)- N i  (4 ≤≤  (7.19) 

[ ]( )iY  max 0.1  TH2 = 3)- N i  (4 ≤≤  (7.20) 

 

 

 

 Figure 7.7  Flowchart of FS2 
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The conditions to identify the QRS complex are as follows: 

• A point exceeds the primary threshold TH1 : 

 TH1Y[i] > , 9)- N i   4( ≤≤  

• The next six points all meet or exceed the secondary threshold TH2 : 

 TH26]i:1Y[i ≥++ , 9)- N i   4( ≤≤  
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DF1: based on Engelese and 
Zeelenberg’s Algorithm 

This algorithm is adapted from the one 

developed by Engelese and Zeelenberg 

[325] (see Figure 7.8). The algorithm 

employs digital filters, such as a 

differentiator and a low-pass filter. 

A differentiator with a 62.5 Hz notch filter 

is applied to the ECG signals. 

]i[X]i[X]i[Y 40 −−=
 N) i   5( ≤≤  

(7.21) 

For 50Hz powerline interference, the 

equation above needs to be modified. 

]i[X]i[X]i[Y 50 −−=
 N) i  6 ( ≤≤  

(7.22) 

0Y is then passed through a digital low-

pass filter. 

]i[Y

]i[Y]i[Y

]i[Y]i[Y]i[Y

40

304206

1040

−+

−+−+

−+=

 N) i  6 ( ≤≤  

(7.23) 

The first condition to detect QRS complex 

candidates is, 

21TH th1 ==   (7.24) 

THY[i] > , C)- N i  6 ( ≤≤  (7.25) 

 (C : count of sample points, see below) 

 

Figure 7.8  Flowchart of DF1 
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The algorithm then examines if the following specified region, RGN [sec] meets one of 

the following conditions (C is the count of sample points within the region, described 

as SR* RGNC = ): 

• The negative threshold -TH  is exceeded once and all points in the following 

region do not exceed the positive threshold TH .  

 

[ ] -THiY < , ))C-2-(N  i   2( ≤≤ , and (7.26) 

all [ ] TH jY < , ))C-2-(N  j  1i ( ≤≤+ , (7.27) 

• The negative threshold -TH  is exceeded, followed by exceeding the positive 

threshold TH once, and the negative threshold -TH  is not exceeded again. 

 

[ ] -THiY < , ))C-2-(N  i   2( ≤≤ , and  (7.28) 

[ ] THjY > , ))C-2-(N  j  1i ( ≤≤+ , and (7.29) 

all [ ] TH kY −> , ))C-2-(N  k  1j ( ≤≤+ . (7.30) 

• The negative threshold -TH is exceeded, followed by exceeding the positive 

threshold TH , the negative threshold -TH is exceeded once again, and the 

positive threshold TH  is not exceeded again. 

 

[ ] -THiY < , ))C-2-(N  i   2( ≤≤ ,   (7.31) 

[ ] TH jY > , ))C-2-(N  j  1i ( ≤≤+ , (7.32) 

[ ] TH kY −< , ))C-2-(N  k  1j ( ≤≤+ , and (7.33) 

all [ ] TH lY < , ))C-2-(N  l 1 k( ≤≤+ . (7.34) 
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DF2: based on Okada’s Algorithm 

This algorithm is based on Okada’s QRS detection 

algorithm [466] (see Figure 7.9), which contains five 

steps to extract the QRS complex using a single lead 

[466]. The method is based on the following 

characteristics of the QRS complex: an almost 

symmetrical wave form and the more high-

frequency components than the other waves.    

The algorithm uses digital filters, such as a moving 

average filter and a low-pass filter. 

The first step is to smooth the ECG signals with a 

three-point moving average filter. 

( ) 41210 /]i[X]i[X]i[X]i[Y +++−=

1)- N i   2( ≤≤  
(7.35) 

]i[Y0 is then passed through a low-pass filter. 

)m(]k[Y]i[Y
mn

mnk

1201 += ∑
+

−=

m)-1- N i  2m ( ≤≤+     

(7.36) 

The next step is squaring the difference between the 

input ]i[Y0 , and output ]i[Y1  of the low-pass 

filter.    

2102 ])i[Y]i[Y(]i[Y −=
2m)-1- N i  m ( ≤≤+ 2  

(7.37) 

 

 

 

 

Figure 7.9  Flowchart of DF2 
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A third array ]i[Y3 is then calculated from the filtered ]i[Y2 . 

2

223 







= ∑

+

−=

mn

mnk

])k[Y*]i[Y]i[Y

2m)-1- N i  m ( ≤≤+ 2  

(7.38) 

A fourth array ]i[Y4  is obtained by modifying ]i[Y3  as follows: 

[ ] [ ] 0m]Y0[i - Y0[i]m]-Y0[i - Y0[i] if  Y3[i],   Y4[i] >+•=  
(7.39) 

Otherwise,  

0Y4[i] = 2m)-1- N i  m ( ≤≤+ 2  (7.40) 

 

The threshold value  TH was determined using the maximum value of ]i[Y4 .  

( )]iY4[ max 0.125  TH  th1 == , 2m)-1- N i  m ( ≤≤+ 2  (7.41) 

The condition to identify QRS complex is; 

THY4[i] > , 2m)-1- N i  m ( ≤≤+ 2  (7.42) 
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7.2 Results and Discussion 

To evaluate the detection rate, true positive (TP) and false negative rates (FP) were 

examined following Friesen’s work [162]. The TP rate is the ratio of the number of 

correctly detected peaks to the number of actual peaks, while the FP rate is the ratio of 

the number of incorrectly detected peaks to the number of actual peaks (see equations 

below). 

peaks of Number

peaks detected correctly of Number
  rate TP = [%] (7.43) 

peaks of Number

peaks detected yincorrectl of Number
  rate FP = [%] (7.44) 

 

The comprehensive detection rate was calculated from these two rates as follows. 

rate FP-rate TP  Rate  DetectioniveComprehens =  
(7.45) 

The results of the performance of nine threshold based algorithms when applied to the 

heat stress ECG signals are shown in Table 7.1.  

 

Table 7.1  Heat Stress ECG Peak Detection Rates 

Algorithm TP rate  

[%] 

FP rate 

 [%] 

Comprehensive 

Detection rate  

[%] 

Threshold Values 

    Th1 Th2 Th3 

DF1 94.026 1.3989 92.636 0.0075 - - 

DF2 96.208 1.0841 95.124 7 0.006 - 

AF1 63.198 9.4274 53.766 0.5 0.0000085 0.00000001 

AF2 69.659 17.804 51.855 0.32 0.003 - 

AF3 88.791 2.593 86.198 0.0161 - - 

FD1 91.279 1.4518 89.828 0.45 - - 

FD2 77.645 2.1204 75.524 0.0596 - - 

FS1 78.662 1.538 77.124 0.349 - - 

FS2 94.417 1.342 93.075 0.04 0.11 - 
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Result 3 

Amongst the tested nine algorithms, no single algorithm was significantly superior. DF1, 

DF2 and FS2 demonstrated comprehensive detection rate larger than 90 percent. All 

detection rates were lower than Friesen’s results.      

 

The lower detection rate could indicate that the noise sources simulated in the Friesen’s 

work may not be adequate for the heat stress ECG. According to Friesen’s work, FS2 

was the most sensitive to baseline wander and EMG noise; however FS2 showed a 93 

percent comprehensive detection rate in this study. The selected section of the heat 

stress ECG signals for the evaluation of the peak detection may have been less affected 

by these two types of noise than the data used by Friesen.  

All threshold values had to be modified to achieve the optimal detection rate as shown 

above. This must be due to the different characteristics of the ECG signals used in 

Friesen’s study and in this study. The selection of appropriate threshold values 

significantly affects the detection rates of all nine algorithms. Sensitivity of the detection 

rate to the threshold values is therefore a disadvantage of all nine algorithms.  

The nine threshold based algorithms were also applied to the heat stress APG signals.  

The algorithms were adjusted in order to take the sampling rate of the APG into account, 

but the threshold values were the same as those used for the ECG signals. Table 7.2 

shows the results.  
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Table 7.2  Heat Stress APG Peak Detection Rates with the Nine Algorithms 

Algorithm TP rate  

[%] 

FP rate 

 [%] 

Comprehensive 

Detection rate  

[%] 

DF1 0.65253 3871.1 -3870.5 

DF2 95.976 1332 -1236 

AF1 0.23564 0.018126 0.21751 

AF2 99.891 1193.5 -1093.6 

AF3 0 2044.4 -2044.4 

FD1 92.043 756.08 -664.04 

FD2 100 5822.3 -5722.3 

FS1 99.964 9273.5 -9173.5 

FS2 99.837 2443.7 -2343.9 

    

 

Result 4 

None of the nine algorithms achieved acceptable results in APG signal peak detection 

when the same threshold values were applied as to the ECG signals. A large number of 

false positives were a common result. This means that the nine peak detection 

algorithms with the optimal thresholds for ECG signal peak detection cannot directly be 

applied to the APG peak detection. 

 

The poor detection rates can be due to the different morphology, and the different 

amplitude, of ECG and APG signals. Some of the nine algorithms, such as DF1, strictly 

follow the morphology of the QRS complex in the process of identifying a peak. This 

feature of the algorithm may not be effective for the APG signal peak detection. Noise 

sources for the heat stress ECG and APG signals were also different due to the different 

equipment used for data acquisition.  

Threshold values were then altered to try to obtain better detection rates.  

Table 7.3 shows the heat stress (HS) APG peak detection rate with their optimal 

threshold values. 
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Table 7.3  Heat Stress APG Peak Detection Rates with Optimal Threshold Values 

Algorithm TP rate  

[%] 

FP rate 

 [%] 

Comprehensive 

Detection rate  

[%] 

Threshold Values 

    Th1 Th2 Th3 

DF1 0 0 0 21 - - 

DF2 48.867 14.247 34.62 1 0.06 - 

AF1 69.531 7.5041 62.026 0.3104 0.0001 -0.001 

AF2 0.018126 0.27189 -0.25376 0.21 0.75 - 

AF3 0 0 0 62 - - 

FD1 0.27189 2.8276 -2.5557 0.09999 - - 

FD2 0 0 0 150 - - 

FS1 2.4289 0.30814 2.1207 154.5 - - 

FS2 42.469 6.9784 35.49 0.5505 0.47465 - 

       

 

Result 5 

None of the algorithms achieved acceptable peak detection rates for the APG even after 

optimising the threshold values. 

 

This suggests that the existing threshold and digital filter based peak detection 

algorithms for ECG signals are not suitable for APG signals. A new algorithm, which is 

more robust for noise and which can be applied to both the ECG and APG signals, is 

therefore required.  
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7.3 Summary 

The peak detection rate of the heat stress data using the threshold and digital filter 

based algorithms described by Friesen [162] ranged from 51.855 to 95.214 percent for the 

heat stress ECG signals. The comprehensive detection rate was below 63 percent for all 

nine algorithms when applied to the APG data. The selection of threshold values is a 

major challenge in the application of these types of algorithm. The results demonstrated 

that the same threshold values are not suitable for different datasets or types of 

biological signals.  

The results indicate that the development of a new peak detection algorithm is required 

for the heat stress data. A new algorithm should be more robust against noise and 

should be applicable to both APG and ECG signals. 
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Chapter 8.  

 

Development and Application 

of a New Peak Detection 

Algorithm for the HS Data 

As demonstrated in the previous chapter with Friesen’s threshold and digital filter 

based algorithms, the threshold values have to be carefully selected to obtain an optimal 

detection rate depending on the signal. Although both heat stress ECG and APG signals 

represent the cardiac activity, these signals have different morphology and sampling 

rates. The existing threshold and digital filter based ECG signal peak detection 

algorithms had low detection rates with the heat stress ECG signals and performed very 

poorly when applied to the heat stress APG signals, possibly due to different types of 

noise and different morphology of these signals. 

In this chapter, a new peak detection algorithm, which is robust towards different types 

of noise and can be applied to both heat stress ECG and APG signals, is proposed. The 

peak detection algorithm is based on a threshold algorithm. It includes a new filter for 

baseline wander and power line interference. With regards to the heat stress ECG 

signals, an algorithm for the P and T wave peak detection is also described. P and T 

wave peak detection is carried out in the relation to the location of detected R waves.  

8.1 A New Peak Detection Algorithm  

A new peak detection algorithm for the heat stress data was developed, based on a 
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threshold algorithm in combination with a new filter, which suppresses baseline 

wander and power line interference. 

This algorithm was designed to be applied to both heat stress ECG and APG signals, 

which have a different morphology and sampling rates. The decision making rules for 

identifying peaks have to be general in order to be suitable for both ECG and APG 

signals. This is in contrast to the algorithms for detecting the R waves of the ECG signals 

described in Chapter 4, whose decision making rules are strictly based on the features of 

the R waves.  

The algorithm consists of the following five stages: filtering, normalisation, initial peak 

detection, interval evaluation, and missed peak detection. The filtering and 

normalisation stages are necessary for employing the fixed thresholds for peak detection. 

A number of false positive peaks are expected after the initial peak detection. In the 

interval evaluation and missed peak detection stages, the peaks are evaluated using a 

feature of both ECG and APG signals, that is an almost regular cycle. The location of 

peaks can be more or less predicted. Based on this feature, the false peaks are eliminated 

in the interval evaluation and missed peaks are added in the missed peak detection 

stage. These last two stages are not included in the previously described nine algorithms. 

The features of the algorithm are: 

• normalisation of the signals. This allows the peak detection algorithm to use 

fixed thresholds independent of the type of signals, 

• employing two types of average values : a total and a local average where 

appropriate, 

• employing an amplitude based threshold, AmpSize , which is the difference in 

amplitude between a positive peak and the next negative peak. 

 

The main feature of the algorithm is the normalisation of the filtered signal. In this 

process, the initial signals are scaled to -1 to 1; therefore, the threshold to determine 

peaks can be a fixed value and does not need to be adjusted according to the initial 

signals. 
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Two kinds of average values, a total and a local average value, are employed where 

appropriate. This is useful when sudden changes occur in the signal, such as sudden 

heart rate changes or amplitude changes of ECG. 

AmpSize is defined by the difference in amplitude between a positive peak and the next 

negative peak. This amplitude size is employed to be insensitive to residual baseline 

wandering and spikes in the signal.  

Overview of the New Detection Algorithm 

The algorithm consists of following five stages: Filter for baseline wander (BLW) and 

power line interference (PLI), Signal Normalisation, Initial Positive Peak Detection, 

False Peak Elimination based on Interval, and Missed Peak Addition. A flow chart of the 

algorithm is shown in Figure 8.1. 

In the Filter for BLW (baseline wander) & PLI 

(power line interference) stage, the signal is filtered 

to suppress powerline interference and more 

importantly baseline wander. Baseline wander 

significantly affects the amplitude of the signal. 

Therefore, removal of the base line wander is a 

critical step to effectively identify peaks using fixed 

thresholds in the later stage of the algorithm.  

For peak detection methods based on thresholds, 

the features of the signals, such as slopes and 

amplitudes, are compared with threshold values 

[306]. To set threshold values, it is necessary to 

know the approximate features of the signals. The 

features of the ECG signal, however, can vary 

depending on the location of the electrodes and 

electrode contact. 
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During the heat stress data collection, changes in the amplitude of ECG signals were 

observed due to the subject’s motion and the increase of sweat. Furthermore, different 

biological signals, such as APG, have a totally different amplitude range; therefore, 

different thresholds are usually required for accurate peak detection. 

By introducing normalisation to the signals, the threshold values can remain unchanged 

for different signals independent of the amplitude range or sampling rate [170]. 

Normalisation is carried out in the Signal Normalisation stage as illustrated in the flow 

chart (Figure 8.1). 

Once the initial signal is normalised, all positive peaks are detected using the first 

derivatives. In this stage, false positive peak detection is expected. False positive peaks 

are then eliminated using two types of thresholds: an amplitude threshold based on the 

average amplitude and AmpSize which is the difference between a positive peak and 

the next negative peak. This is the Initial Positive Peak Detection stage (see Figure 8.1). 

A number of false positive peaks are still expected in this stage. 

To eliminate the remaining false positive peaks, the intervals of the detected peaks are 

then examined in the False Peak Elimination based on Interval stage. When two peaks 

are too close to each other, the amplitudes, AmpSize , are examined. Once a peak is 

selected, the interval between the peak and the next peak is checked based on the local 

average interval. The peaks should be detected with reasonable accuracy by the end of 

this stage. 

In the final stage, the Missed Peak Addition stage, a search for missed peaks is 

performed. This is a final check of the peak detection. This stage first verifies the 

distance between the start of the signal and the first peak. If it is greater than the average 

interval, a search for missed peaks starts backwards. Once the first peak is found, a final 

examination of all detected peaks based on the local average interval (five peaks prior 

and post to the current peak) and AmpSize of the detected peaks is conducted.  

Detailed explanations of each stage are given in the following sections.   
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8.1.1 A filter for Baseline Wander and Power Line 

Interference (Stage 1) 

For cyclic signals, the first step is usually to identify the components of the signal in the 

time domain. For example, the most prominent component of the ECG signal, the R 

wave, is first detected for the ECG signal; other components are then identified 

accordingly as described in Chapter 4. Signals from the MIT-BIH Arrhythmia Database 

[29], are already annotated; therefore, the signal can directly be used for analysis. 

However, with newly recorded signals, such as the heat stress signals, the time domain 

features first need to be identified. A filter can be designed to optimise extraction of the 

time domain features. 

The predicted noise sources in the heat stress ECG data are: powerline interference (PLI), 

baseline wander (BLW), electromyogram (EMG) signals, electrode connection noise, 

noise caused by the electric motors of a treadmill, and occasional spike type noise from 

the control chamber and from the equipment for the other heat stress measurements. 

The nature of the equipment related noise was unknown and the noise may vary 

between subjects. In the present study, the dominant noise during the heat stress test, 

baseline wander and power line interference, were selected as the target noise to be 

suppressed.  

Because of its convenience of being able to specify the target frequencies, the zero-pole 

placement method was selected to filter the heat stress data for baseline wander and 

power line interference. In designing filters, it is important to define the target notch 

frequencies and the cutoff frequency. With the zero-pole placement method, the target 

notch frequencies determines the locations of zeros and poles, while the cutoff frequency 

determines the r value of the unit circle. The r is the radius indicating the location of the 

pole in the discrete z plain. The r value controls the attenuation of the frequency 

response, hence, the cutoff frequency. With these zeros and poles, a transfer function 

can be determined. 
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Using the transfer function determined above, a filter was designed using a forward and 

backward filter, which has zero phase distortion [467]. The details are discussed in next 

section, Pole Zero Placement. 

If all frequency components of an ECG signal are of interest, r needs to be designed to 

remove only the noise components from the signal. The heat stress ECG data contains 

both exercise and resting ECG. The majority is exercise ECG data; however, there are 

data collected during resting and recovery phases. In the recovery phase after stopping 

exercise, subjects were at rest; however, the heart rates of subjects were still higher than 

a normal resting ECG. The heart rate spot data during the heat stress ECG data 

acquisition recorded 60 beats per minute as minimum heart rate for all subject. The 

cutoff frequency for the heat stress ECG data was determined as 1.0 Hz based on this 

fact. Regarding power line interference (PLI), the local utility company provided a 

specification of the AC accuracy as 50 ± 0.02 Hz [298]. Based on this specification, the 

target frequency was selected as 50 Hz and the cutoff frequencies as 49.98 Hz and 50.02 

Hz. This minimises the distortion introduced to the signal component by the filter.  

However, since the purpose of filter application to the heat stress data is to accurately 

extract features in the time domain, such as peaks, r could be adjusted according to the 

highest peak detection rate. 

Note that the heat stress ECG data have a sampling rate (SR) of 2000 [Hz]; therefore, the 

upper limit meaningful frequencies (Nyquist frequency) is 1000 [Hz].  

Pole zero placement 

For baseline wander, the target frequency was set at 0 Hz and a bandwidth was 

adjusted with the r value.  

0=BLWf       [Hz] (8.1) 

Designing a filter to suppress powerline interference of ECG signals using pole-zero 

placement has been done in the past [285]. This filter, however, did not include all 
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harmonics, which were apparent in the heat stress test. Therefore, the target frequencies 

for power line interference removal are set to 50 Hz and its all harmonics up to 1000 Hz.  

[ ]1000,...,150,100,50=PLIf         [Hz] (8.2) 

The target frequencies for the filter are set as a vector combining those two target 

frequencies.  

[ ] [ ]1000,...,150,100,50,0, == PLIBLW fff         [Hz] (8.3) 

Normalised angular frequencies, BLWω̂ and PLIω̂ , are defined using the target frequencies. 

0
2

ˆ =⋅
π

=ω BLWBLW f
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PLIPLI f
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⋅
π
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ˆ  (8.5) 

The transfer function in the z domain for eliminating both powerline interference 

(including conjugate pair) and baseline wander can be described using the normalised 

angular frequencies as shown below [285]; 
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In equation (8.6), ω̂re indicates the location of 

poles in z-plane as shown in Figure 8.2.  

The transfer function order equals the filter 

order [467]. The order of the transfer function is 

the total number of poles, which is 40 in this 

case; therefore, the order of the filter generated 

by this transfer function is 40 [467]. Once the 

transfer function was obtained, a filter was 

designed using a forward and backward filter to 

eliminate phase distortion [467]. 
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Figure 8.2  The zero pole placement  
(x: zeros, o: poles) 
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When a forward filter is applied to the data, it results in a delay in the output by a fixed 

number of samples called phase distortion.  

The forward and backward filter, however, causes no phase distortion. The filtered 

signal with this filter results in a smaller amplitude than normal forward filters due to 

the magnitude squared effects [451]. This filter can only be applied off-line.  

r value 

As mentioned earlier, the purpose of filtering in this case was accurate peak detection; 

therefore, the optimal r value was selected using the previously defined comprehensive 

detection rate (see section 7.2 in Chapter 7), which is shown in equation (8.7). The true 

positive (TP) rate refers to the percentage of correctly detected R peaks in the ECG 

signal; and false positive (FP) rate is to the percentage of available R peaks which are not 

detected by the algorithm.  

rate FP-rate TP   Rate DetectioniveComprehens =  
(8.7) 

The filter was designed using MATLAB. 
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8.1.2 Signal Normalisation  

(Stage 2) 

Normalisation of the signal is an essential stage 

for this algorithm.  

The signal normalisation flow is shown in 

Figure 8.3. The filtered signal is indicated as fx . 

The aim is to scale the filtered signal to fit within 

the approximate range from -1 to 1 based on the 

positive and negative peak values of the 

components of interest of the signal, such as the 

R and S waves of ECG. The scaling process 

should not be influenced by occasional high 

amplitude spikes. To realise this, the number of 

data points which are smaller or greater than 

certain threshold values are calculated.   

A search for the upper threshold value, uth _ , 

which will be scaled to the value of 1 after 

normalisation, is first performed. The search 

starts with the mean amplitude value of the 

signal as an initial upper threshold value, uth _ . 

The target number of the data points above the 

threshold, Nx , is calculated as a certain 

percentage ( p  percent) of the total number of 

data points of the signal N  as shown in (8.8). 

 

 

 

 

Figure 8.3  Signal Normalisation 

Filtered Signal  

xf[i] 

Derived Data 

N: total number of data point, 

N = length(xf) 

Nx: target number of the data points 

Nx = N *p 

delta: increment/decrement 

delta = (max(xf ) - min(xf))/d  

th_u: initial upper threshold 

th_u = mean(xf)  

th_l: initial lower threshold 

th_l = mean(xf) 

 

Renewing Lower Threshold  

th_l = th_l - delta 

 

Signal Normalisation 

Complete 

Start 

Initial Input Data 

p: % of the data points 

d: number of division 

Nl Calculation 

Nl: No. of data points below Lower Threshold   

Nl = length(find (x>=th_l)) 
 

Renewing Upper Threshold  

th_u = th_u + delta 

Nu and N Comparison 

Nu <= Nx 

Nu Calculation 

Nu: No. of data points above Upper Threshold   

Nu = length(find (x>=th_u)) 

Shifting by Lower Threshold 

xf = xf – th_l, 

th_u = th_u – th_l, 

Yes 
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Normalised Input Signal 

xfn[i]  

 

Nl and N Comparison 

Nl <= Nx 
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scaling = 2/th_u; 

xfn = xf * scaling - 1 

No 



 
Chapter 8. Development and Application of a New Peak Detection Algorithm for the HS Data 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

164 

An increment, delta , to adjust the upper 

threshold value, is determined by the 

difference between the minimum and 

maximum values of the signal divided by 

the number of division, d  (it is set to 20 in 

the program, but it can be adjusted) (see 

equation (8.9)). Some variables are shown in 

Figure 8.4. 

 

 

Figure 8.4  Variables used for Normalisation 

 

( ) ( )[ ] d/XminXmaxdelta ff −=  
(8.9) 

The upper threshold value, uth _ , is adjusted until the number of the data points above 

the uth _  , Nu , becomes less than the target number, Nx . 

Once the upper threshold value is determined, the lower threshold value, lth _ , is 

determined in a similar way, using the number of data points below the lower threshold 

value, lth _ , Nl and using delta  as decrement. 

Once these upper and lower threshold values are found, the signal is scaled in such a 

way that the upper threshold value becomes 1 and the lower threshold value becomes -1. 

 

p*NNx =  
(8.8) 

Nx: Number of 
data points above 
the threshold line 

delta 

min Xf 

max Xf 

mean Xf 
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8.1.3 Initial Positive Peak Detection (Stage 3) 

Positive peaks of fnx , the filtered and 

normalised signal, are detected using the first 

derivative. This is then followed by two types 

of elimination processes for incorrect peaks 

(see Figure 8.5).  

An amplitude threshold, ampth _ , is applied to 

eliminate small peaks. The value of ampth _  is 

determined using the mean amplitude value of 

the peaks and the difference between 1 and the 

mean amplitude value (the upper threshold of 

the previous stage), divided by div  as shown 

in equation (8.10). The div is the number of 

division between these values.  

The difference between each positive peaks 

and the next negative peak, AmpSize , is 

calculated for all remaining peaks. The 

threshold value, ampsize_mean , is based on 

the median value of AmpSize . 

The AmpSize of all peak is then compared with 

the ampsize_mean . If AmpSize is smaller than 

ampsize_mean , the peaks are eliminated.   

 

Figure 8.5  Initial Positive Peak Detection  

( )
( )[ ] div/xmean

xmeanamp_th

fn

fn
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(8.10) 
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div: division number for th_amp 
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Amplitude Threshold 

th_amp = (max_amp_peak – mean_amp_peaks)/div  

+ mean_amp_peaks 

Average Amplitude Size 

AS1: amplitude size that belongs to a bin of histogram 

with the largest data points 

AS1 = m_fq(AmpSize) 

AS2: amplitude size that belongs to a bin of histogram 

with the 2nd largest data points 

AS2 = m_fq(setdiff(AmpSize,AS1)) 

mean_amp_size: average amplitude size 

mean_ampsize = max(mean(AS1), mean(AS2)) 
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Input Signal  

xfn[i]  

 

Elimination of False Peaks based on  

Amplitude Threshold 

p_peaks = p_peaks(find(xfn (p_peaks)) > th_amp 

Possible Positive Peaks 

Detection (p_peak_d.m) 

p_peaks: possible positive peaks 

p_ peaks =p_peak_d( peaks,SR) 

Amplitude Size Calculation 

AmpSize = amp_size(xfn ,p_peaks,SR) 
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8.1.4 False Peak Elimination based on Intervals (Stage 4) 

Several properties of the detected initial positive peaks, such as the average interval 

between the peaks, allint__mean , the amplitude, AmpSize , and the average amplitude 

of the remaining peaks, ampsize_mean  are calculated. Each peak is assessed using 

these values. The peak under investigation is called the current peak, expressed as 

0peak . The flow chart of this stage is shown in Figure 8.6. 

The first detected peak is selected as a current peak, 0peak . The interval between the 

next two peaks is then examined using the average interval divided by 2, 

allint__mean*.50 . If the interval is greater than this value, the first of these two peaks 

is selected as the next peak, 1peak . Otherwise, the peak whose AmpSize value is closer 

to the average amplitude size, ampsize_mean , is selected as the next peak, 1peak . 

The interval between 0peak and 1peak  is then examined based on the local average 

interval, int_mean , which is obtained using the five peaks before and after 0peak . If 

the peak to peak interval is greater than int_mean*)coef( −1  ( coef value is set to 0.25 

in the program), the peak is selected as a correct peak. Otherwise, 1peak  is replaced by 

the next peak until the interval becomes greater than int_mean*)coef( −1 . 
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Figure 8.6  False Peak Elimination  
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8.1.5 Missed Peak Addition (Stage 5) 

This stage is the final check for the peak 

detection. Each detected peak is examined 

separately (see Figure 8.7).  

As is the previous stage, the peak currently 

under investigation is called 0peak . The 

Missed Peak Addition Stage consists of two 

sub stages: the first peak search stage and the 

peak checking stage. 

The first peak search stage looks for any missed 

peaks prior to the first detected peak. The 

local average interval and amplitude size of 

the three consecutive detected peaks starting 

with the current peak are calculated as 

thresholds, int_mean  and ampsize_mean . 

Thresholds for the search range,  range_s , 

and the threshold for the amplitude size, 

coef  are also  employed.  

 

 

Figure 8.7  Missed Peak Addition  

 

The location of the first detected peak is first examined. If the distance from the start of 

the signal to the first peak is greater than int_mean*)range_s( −1  ( range_s is set to 

0.25, but can be adjusted), a search for missed peaks in the backward direction is started. 

All positive peaks are first detected within the search range and false peaks are 

eliminated depending on AmpSize as in the stage 3. If the difference between 

AmpSize of the current peak and ampsize_mean  is smaller than 

ampsize_mean*coef ( coef is set to 0.3), it is added as a new peak and becomes the first 

peak. This is repeated until the distance between the start of the signal and the first peak 
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is smaller than int_mean*)range_s( −1 . 

In the next sub stage, a search for missed peaks is performed in the forward direction 

starting from the first detected peak. If the interval between the current peak, 0peak , 

and the next peak, 1peak , is greater than 110 percent of the local average interval a 

search of missing peaks within the range between 0peak  and 1peak  is started. All 

positive peaks in this range are first detected and validated using AmpSize as in the 

previous sub stage. 
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8.2 ECG Signal P and T wave Detection  

The peaks of the P and T waves were detected in 

relation to the identified R wave locations as described 

in Chapter 4 (see Figure 8.8). The search ranges for the 

peaks of the P and T waves were defined before and 

after the each R wave location respectively. The ranges 

were determined initially based on the normal 

interval values of a resting ECG. However, the heart 

rate during the heat stress testis often much higher 

than the heart rate at rest. The ranges were therefore 

adjusted according to the heart rate. The normal 

values for intervals and duration of a resting ECG are 

shown in Table 8.1.  

Table 8.1  Normal Values for ECG Intervals (at rest) 

Figure 8.8  P and T wave detection  

 

 

The ECG signal is first filtered with the filter described in section 8.1.1, to remove 

baseline wander and power line interference. The signal is then filtered with a 5th order 

Butterworth filter with 40 Hz cutoff frequency [392] in order to remove all higher 

frequencies which do not contribute to detection of the peaks of P and T waves. 

Duration and Intervals Normal Values 

P wave duration [91] <0.12 [sec] 

 <0.12 [sec] 

PR interval  

[81, 104, 108] 

0.12 – 0.20 [sec] 

  

QRS duration  [81, 91, 104, 

108]  

0.06 – 0.12 [sec] 

 

RR interval (heart rate)  60 – 90 [bpm] [108] 

  

Peaks of P and T waves 

P and T wave Peak Detection 

Completed 

Start 

Input Signal  

x[i] 

 

Peak Detection 

First Derivatives, 

Select max amplitude 

Derived Data 

r_r: R-R duration 

r_r = diff(peaks) 

range_p: search range for the P wave peak.  

range_p = ratio_Ps_R * r_r 

range_t: search range for the T wave peak.   

range_p = ratio_R_Tc * r_r 

range_QRS: search range for the QRS.   

range_p = ratio_QRS * r_r 

 

Base Line Wander and 

Powerline Interference Filter 

Initial Input Data 

ratio_Ps_R: proportional duration of the 

beginning of the P wave and the R wave to the 

R-R.  

ratio_R_Te: proportional duration of the R wave 

and the end of the T wave and the to the R-R.   

ratio_QRS: proportional duration of the QRS 

complex the to the R-R.   

Low-pass Filter 
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8.3 Results and Discussion 

8.3.1 A New Filter for Baseline Wander and Power line 

Interference  

A notch filter for baseline wander (BLW) and power line interference (PLI) removal was 

designed using pole-zero placement with Matlab. For the power line interference, all 

harmonics were included up to 1000 Hz.  

The new filter was applied as the first stage of a new peak detection algorithm as 

described in section 8.1, removing two main components of noise, the base line wander 

(BLW) and the powerline interference (PLI).  

An example of the performance of the new filter for baseline wander and power line 

interference removals is shown in Figure 8.9. The plots in the left column show the 

results of baseline wander removal and the plots in the right column, the power line 

interference removal. The plots in the top row highlight the changes in the time domain 

signal and the plots in the middle and bottom rows show the changes in the frequency 

domain. Baseline wander heavily depends on the subjects’ movement. The proposed 

filter, successfully removed the noise including the harmonics of power line interference. 

Result 6 

The proposed filter successfully removed baseline wander and power line interference 

including its harmonics.  
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Figure 8.9  Filtered HS ECG signal (subject: E3) 

 

8.3.2 Peak Detection with a New Algorithm 

The proposed peak detection method has five stages. The original ECG signal is first 

filtered using the filter proposed above to remove the dominant noise, baseline wander 

and power line interference and is then normalised. Positive peaks are detected using 

the first derivatives, which are compared with threshold values. The false peaks are 

eliminated using the intervals between the peaks. Finally, a search for missed peaks is 

performed (see section 8.1 for more details).  

Examples of the peak detection results are demonstrated in Figure 8.10 for ECG R wave 

(peak) detection and in Figure 8.11 for the APG peak detection. The detected peaks are 

indicated with �.  
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Figure 8.10  ECG Signal R wave Detection  
(SR:2000 [Hz], amplitude range: from -2.0*10

-3
 to  2*10

-3
) 

 

Figure 8.11  APG Signal Peak Detection  
(SR:200 [Hz], amplitude range: from -1  to 1) 
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adjusting threshold values. As demonstrated in Figure 8.10 and Figure 8.11, the peaks 

were correctly detected in both signals using the developed peak detection algorithm.  
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As described in section 8.1.1, the r value was determined by the optimal detection rate. 

With each r value for baseline wander and power line interference ranging from 0.9900 

to 0.9999 with an increment of 0.001, the true positive (TP) rate (sensitivity) was in the 

range of 98.606 to 99.642 percent, the false positive (FP) rate was in the range of 0.263 to 

1.805 and the comprehensive detection rate was in the range of 96.877 to 99.371 percent 

for the heat stress ECG. For the heat stress APG, TP varies from 99.4381 to 99.6194, FP, 

from 0.2719 to 0.2900 and the comprehensive detection rate was in the range of 99.148 to 

99.329 percent with the same range of r values.  

The results of the optimal detection rates are shown in Table 8.2. The r values which 

give the optimal comprehensive detection rate for the heat stress ECG and APG are 

slightly different. The comprehensive detection rates with both r values are shown in 

Table 8.2; with the star * indicating the optimal comprehensive detection rate. 

Table 8.2  r value for BLW and PLI and Detection Rate 

 r for 

BLW 

r for 

PLI 

Signal TP rate 

[%] 

FP rate 

[%] 

Comprehensive Detection  rate  

(TP rate – FP rate) [%] 

* 0.990 0.992 HS ECG 99.606 0.263 99.379 

 0.990 0.992 HS APG 99.438 0.290 99.148 

 0.998 0.991 HS ECG 99.007 0.640 98.367 

* 0.998 0.991 HS APG 99.619 0.290 99.329 

 

Both r values achieved a greater than 98 percent detection rate for both heat stress ECG 

and APG. 

Result 8 

It was demonstrated that a comprehensive detection rate of greater than 98 percent can 

be achieved for both ECG and APG signals with the proposed peak detection algorithm 

when an appropriate r value is applied. This is a significantly higher detection rate than 

the detection rate obtained with the algorithms described by Friesen. 

 

The maximum detection rate with the existing nine algorithms [162] for the heat stress 
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ECG and APG were 95.124% and 62.026 % respectively. 

Because the purpose of filtering in the study was to identify the components of ECG 

signals in the time domain, the r values were adjusted to the optimal detection rate. For 

the frequency domain analysis, however, it is important to recognise the nature of 

potential noise so that r can be adjusted to exclusively remove target noise while 

retaining useful information.  

8.3.3 ECG P and T Wave Detection  

After applying the proposed filter, the heat stress ECG was further low-pass filtered to 

remove residual high frequencies. Because only the lower frequencies are of interest for 

P and T wave peak detection, the signal can be heavily filtered to eliminate other 

information. This can be done by applying a low-pass filter, with a relatively low cutoff 

frequency.  

P and T wave detection was carried out using 5th order Butterworth filter with a 40 Hz 

cutoff frequency. The P and T waves were found by searching for peaks in the 

appropriate region relative to the R peak.  

An example of the results of P and T wave detection is shown in Figure 8.12. The peaks 

of the P and T waves were successfully detected. 

Figure 8.12  P and T wave Peak Detection (subject: A2) 
(o: P wave peak, x: T wave peak) 

Result 9 

After the R waves are correctly detected, the peak of the P and T wave can be detected 

within the appropriate search range around the R waves if the ECG signals are filtered 

to remove baseline wander and high frequencies. 
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8.4 Summary 

A new peak detection algorithm, which encompasses a digital filter for the main noise 

sources, baseline wander and power line interference, was developed. The new 

algorithm achieved a comprehensive detection rate of more than 98% for the heat stress 

ECG and APG signals. The new algorithm can be applied to different biological signals, 

such as ECG and APG without adjusting threshold values.  

P and T wave peak detection was conducted after completing R wave detection using a 

combination of the filter used above and a low-pass filter. This led to successful 

detection of the P and T waves. 
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Chapter 9.  

 

Feature Extraction of the Heat 

Stress ECG and APG Signals 

As mentioned in Chapter 6, the heat stress (HS) ECG signals contain a large amount of 

noise. This is quite common amongst exercise ECG signals. Although the major noise 

sources were baseline wander and power line interference, there were other noise 

sources, possibly originating in the equipment used to produce the hot environment. As 

described in section 6.3.3.1 of Chapter 6, the detailed characteristics of these noise 

sources remain unknown.  

A new filter for the removal of the baseline wander and power line interference and a 

new peak detection technique were successfully implemented (see Chapter 8). As a 

result, each beat of the heat stress ECG and APG can now be identified. 

The next step is to extract features from these cyclic signals. As discussed in Chapter 4, 

many types of features can be extracted from the ECG in the different domains 

depending on the purpose of analysis. Typical features are: morphological features of 

each component of ECG in the time domain such as amplitudes or intervals, and the 

power spectrum of the ECG in the frequency domain.  

The effect of heat stress on ECG and APG signals is unknown. This study mostly 

focused on the features in the time domain, which are the most common and robust 

against noise. In addition, the features extracted using wavelets were examined using 

the developed technique for detecting abnormalities in the ECG signal, described in 
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Chapter 5.  

As mentioned in Chapter 6, three leads of the heat stress ECG signals were collected: 

Lead I, Lead II and the chest Lead. The Lead II signal seems to be the most commonly 

used lead for signal processing [171, 263, 311, 312, 468-470]; therefore, the Lead II was 

employed for this study.  

The following sections describe the features which were extracted to examine the effect 

of heat stress. 

9.1 ECG Interval Analysis 

As mentioned in Chapter 4, time domain features of ECG signals are the most 

commonly examined features. With the collected heat stress ECG signals, it was found 

that the signals contained a large amount of noise and several noise sources could not be 

identified. Considering the nature of the collected data, peak-to-peak interval analysis 

was selected for the heat stress ECG signal analysis; because this value can be obtained 

with reasonable accuracy even when using noisy data.  

Three distinctive peaks can usually be recognised in ECG signals: P, R and T waves. 

These peaks were identified in the heat stress ECG signals using the proposed peak 

detection techniques (see Chapter 8 for details). The intervals between these peaks can 

then be examined in the heat stress ECG signals. Intervals, in particular, PR intervals 

have previously been employed to examine exercise ECG (see Chapter 4) [197, 198, 200, 

398-401].     

Note that the selected intervals are peak-to-peak values. These may slightly differ from 

the onset-to-onset cardiac intervals, which are based on physiological aspects of the 

cardiac cycle, refer to Chapter 4 for details. However, for automatic and accurate 

detection, peak-to-peak values are much more reliable. To distinguish peak-to-peak 

intervals from the previously described onset to onset intervals, they are described as 

PRp, RTp and TPp intervals (p indicates peak) in this thesis. 
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The correlation between the peak-to-peak interval values and the onset to onset interval 

values is also examined in this chapter.  

9.1.1 Results and Discussion 

9.1.1.1 Changes in the Heart Rate during the Heat Stress Test 

As expected, an increase in the heart rate was observed during the heat stress test. The 

heat stress test involves two factors, which increase the heart rate, exercise and the heat 

stress. The maximum heart rate of a person,   HRmax , can be estimated based on the 

person’s age using one of the following equations.  

 

age  HR_estimated max −= 220  [471] (9.1) 

age.  HR_estimated max ×−= 50210  [471] (9.2) 

age.  HR_estimated max ×−= 70208  [472] (9.3) 

Fletcher [473] classifies the intensity of exercise according to the maximum heart rate; 

exercise which produces 55 to 70 percent of the maximum heart rate is moderate, 

exercise which produces 70 to 90 percent is hard, and exercise which produces more 

than 90 percent of the maximum heart rate is very hard.  

The maximum heart rate recorded during the heat stress test and the maximum heart 

rate estimations using the equations above are shown in Figure 9.1.  

The exercise walking on the treadmill was designed to be at moderate intensity (see 

section 6.2). Most of the recorded maximum heart rates of the subjects, who completed 

the four hour heat stress test, lie between 70 and 90 percent of the estimated maximum 

heart rate. This means that, according to Fletcher’s classification, the heat stress test was 

exercise of hard intensity for most subjects.  
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Figure 9.1  Maximum HR: recorded data and estimations 

Result 10 

The exercise was designed to be moderate intensity; however, the result showed that 

during heat stress, the exercise should be considered as hard based on the recorded 

maximum heart rate for most subjects.  

 

Of the subjects who completed the four hour heat stress test, five subjects had recorded 

maximum heart rate indicating that the exercise was at moderate intensity for them. 

These subjects may have been more acclimatised to the hot environment or fitter than 

others.  

The RR interval change during the heat stress test is shown in Figure 9.2. The RR 

intervals of each subject were divided by their resting RR interval. The average value of 

these normalised intervals at different times during the test is shown in Figure 9.2. P0, 

P1, P2, and P3 represent the phases. 
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• P0: before exercise (at rest),  

• P1: at the beginning of exercise 

• P2: at the end of exercise before a break, and  

• P3: during a break (or recovery for the last hour).  

 

1h, 2h, 3h and 4h represent the first, second, third and fourth hour of the heat stress test 

respectively. 

The expression of the X axis in Figure 9.2, for example, P1_1h, indicates the beginning of 

exercise (P1) in the first hour of the exercise (1h). 
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Figure 9.2  Normalised RR interval Change over time 

P0: resting, P1: the first 2min of exercise, 
P2: the last 2 min of exercise before a break,   

P3: 1 min into a break,  
1h: 1

st
 hour of exercise, 2h: 2

nd
 hour of exercise,  

3h: 3
rd
 hour of exercise, 4h: 4

th
 hour of exercise  

 

 

Due to the five minutes break every hour during exercise, an increase in the RR interval 

can be seen in the P3 phase of each hour. The minimum RR interval for each hour occurs 

during the P2 phase just before the break. During the first hour, the RR interval 

decreases dramatically. The RR interval decreases slightly during the breaks but does 
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not reach the resting value. The RR intervals for each phase decrease every hour even 

though the intensity of the exercise or the exercise environment did not change. In other 

words, the RR interval does not reach a steady state during exercise in a hot 

environment. This may indicate that the effect of heat stress during exercise is 

accumulative over time.  

 

Result 11 

In the first hour, the RR interval dramatically decreases. The RR interval increases 

slightly during the breaks but does not reach its resting value. The RR interval does not 

reach a steady state but keeps decreasing over time even though the intensity of the 

exercise and environmental conditions do not change.   
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9.1.1.2 Changes in the Peak-to-Peak Intervals of ECG 

The average values of each interval were obtained from the selected sections of the heat 

stress ECG signals. Figure 9.3 and Figure 9.4 illustrate the correlation between the RR 

interval and the selected peak intervals, PRp, RTp and TPp interval at rest and during 

exercise.  
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Figure 9.3  RR vs. PRp, RTp, TPp interval duration at rest (before exercise) 
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Figure 9.4  RR vs. PRp, RTp, TPp interval duration during exercise 
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The correlation between PRp, RTp and TPp  interval and RR interval (as a regression line 

and correlation coefficient) are shown in Table 9.1. All parameters were statistically 

significant (p<0.01). 

Table 9.1  Correlation between the RR interval vs. PRp, RTp, and TPp interval 

   phase Regression Line Correlation  

  slope intercept coefficient 

RR - PRp interval Resting 0.0859 67.369 0.603 

 During Exercise 0.1230 62.002 0.876 

RR - RTp interval Resting 0.1568 123.525 0.757 

 During Exercise 0.2820 45.913 0.598 

RR - TPp interval Resting 0.7573 - 190.893 0.980 

 During Exercise 0.5950 - 107.915 0.935 

 

All selected intervals showed strong correlation (> 0.598) with the RR interval. Although 

the duration of the PRp and RTp shortened as the duration of RR interval decreased 

(hence heart rate increased) as also described in [197, 199, 200, 399, 474], the changes 

were small compared to the TPp  interval. This is reflected in the slope of the regression 

line; the TP interval had the largest slope, indicating that it is most affected by the RR 

interval change. Most of the decrease of the RR interval (increase in the heart rate) 

during exercise was the result of a decrease of the TPp  interval. This is consistent with 

[401].  

 

The PRp and RTp intervals are associated with the cardiac cycle. The TPp interval is 

associated with the resting phase between the end of one cardiac cycle and the 

beginning of the next cardiac cycle. In this period, all the heart muscle is relaxed and 

waiting for the next atrial contraction. The results indicate that the shortening of the RR 

interval during exercise has the most influence on the duration of the resting phase 

between the cardiac cycles.  

The PRp and RTp interval showed smaller slopes in the resting phase than in the exercise 

phase. This could indicate that these intervals are less affected by the change in the RR 

intervals in the resting phase. On the other hand, the TPp interval showed a larger slope 
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in the resting phase, which indicates that the change in the RR interval has a stronger 

influence on the TPp interval during rest than during exercise. 

 

In literature, the ECG intervals, especially the PR interval, are often correlated with the 

heart rate instead of the RR interval [98, 197, 198, 475-477]. The results from this study 

regarding the changes of the ECG intervals are later compared with the results from 

literature. Therefore, the heart rate (HR) was also calculated from the RR intervals and 

was correlated with the selected intervals during rest and exercise. Results are shown in 

Table 9.2 and Figure 9.5 and Figure 9.6. 

Because the heart rate is inversely proportional to the length of the RR intervals, (HR = 

60 / RR interval), the correlation between the heart rate and the selected intervals was 

negative. All parameters were statistically significant (p<0.01). 

 

Table 9.2  Correlation between HR vs. PRp, RTp, and TPp interval 

   phase Regression Line Correlation  

  slope intercept coefficient 

HR - PRp interval Resting - 0.8972 205.374 - 0.660 

 During Exercise - 0.4395 177.247 - 0.604 

HR - RTp interval Resting - 1.5162 365.803 - 0.767 

 During Exercise - 0.9527 302.855 - 0.849 

HR - TPp interval Resting - 7.0209 955.594 - 0.952 

 During Exercise - 1.9679 428.295 - 0.911 

 

Result 12 

The ECG components, such as the PRp, RTp and TPp intervals are correlated with the 

heart rate during exercise. The changes in the PRp, RTp intervals are smaller than the TPp  

interval. This indicates that the contraction time of the heart is less affected by the heart 

rate than the relaxed time of the heart between contractions. 
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 Figure 9.5  HR vs. PRp, RTp, TPp interval duration at rest (before exercise) 
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Figure 9.6  HR vs. PRp, RTp, TPp interval duration during exercise 
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As described in Chapter 3, the heart rate is influenced by both the sympathetic and 

parasympathetic nervous system activity though the sinoatrial (SA) node [84]. 

Sympathetic and parasympathetic neurons also innervate the atrioventricular (AV) node. 

For the contraction rhythm of the atria and ventricles, the cooperation between the SA 

and the AV nodes is important [398]. These nervous system activities are reflected in an 

ECG signal. The RR interval, which is used to obtain the heart rate, is a reflection 

sinoatrial (SA) nodal activity whereas the PR interval is associated with atrioventricular 

(AV) nodal function [197, 398]. The relationship between heart rate and the PR interval 

has been studied before [197-200, 399]. 

In literature, the correlation between the heart rate (HR) and the PR interval during a 

normal exercise test has been indicated with a regression line. The slope of the 

regression line ranges from - 0.42 to - 0.287 in the literature, as shown in Table 9.3. The 

correlation equation obtained from the heat stress test (HST) indicated the value of slope 

as -0.440, which slightly outside the range of exercise tests in cooler conditions (see the 

bottom row of Table 9.3).  

A trend regarding the relationship between the slop of the regression line and the heart 

rate (HR) range can be seen in the table below. The slope of the regression lines is more 

negative when the maximum heart rate is higher. This indicates that the change in the 

PR interval is not linearly related to the change in the heart rate. 

 

Table 9.3  HR and PR correlation in the literature 

 PR-HR equation [ms] HR range [bpm] Subject type 

Carruthers [197]  PR = - 0.351 HR + 176.7 60-160 Healthy 

Moleiro [200] PR = - 0.420 HR + 196.1  80-165 Healthy 

Koller-Strametz [199]  PR = - 0.347 HR + 176.8 99.3-143.4  Transplanted heart  

Atterhog [399] PR = - 0.287 HR + 182.9 90 - 140 healthy 

HS Data PR = - 0.440 HR + 177.2 90-190 healthy 
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Result 13 

Although the environment of the heat stress test was more demanding than the 

environment of a normal exercise test, the correlation between the PR interval and the 

heart rate does not seem to differ considerably from exercise test results in cooler 

conditions. This could mean that the heat stress factor during exercise does not have a 

significant impact on the HR – PR relationship. 

Result 14 

The slope of the HR-RR regression line is more negative for higher maximum heart rate. 

This may indicate that the heart rate and the PR interval are not linearly related.  

 

 

Figure 9.7 shows a 

collection of one cardiac 

cycle from every section of 

the heat stress (HS) ECG 

data covering the whole 

period of the heat stress 

test from one subject. The 

baseline wander and 

power line interference 

were removed and the 

signal was normalised for 

the QRS complex to have 

an amplitude of -1 to 1 and 

the R wave peak is set to 

zero in time.  
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Figure 9.7  One cardiac cycle of every section of the HS ECG data 
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The end of the cardiac cycle was highlighted with a circle in the plot. As the cardiac 

cycle varies in length, the duration between the R peak and the end of the cycle varies.  

There is a great variety in the shape of the signal before and after the QRS complex; 

however, the shape of QRS complex remains remarkably constant.  

This means that the ventricular contraction requires a certain length of time regardless 

of the heart rate controlled by the sinoatrial (SA) node activity. In other words, even 

when the heart rate goes up (or the RR interval shortens) certain length of time is still 

required for ventricular contraction. This duration therefore does not change 

proportional to the heart rate. This is consistent with [478]. 

9.1.1.3 PR interval: Peak-to-Peak interval vs. Onset to Onset interval 

Two types of the PR 

interval, the peak-to-peak 

and onset-to-onset 

intervals against the RR 

interval were examined. 

The onset-to-onset 

intervals were measured 

manually. 

Figure 9.8 demonstrates 

the closeness of the two 

correlation lines, RR - PRp 

and RR – PR (�: PRp 

values, ×: PR values). The 

values of the regression 

line are shown in Table 

9.4 
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Figure 9.8  RR vs. PRp, PR interval duration 
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Table 9.4   Linear Regression Line Coefficient between  
the RR interval vs., PRp and PR interval 

Interval type  slope intercept  

RR - PRp interval 0.12298 62.003 

RR - PR interval 0.10810 62.851 

 

Result 15 

The correlation between the RR interval and the peak-to-peak PR interval (PRp) and the 

correlation between the RR interval and the onset-to-onset interval (PR) are in the same 

range. 

 

This result supports the application of the PRp interval as an estimate for the onset to 

onset PR interval. The PRp interval value lies in the range of 0.11 - 0.205 [sec] for a 

resting ECG, which is close to the normal onset-to-onset PR interval value of 0.12 - 0.20 

[sec] [105].  

This is a valuable finding in terms of signal processing. For ECG signals, peak detection 

usually gives more accurate results than onset detection. With noise free ECG signals, 

the onset of the P and T waves may be found as obvious corners in the signal. In many 

cases, however, the recorded ECG signals contain noise. During the process of removing 

the noise, the corner of the onset is likely to be smoothed and becomes more ambiguous. 

It can therefore be difficult to detect. On the other hand, the peaks in the signal can be 

enhanced after filtering; hence detection can be carried out with more accuracy.   
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9.2 ECG Heart Rate Variability (HRV) 

Another commonly examined feature of ECG signals in the time domain is the heart rate 

variability. As described in Chapter 4, the heart rate variability is often associated with 

exercise ECG. Therefore, this feature was selected for the heat stress ECG analysis in this 

study. 

Poincare plots for the subjects who completed the full length of exercise (four hours) 

were first obtained. A Poincare plot is a tool to visualise a summary of the behaviour of 

the heart with immediate recognition of ectopic beats [373], as explained in Chapter 4. 

After the R wave detection with the new techniques developed in Chapter 8, RR 

intervals were calculated and each RR interval, RR(n), was plotted against the next RR 

interval, RR(n+1). 

The following typical time domain indices of heart rate variability were also calculated: 

the standard deviation of the normal-to-normal (NN) intervals (SDNN), the square root 

of the mean squared differences of successive NN intervals (RMSSD), and the number 

of interval differences of successive NN intervals greater than 50 ms (pNN50). The 

normal-to-normal intervals exclude those ectopic beats. More details are given in section 

4.1.4.1 in Chapter 4.  

Section 4.1.4.1 described the importance of the length of the record for the analysis of 

heart rate variability; the SDNN value in particular depends on the length of recording 

period [376]. For the heart rate variability analysis of stationary recordings, the length of 

five minutes and 24 hours have been suggested as the standards [119, 365, 370, 376, 379, 

381]. The heat stress ECG signals, however, were non-stationary (exercise test) data. 

Shorter sections of data for the heart rate variability analysis of exercise ECG have also 

been proposed [364, 366, 367, 369]. The length of two minutes of record from each 

exercise phase, at rest, during exercise and during recovery was selected for the heart 

rate variability time domain analysis of the heat stress data. This was suggested by 

Mateo [366], who employed two minutes segment for analysis.  
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9.2.1 Results and Discussion 

9.2.1.1 Irregular beat 

The Poincare plots of the subjects who completed the four hour exercise are shown in 

Figure 9.9 (subject C2 showed the abnormal heart rate variability distribution, possibly 

due to the pace maker implant, hence excluded from the analysis).  

The Poincare plots of a few subjects indicate the existence of irregular beats in the ECG 

signals. Subject H3 and N2 in particular showed a number of irregular beats. The types 

of the irregular beats were examined in the original time domain ECG signals as shown 

in Table 9.5. 

    

Table 9.5  Types of Irregular Beats  

Subject Type of Occurrence  Abnormal shape Origin arrhythmia  

A2 isolated ectopic beats abnormal P wave atria PAC* 

D2 rhythm change - sinus -  

E1 rhythm change   - sinus   

isolated ectopic beats wider QRS complex  ventricular PVC** 

E2 rhythm change - sinus - 

H3 rhythm change  - sinus  - 

isolated ectopic beats wider QRS complex ventricular PVC** 

I2 rhythm change - sinus - 

L3 rhythm change - sinus - 

N2 rhythm change - sinus - 

isolated ectopic beats abnormal P wave atria PAC* 

isolated ectopic beats wider QRS complex  ventricular PVC** 

P1 rhythm change - sinus - 

isolated ectopic beats abnormal P wave atria PAC* 

Q1 rhythm change - sinus - 

* Premature Atrial Contraction 

** Premature Ventricular Contraction. 
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Figure 9.9  Poincare Plots of Selected Subjects 
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Three types of irregular beats were identified: rhythm change, premature atrial 

contraction (PAC), and premature ventricular contraction (PVC) (see Figure 9.10). With 

the rhythm change, the occurrence was isolated and the ECG shape was normal. They 

were presumably caused by respiration during exercise. Premature atrial contraction 

(PAC) was identified by the occurrence of premature beats and abnormal P waves. The 

occurrence of premature beats with wide and distorted QRS complexes indicates that 

these ectopic beats originate from the ventricles. They are known as premature 

ventricular contraction (PVC).  

Isolated abnormal P waves were observed only at high heart rates (HR) in subject A2 

and P1 while these ectopic beats were found at all the heart rate in H3 and N2.  

It is not uncommon for 

otherwise healthy persons to 

have occasional premature 

atrial contractions, and usually 

no medical attention is 

required [436].  Premature 

ventricular beats can 

sometimes be induced by 

exercise. Isolated occurrences 

in otherwise healthy persons 

do not require treatment [436]. 

 

 

 

 

 

Figure 9.10  Examples of Irregular Beats 

Premature Ventricular Contraction (PVC)

Premature Atrial Contraction (PAC)

Rhythm Change
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9.2.1.2 Heart Rate Variability (HRV) Time Domain Indices 

The heart rate variability (HRV) time domain indices of the subjects who completed the 

four hours exercise over time are shown in Figure 9.11 as box plots. The size of the box 

indicates the interquartile range in which 50 percent of the data lie, and the line inside 

the box indicates the median value.  

The expression of the X axis, for example, P1_1h, indicates the phase and the hour of the 

exercise as follows. 

 

P0, P1, P2, and P3 represent the phases: 

• P0: before exercise (at rest),  

• P1: at the beginning of exercise 

• P2: at the end of exercise before a break, and  

• P3: during a break (or recovery for the last hour).  

 

1h, 2h, 3h and 4h represent the first, second, third and fourth hour of the heat stress test 

respectively. 
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Figure 9.11  HRV Time Domain Indices of Different Phases.  
 

P0: resting, P1: the first 2min of exercise, 
P2: the last 2 min of exercise before a break,   

P3: 1 min into a break,  
1h: 1

st
 hour of exercise, 2h: 2

nd
 hour of exercise,  

3h: 3
rd
 hour of exercise, 4h: 4

th
 hour of exercise  
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Because there was a five minutes break every hour during exercise, phase P1, P2 and P3 

occur every hour. Figure 9.11 demonstrates the heart rate variability (HRV) time domain 

indices of the phases in each hour.   

All the time domain indices showed the largest median values and distributions at rest 

(P0). In the first hour (1h), with the SDNN and RMSSD indices, the differences in the 

median and distribution between the beginning of exercise (P1), the end of exercise (P2) 

and during the break (P3), are relatively clear. The median and the data distribution 

values decrease when exercise is started and reach their minimum at the end of the 

exercise (P2). During the break, the median and the data distribution values increase 

compared to the values during exercise (P1 and P2), but do not reach resting level (P0). 

These results were similar to the results of normal exercise tests described in literature 

[361, 364, 366]. However, the differences between the phases became unclear as the 

exercise progressed. The median values and the distribution were small in all phases (P1, 

P2 and P3) for the remainder of the test (2h, 3h and 4h).  

Result 16 

As a general trend, the median values and the data distribution of all the HRV time 

domain indices decrease during exercise (P1, P2 and P3) compared to rest (P0).  

The changes in the heart rate variability time domain indices of the first hour of the heat 

stress test are similar to the results of the stress tests in cooler conditions described in 

previous studies [361, 364, 366]; however, the range is slightly different. This difference 

could be simply due to the inter-individual variation of the HRV indices [351].  

 

It has been suggested that a low heart rate variability (HRV) can be a marker of a 

number of pathophysiologic conditions and is associated with an increased risk of 

mortality [379]. However, HRV is known to decrease with normal aging. The normal 

range of HRV time domain indices at rest are shown in Table 9.6. The age group of the 

study population of the subjects who completed four hour exercise was between 19 and 
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41 year old. Therefore, the HRV time domain indices for this age group should be in the 

following range: SDNN: 30 – 107, RMSSD: 15 – 87 and pNN50: 1 – 97 according to Table 

9.6 [379]. As Figure 9.11 shows all these indices at rest (P0 phase) are indeed within the 

normal range (SDNN: 30.09 – 47.95, RMSSD: 19.84 – 38.93, pNN50: 3.54 – 19.03).  

 

Table 9.6  Normal Range of HRV Time Domain Indices at Rest [379] 

age SDNN RMSSD pNN50 

10 48 - 113 20 - 103 4 - 137 

20 42 - 107 21 -87 3 - 97 

30 36 - 100 18 - 74 2 - 68 

40 30 - 94 15 – 63 1 - 48 

 

 

The relationship between the RR interval and the SDNN and the RMSSD were also 

examined. Figure 9.12 illustrates the change of the RR interval, SDNN and RMSSD over 

time. The change in the RR interval was previously shown in Figure 9.2. To observe the 

trend of the indices based on the value at rest and to compare the changes of these 

values, all values were normalised by the value at rest (P0).  

The expression of the X axis, for example, P1_1h, indicates the beginning of exercise (P1) 

in the first hour of the exercise (1h). 
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Figure 9.12  Normalised RR, SDNN and RMSSD over Time 

P0: resting, P1: the first 2min of exercise, 
P2: the last 2 min of exercise before a break,   

P3: 1 min into a break,  
1h: 1

st
 hour of exercise, 2h: 2

nd
 hour of exercise,  

3h: 3
rd
 hour of exercise, 4h: 4

th
 hour of exercise  

 

The general trend of all the values is a decrease over time; however, due to the five 

minutes breaks indicated as P3, localised increase can be seen in Figure 9.12. Up to the 

break in the second hour (P3_2h), the changes in the SDNN and the RMSSD clearly 

follow the change in the RR interval. This trend, however, seems to disappear as 

exercise progresses. This may indicate that the recovery of the heart function during the 

break becomes less effective as exercise progresses. The heart may be functioning at its 

maximum capacity resulting in a limited change in heart rate variability time domain 

indices, such as the SDNN and the RMSSD. 
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Result 17 

The changes in the heart rate variability time domain indices may seem to be related to 

the change in heart rate during the early stage of heat stress test but not during the later 

stage of the heat stress test. This may be caused by the fact that the heart is functioning 

close to its maximum capacity resulting in a low heart rate variability. 

 

The pNN50 index indicates the proportion of the number of successive beats of which 

the normal-to-normal (NN) interval difference is more than 50 ms in the total number of 

the normal beats. As shown in Figure 9.11, the pNN50 is close to zero during most of the 

tests, and therefore does not provide much information. This is especially true during 

phases P2 and P3 in which the heart rate was much higher than the one at rest. The 

problem with the pNN50 index may be due to its definition. The pNN50 index is 

designed for a resting condition and has a fixed threshold value (50 ms). During exercise, 

the RR interval shortens; hence the differences in the intervals also become smaller. 

Therefore, the fixed threshold based index may not provide useful information during 

exercise.   

Result 18 

The HRV time domain index, pNN50, may not be suitable for exercise ECG analysis 

because it uses a fixed threshold value. At high heart rates, the interval differences 

decreases resulting in pNN50 value which are close to zero. 
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9.3 ECG Features based on Wavelets 

The feasibility of the technique developed in Chapter 5 for evaluating the heat stress 

ECG data is investigated in this section.  

Unlike the ECG signals from MIT-BIH Arrhythmia Database [31] (see Chapter 5), fit and 

healthy subjects were pre-selected for the heat stress test; hence no obvious cardiac 

disorders were expected. This means that most beats recorded during the heat stress test 

can be categorised as normal, forming only one cluster of the feature vectors. Therefore, 

a different approach was needed for the heat stress data. 

During the heat stress test, the exercise environment is more demanding than at rest. 

The body core temperature and the heart rate increase and the TP interval decreases due 

to both the heat and the exercise during the test. It was expected that some 

abnormalities or ECG waveform changes may occur during the heat stress. 

As an indicator of the effect of heat stress on the body, the body core temperature rise 

was employed. This was used as a classifier to group the feature vectors for the 

evaluation of heat stress. As described in Chapter 2, a low body core temperature rise 

indicates effective thermoregulation. 

The heat stress ECG signals were first processed with the same algorithm which was 

used in Chapter 5 (wavelet: bior5.5, level: 4, entropy type: log energy). The energy and 

entropy of each beat were then extracted as feature vectors. To examine the trend of 

energy or entropy change over time, time was normalised with the total exercise 

duration because not all subjects completed the four hour walking exercise. 

9.3.1 Results and Discussion 

The feature vectors were compared between two groups of the subjects; one with a body 

core temperature (BCT) rise of more than two degrees and the other with a body core 

temperature rise of less than two degrees. Each feature vector was examined against 

normalised time and against each other (see Figure 9.13). The time was normalised with 
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the end of exercise time because not all subjects completed the four hour exercise. 

 

Figure 9.13  Heat Stress ECG Feature Vectors (BCT rise > 2 deg, < 2 deg) with bior5.5, aaaa4 

 

The feature vectors, entropy and energy, seem to decrease after stopping exercise 

(normalised time > 1). However, the results were not conclusive due to the limited 

number of data points during the recovery phase. The feature vectors of the subjects 

with a body core temperature (BCT) rise of more and less than two degree did not form 

separate clusters (see Figure 9.13). 

Subjects with a body core temperature rise of more than two degree and subjects with a 

body core temperature rise of less than one degree were then compared, results are 

shown in Figure 9.14. The feature vectors of the group with a body core temperature rise 

of less than one degree seem to form a smaller cluster compared to the one shown in 

Figure 9.13. This is still no clear separation.  
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Figure 9.14  Heat Stress ECG Feature Vectors (BCT rise > 2 deg, < 1 deg) with bior5.5, aaaa4 

 

 

 

Different wavelets and decomposition levels and entropy types were also examined. A 

few examples are shown in the following figures; however, no clear separation was 

observed for any of these. 

 

 

Figure 9.15  Heat Stress ECG Feature Vectors (BCT rise > 2 deg, < 2 deg) with bior5.5, aaa3  
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Figure 9.16  Heat Stress ECG Feature Vectors (BCT rise > 2 deg, < 2 deg) with sym6, aaaa4 

 

 

 

 

 

Figure 9.17  Heat Stress ECG Feature Vectors (BCT rise > 2 deg, < 2 deg) with bior5.5, aaaaa5 
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Result 19 

The technique proposed in Chapter 5, which showed promising results in 

distinguishing normal and abnormal beats for arrhythmia, did not indicate significant 

differences between the beats of subjects with a high body core temperature rise and 

subjects with a low body core temperature rise. 

 

The data used in Chapter 5 (MIT-BIH Arrhythmia Database [29]) had clear 

morphological differences in normal and abnormal beats. However, with the heat stress 

ECG signals, the majority of the beats is assumed to be normal due to the pre-selection 

of fit and healthy subjects for the test. It is believed that the changes within the normal 

beats were too small to be detected and to result in a change in the feature vectors 

during heat stress. 

The beat-to-beat approach may not be suitable when dealing with healthy subjects only. 

As mentioned above, the changes may not be obvious. However, within a population of 

less fit or unhealthy subjects, heat stress may induce anomalies which may be detected 

with this technique. 

Furthermore, subtle differences in ECG signals during the heat stress test may be 

reflected in a specific component of the ECG signal rather than in the features extracted 

by processing a whole beat.     



 
Chapter 9. Feature Extraction of the Heat Stress ECG and APG Signals 

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

206 

9.4 APG Waveform Analysis 

As described in Chapter 3 and 4, the acceleration plethysmogram (APG) is a relatively 

new measurement technique and APG signals during exercise have hardly been studied. 

The time domain features of the signal were used for investigation in this study.  

9.4.1 Results and Discussion 

Type of APG Waveform at Rest 

As a first step, the APG waveforms at rest for all subjects were examined as shown in 

Figure 9.18. The waveform of all subjects were categorised into type A or B which 

indicates good fitness and health (Note that subject O2 was omitted from this 

examination due to noisy data). Details regarding the APG waveform types can be 

found in Chapter 4 [143]. The results confirm that relatively fit and healthy subjects 

were pre-selected for the heat stress test. 

 

Result 20 

The resting APG waveform of all subjects selected for the heat stress test were 

categorised as Type A or B. This confirmed that the subjects were all fit and healthy. 
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Figure 9.18  APG Waveform Type at rest 

A1: Type B A2: Type B B1: Type A B2: Type B

C2: Type B C3: Type A D2: Type A D3: Type A

E1: Type A E2: Type A E3: Type A G2: Type B

G3: Type B H3: Type A I1: Type B I2: Type A

J2: Type B L2: Type B L3: Type B N2: Type B

N3: Type A O1: Type B P1: Type B P2: Type A

Q1: Type A Q2: Type A
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Type of APG waveform during the Heat Stress Test 

There are seven types of APG waveform described as type A to G, in the order of 

decreasing healthiness from A to G (see Chapter 4). The resting APG waveform of all 

subjects were categorised into type A or B which indicates that all subjects were fit and 

healthy. Although the flexion points become less clear during the heat stress test, the 

heat stress APG waveform remained most similar to type A or B and does not resemble 

one of the other types (see section 9.4). In other words, the change in APG shape 

observed during heat stress does not correspond to any of the previously described 

abnormal APG types.  

Result 21 

While the APG waveform changes during heat stress, its shape remains most similar to 

type A or B APG waveform, which are normally observed in healthy people, and does 

not resemble any of the previously described abnormal APG types.  

 

The APG has been employed to assess the improvement in general health [21, 26, 31, 

145], which sometimes is associated with the effect of regular exercise [31]. Temporary 

exercise, such as the heat stress test, however, would not contribute much to the 

improvement of general health. This is confirmed by the fact that no obvious change in 

the type of APG waveform is seen after the heat stress test is completed. 
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9.5 APG a-b Slope 

As described in Chapter 3, the peaks of APG 

waveform are named as shown in Figure 9.19. 

The a wave represents early systolic positive 

wave and the b wave represents early systolic 

negative wave [27, 30, 75, 142, 143]. 

 

 

 

 

Figure 9.19  APG waveform 

9.5.1 Results and Discussion 

One of the findings regarding the time domain APG signals during the heat stress test is 

the unvarying a-b component; the slope between a wave and b wave. Figure 9.20 shows 

one cycle of the normalised APG from all the time sections of all subjects. Due to 

different heart rates between subjects or even within the same subject, the length of one 

APG cycle varies. However, the a-b component of the APG indicated in a circle in 

Figure 9.20 formed almost a constant slope regardless of the heart rate or the subject. 

The changes in the a-b component are small compared to the variation of the other 

components of the APG, such as the length of a cycle (or heart rate) and the location of 

other peaks. The a-b component is associated with the early systolic wave. 
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Figure 9.20  Normalised APG Amplitude of All Subjects 

 

Result 22 

The a-b slope of APG, which is associated with the early systolic wave, does not vary 

much between individuals and does not appear to vary with heart rate. 

 

These a and b waves are said to be associated with the pressure wave that occurs when 

the ejection of blood from the left ventricle takes place [75] as described in Chapter 3. 

The unvarying a-b component indicates that the time required for the ventricular 

contraction does not significantly depend on individuals or the heart rate. It is 

remarkable that even when the heart rate goes up by nearly 100 percent during exercise, 

the duration of the a-b component still stays the same as the one during resting phase. 

The ejection of blood from the left ventricle is associated with the QRS complex in ECG 

signals. Therefore, this result is consistent with the results of the ECG which were 

shown in Figure 9.7. 
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9.6 APG d-Peak Depression 

Recorded APG signals at rest and in the five minutes break every hour during the heat 

stress test showed a common trend in the shape of the c-d-e component. The c wave 

represents a late systolic re-increasing wave, the d wave, a late systolic re-decreasing 

wave and the e wave, an early diastolic positive wave [27, 30, 75, 142, 143].  

This trend is described in detail in the following sections.   

9.6.1 Results and Discussion 

Morphological Change in the c-d-e Component 

Figure 9.21shows an example of APG data (subject P2) during the heat stress test. In 

each subplot, all beats from one data set (20 seconds) were plotted to indicate the trend. 

During exercise, it was observed that the shape of the APG became smoother (losing its 

d-peak depression formed by the c, d, and e waves) or simplified, as indicated with 

circles in Figure 9.21.  

This trend regarding the smoothing effect in the c-d-e component of APG, was observed 

in 23 subjects out of 27. In the recovery phase, in which the subjects were at rest, the 

reappearance of the d-peak depression, restoring the original shape at rest, was 

observed. This effect has not been discussed in the literature and is a new finding of this 

study. 

Result 23 

The c-d-e component of the APG waveform at becomes smoother with a decreasing 

depth at d point during the heat stress test compared to the waveform at rest. The 

waveform is eventually restored to its original shape after stopping exercise. 
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Figure 9.21  Example of APG Shape (subject: P2) 
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The APG at rest shows several flexion points presented as the a wave, the b wave, the c 

wave, the d wave and the e wave. The a and b wave reflects this pumping action of the 

heart. It is assumed that the remainder of the waves are associated with the elasticity of 

the blood vessel. The smoothing effect on the c-d-e component during the heat stress 

test indicates a change in the blood flow in the blood vessel. It is currently unclear what 

causes this effect. It may be related to the dilation of the blood vessels during heat stress 

but the mechanism causing the smoothing effect of the APG is not well understood yet. 

More research is needed in this area. 

APG indices during the Heat Stress Test 

Due to this smoothing effect during exercise, typical indicators of APG analysis, such as 

c/a, d/a and e/a described in Chapter 3, were unsuitable for the heat stress test because 

they could no longer be detected correctly. The b/a index was obtained and is shown in 

Figure 9.22. The b/a index value was plotted against the exercise time in minutes. The 

red dotted line indicates the time when the subject stopped the exercise. The b/a index 

showed an increase in 6 subjects straight after stopping the exercise and a decrease in 8 

out of 27. The remaining results were inconclusive. No obvious trend was found. 

Result 24 

Apart from b/a index, the time domain APG indices were unsuitable for the heat stress 

test because the flexion points of APG became indistinguishable. No obvious relation 

between the b/a index and heat stress was found. 
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Figure 9.22  APG b/a index over time 
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Quantifying the Smoothing Effect 

During the heat stress test, 

the c-d-e component of the 

APG became smoother, as 

demonstrated in Figure 9.21. 

This smoothing effect has 

never been described in the 

literature; hence, there was 

no measure for this effect.  

                   Figure 9.23  APG points and d point depression 

To quantify the effect, the depth of the d peak, which is one of the components of APG 

wave, was determined in this study. The commonly used points in the APG, a, b, c, d, 

and e were shown in Figure 9.23. As a quantifiable value for the d-peak depression, the 

depth of the depression around d point was calculated as the distance between the line 

connecting the c point and the e point and the d peak, as shown in Figure 9.23. This 

value was then correlated with the body core temperature (BCT) and the heart rate (HR).  

Figure 9.24  and Figure 9.25 show the relationship between the depth of the d point 

depression and the body core temperature (BCT) and heart rate (HR) respectively. The 

body core temperature data with apparent instrumental failure (such as BCT below 35 

degree) were omitted (7 out of 27). A depression depth of zero indicates that the c-d-e 

section of the APG signals is flat. 

In Figure 9.24  and Figure 9.25, the data points, which show inconsistencies to the rest 

were plotted with different markers, such as ×, � and +, and labelled with the subject ID 

(H3, I2 and N2 respectively). The trend line in the plot excludes the data points for these 

subjects. 

 

d: distance

a 

b 

c 

d 

e depth 
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As indicated in Figure 9.24 and 

Figure 9.25, the value of d point 

depression depth decreases as the 

body core temperature (BCT) and 

heart rate (HR) rise as a general 

trend, until it reaches a value of 

zero. The relationship between 

the d point depression depth and 

the body core temperature (BCT) 

and heart rate (HR) regarding 

each subject is illustrated in 

Appendix D.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9.24  BCT vs. d point depression 

Figure 9.25  HR vs. d point depression 
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The linear regression lines and correlation coefficients of both body core temperature 

and heart rate were obtained as shown in Table 9.7 

 

Table 9.7  Liner Regression Line and Correlation Coefficient with d Point Depression  

   slope intercept Correlation 

coefficient 

BCT – d point depth - 0.030942 1.2296 - 0.4242 

HR – d point depth - 0.001555 0.2101 - 0.6947 

 

The depth of the d point depression in APG data showed a medium to strong negative 

correlation with both body core temperature (BCT) and heart rate (HR). It is assumed 

that the blood vessel expands during exercise as the body core temperature rises. The 

smaller depression may be related to the decrease in elasticity of the blood vessel when 

it expands with higher body core temperature.  

With the heat stress data, the heart rate indicates a stronger negative correlation with the 

d point depression than the body core temperature. However, this may be due to 

instrumental errors. As mentioned earlier, the body core temperature capsule failed to 

measure temperature accurately in 9 out of 27 subjects. The heart rate, however, can be 

calculated accurately from the recorded APG data directly. To specify which factor 

(heart rate or body core temperature) has a greater contribution to the d point 

depression, more experiments separating these two possible causes will be required.  

 

Three subjects, H3, I2 and N2, out of 27, showed abnormally deep depression of d point 

during exercise, which was deeper than the one at rest (see the circles in Figure 9.26). 

This is not consistent with the trend described earlier (compare with Figure 9.21). The 

abnormal deep depressions are also reflected in the previously shown Figure 9.24 and 

Figure 9.25 as irregular data points.   

The cause of these abnormal deep depressions on APG could not be clearly determined 
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from the data collected for this study. However, subject N2 had a significant number of 

ectopic beats, and H3 and I2 showed rhythm changes and several premature ventricular 

contractions (PVC) (see section 9.2). The abnormal deep depressions could be the result 

of the disturbed fluid dynamics caused by these irregular heart beats.   

   

Figure 9.26  Example of Abnormally Deep Depression of d wave of APG during Exercise (H3) 
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9.7 Summary 

The following features of the heat stress ECG signals were investigated in this study: 

ECG intervals, heart rate variability (HRV) and features derived from wavelet analysis. 

Although the exercise was designed to be of moderate intensity for the heat stress test 

(HST), the result based on the maximum heart rate obtained from the subjects during 

the heat stress test, indicates that a demanding environment, causing heat stress, can 

make the effective intensity of exercise higher than expected. 

During exercise, the RR interval shortens (as the heart rate rises). The TPp interval, 

which is the resting phase between two cardiac contractions, was most influenced by 

this shorter RR interval. In contrast, the intervals of ECG components relating to the 

cardiac contraction, such as PRp and RTp, did not change much as the heart rate (HR) 

rose. The duration of the QRS complex did not show much variety with the RR interval 

change. This indicates that a certain time is always required for the ventricular 

contraction, regardless of the heart rate. 

The comparison between exercise test results in cooler conditions as described in 

literature and the heat stress test result with regards to indices, such as, correlation 

between heart rate and PR interval and the heart rate variability, indicated that the heat 

stress indices were only slightly outside the of exercise tests in cooler conditions.  This 

may be due to the higher heart rate during the heat stress test.  

Poincare plots revealed ectopic beats in some subjects even though fit and healthy 

subjects were pre-selected for the heat stress test.  

The time domain indices of the heart rate variability, the standard deviation of the 

normal-to-normal (NN) intervals (SDNN) and the square root of the mean squared 

differences of successive NN intervals (RMSSD), seemed to follow the heart rate in the 

early stage of the test (up to the break in the second hour), but not during the later stage 

of the test. This may be due to the fact that the heart is functioning close to its maximum 
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capacity during the later stage of the test, limiting the possible heat rate variability.   

The pNN50 index was found to be unsuitable for the heat stress test because of its fixed 

threshold, resulting in pNN50 value which was close to zero during most of the test.    

The morphology of APG signals was examined. The APG type at rest of all subjects 

were categorised to Type A or B, which means that the selected subjects for the heat 

stress test were all healthy. 

The slope between the a point and the b point of the APG signal, which is associated 

with early systolic waves, was found unvarying regardless of individuals or heart rate. 

This pressure wave occurs when the ejection of blood from the left ventricle takes place. 

This is consistent with the almost unvarying QRS complex of ECG signals. 

The smoothing effect in the c-d-e component, hence the alternation in the depth of the d 

point depression of APG signals, during the heat stress test was a significant result, 

which had not previously been described. The depth of the d point depression seems to 

correlate with the rise of heart rate and body core temperature, or the combination of 

these two.  
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Chapter 10.  

 

Conclusions 

The aim of this research was to examine the effect of heat stress on ECG and APG 

signals.  

The ECG is one of the most commonly used diagnostic tools, reflecting the electrical 

information of the heart. It is known that heat-related disorders affect the cardiovascular 

system. Hence, abnormalities in ECG recordings may be observed during heat stress.  

The APG, the second derivative of the plethysmogram, is a relatively new measurement 

technique. The APG can be considered as a measure of the mechanical and fluid 

dynamic properties of cardiovascular system. Therefore, the APG can provide another 

dimension of information regarding the cardiovascular system. The APG has also been 

proposed and used as an indicator of general health. Heat stress APG however has not 

previously been described. The purpose of this research is to investigate whether  heat 

stress is reflected in APG signals.  

ECG and APG data were collected during a heat stress test, which was part of a larger 

project organised by the Department of Defence, Defence Science and Technology 

Organisation (DSTO), and the School of Science and Primary Industries at Charles 

Darwin University.   

Features were then extracted from the heat stress ECG and APG signals to be analysed. 

In order to extract the features the main peaks in the ECG and APG signals had to be 

detected. Nine peak detection algorithms, described by Friesen [162], were examined. 
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The peak detection algorithms were designed to identify the R peak in ECG signals and 

were based on thresholds and digital filters. When applied to the heat stress ECG 

signals, none of the nine algorithms performed satisfactory. A disadvantage of the 

algorithms was that they employed fixed thresholds which had to be adjusted in order 

to achieve optimal detection rates. Even after adjusting the thresholds, only three 

algorithms, DF1, DF2, and FS2 demonstrated detection rates larger than 90 percent. All 

detection rates were lower than Friesen’s results, which were based on uncorrupted 

ECG signals with simulated noise. 

The nine peak detection algorithms were also evaluated using the heat stress APG 

signals. This resulted in a large number of false positives, even after optimising the 

thresholds. 

In conclusion, Friesen’s nine peak detection algorithms cannot directly be applied to the 

heat stress ECG and APG data to detect peaks for beat recognition. 

A new peak detection technique, which was more robust and could be applied to both 

the heat stress ECG and the APG signals, was developed.  

The new peak detection technique consists of filtering, normalisation, peak detection, 

false peak elimination, and missed peak detection stages. A new filter to remove the 

dominant noise, baseline wander and power line interference and its harmonics was 

also developed based on pole zero placements. It was shown that the filter removed the 

noise effectively.  

The normalisation stage made it possible to apply the peak detection technique without 

adjusting thresholds, to both the heat stress ECG and APG signal. Initial peak detection 

rates were improved in the false peak elimination and missed peak detection stages.  

The comprehensive detection rate using the new technique was greater than 98 percent 

for both the ECG and APG signals. This was a significantly higher detection rate than 

the detection rate obtained with the Friesen’s nine algorithms.  

The peak of the P and T waves were successfully detected within the appropriate search 
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range around the previously detected R waves, after the ECG signals were filtered to 

remove baseline wander and high frequencies. 

This research mainly focuses on time domain analysis for feature extraction of ECG and 

APG signals. Time domain analysis seems to provide the most reliable results and time 

domain analysis techniques are usually easier to implement and computationally less 

intensive than other techniques.  

However, the potential of wavelet analysis in detecting abnormalities in ECG signals 

was also explored. A method to detect abnormalities was developed and tested using 

the MIT-BIH Arrhythmia Database.  

It was shown that a combination of the bior5.5 wavelet and decomposition level 4 along 

approximations (A1-AA2-AAA3-AAA4) clearly separates clusters of normal and 

abnormal beats of any level against normalised entropy values. The abnormal beats 

included in the database were premature atrial contraction and ventricular contraction. 

This separation was further improved by excluding normal beats occurring before and 

after abnormal beats. This may be useful for automated classification in the future.  

This technique was applied to heat stress ECG signals, but did not indicate clear 

differences between subjects with a higher body core temperature rise and subjects with 

a lower body core temperature rise. This result suggests that the proposed method may 

not be suitable for detecting changes in the ECG signals during heat stress. The heat 

stress ECG signals were obtained from healthy subjects only and the changes in the ECG 

signals may be too subtle to be detected. 

 

The first time domain features to be extracted was the RR interval, which is inversely 

proportional to the heart rate.  
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As expected, the general trend of the heart rate change during the heat stress test was an 

increase. In the first hour of exercise, the heart rate rose dramatically. The heart rate 

slightly recovered during the five minutes break but did not return to its original value. 

An unexpected finding was the fact that the heart rate continued to increase every hour, 

even though the exercise intensity and the environment remained the same. 

Changes in the ECG intervals, the PRp, RTp and TPp during the heat stress test, were 

investigated. All intervals correlate with the changing heart rate during exercise; 

however, the changes in the PRp and RTp intervals are smaller than the change in the 

TPp  interval. This indicates that high heart rates are mainly caused by a decrease in time 

between contractions, not by a fast contraction of the heart. The exercise, walking on a 

treadmill, was expected to be of moderate intensity. The changes in heart rate during the 

heat stress test, however, suggest that the intensity of exercise during heat stress was of 

high intensity for most of the subjects. This means that heat stress should be taken into 

account in judging the intensity of exercise.  

 

The heat stress test is an exercise test carried out in a hotter environment than normal 

exercise tests. The correlation between the PR interval and the heart rate, however, does 

not seem to differ considerably from exercise test results in normal (cooler) conditions. 

This could mean that the heat stress factor during exercise does not have a significant 

impact on the HR – PR relationship. 

Another finding was that the slope of the HR-RR regression line is more negative for 

higher maximum heart rates. This may indicate that the relationship between heart rate 

and the PR interval is not linear. 

There are two definitions used for the ECG interval: the peak-to-peak interval and the 

onset-to-onset interval. These two intervals of the heat stress ECG signal were examined 

and showed a similar trend over time during exercise. The peak-to-peak PR interval can 

give a good estimate for the onset-to-onset interval when the onset-to-onset PR interval 
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is difficult to identify due to the presence of noise. 

Heart rate variability was investigated. Poincare plots revealed ectopic beats in some 

subjects even though fit and healthy subjects were pre-selected for the heat stress test.  

During the heat stress test, the heart rate variability time domain indices all decreased 

after commencing exercise. This has also been observed during exercise in cooler 

conditions. The changes of these indices seem to follow the change of the heart rate, in 

the early stage of exercise (up to the break in the second hour), but not during the later 

stage of the test. This may be due to the fact that the heart is functioning close to its 

maximum capacity during the later stage of the test, limiting the possible heat rate 

variability. 

 

One of the heart rate variability indices, the pNN50 index was found to be unsuitable 

for the heat stress test because of its fixed threshold, resulting in pNN50 value which 

was close to zero during most of the test.    

 

APG signals have flexion points named the a to e waves. The APG waveform is 

classified using these points.  

According to the time domain analysis of the APG signals prior to exercise, the type of 

APG waveform suggested that all subjects who participated in the heat stress test were 

fit and healthy. This was consistent with the selection of subjects for the heat stress test. 

The APG showed clear shape changes during heat stress for most subjects. Despites the 

large increase in the heart rate and the shape changes of the APG, the APG waveform 

could not be classified as one of the previously described abnormal APG types. This 

indicates that the effect of heat stress is different from the previously described 

abnormalities.  

The a-b slope of the APG, which is associated with an early systolic wave, was a 

remarkably constant feature. Even though some heart rates increased by a factor 2 
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during exercise, the a-b slope did not change significantly. 

In contrast, the c-d-e component of APG became much smoother during the heat stress 

test. A decreasing depth at the d point was seen during exercise compared to the 

waveform at rest. The smoothed waveform was eventually restored to its original shape 

after stopping exercise. This smoothing effect of the c-d-e component of APG during 

heat stress has not previously been described in literature.  

Due to the smoothing effect, most of the existing time domain APG indices are not 

suitable for the heat stress APG data. The only index which could be obtained from the 

heat stress APG data, the b/a index, showed no clear trend during heat stress. 

An index to quantify the smoothing effect, the d point depression, was developed. The d 

point depression was shown to correlate with both the heart rate and body core 

temperature. More research is needed to establish which of these factors has the 

strongest influence on this smoothing effect.  

Three subjects of the 27 showed abnormally deep d point depression during heat stress. 

The cause of these deep depressions could not conclusively be determined. However, 

the ECG of one of the subjects showed a significant number of ectopic heart beats and 

the other subjects had rhythm changes and premature ventricular contractions. 
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Appendix A. Overview of Cardiac Disorders 

A.1 P wave Associated Heart Disorder(s) [91] 

Three general categories of causes for a change in the P wave are described: wandering 

or ectopic pacemaker, left atrial enlargement and right atrial enlargement.  

Wandering or ectopic pacemaker  

The atrial contraction is normally activated by the sinoatrial node (also known as SA 

node). If the site of initial activation shifts other (ectopic) sites than the SA node, it can 

be reflected in the morphology of the P wave. Cardiac disorders associated with this 

problem are SA node pace mater failure or enhancement of the ectopic site automaticity. The 

resulting ECG often shows negative P wave.  

Left atrial enlargement  

Anatomical or functional abnormalities, such as enlargement of the left atrial or 

conduction delays within the left atrium usually change the shape, duration and 

amplitude of the P wave. The increase in size results in an amplitude increase of the P 

wave. Because the left atrium is activated relatively late an enlarged atrium results in an 

increased potential in the later shape of P wave causing a prolonged P wave. It also 

causes a delay in inter-atrial conduction. This delay prolongs the P wave, shortening the 

PR interval and reducing the overlap between right and left atrial activation. Hence, the 

P wave generated by the two atria may be seen as two humps. 

Any disease of the left ventricle which interferes with its pumping action can cause left 

atrial enlargement, e.g. old myocardial infarction (MI), left ventricular hypertrophy (LVH) or 

cardiomyopathy. Aortic or mitral valve related diseases may also result in left atrial 

enlargement [107].   

In terms of clinical significance, left atrium abnormalities indicate more severe left 

ventricular dysfunction in patients with ischemic heart disease, and more severe valve 
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damage in patients with mitral or aortic valve disease.  

Right atrial enlargement  

The ECG features of right atrial enlargement include high amplitude P waves. In 

contrast to left atrial enlargement, the increased potential due to the increase in size of 

the right atrium occurs in the early stage of atrial activation. This is reflected in the 

increased initial P wave deflection. 

Right atrial enlargement may be caused by pulmonary hypertension; for example, left 

heart failure, chronic lung disease, pulmonary thromboembolic lung disease and primary 

pulmonary hypertension. Diseases which selectively affect the heart may also cause right 

atrial enlargement, such as dilated cardiomyopathy, right ventricular cardiomyopathy or 

Ebstein’s anomaly [107].    

In patients with chronic obstructive pulmonary disease, this ECG pattern can be an 

indication of severe pulmonary dysfunction as well as significant reduced survival. 

A.2 PR interval Associated Heart Disorder(s) [91] 

Changes in the length of the PR interval are associated with several types of 

abnormalities.  

Heart Block 

Because the PR interval indicates the time between the atrial activation and the 

ventricular activation, prolonged PR intervals often signify a disturbance in the impulse 

conduction, also known as heart block. The block which most likely prolongs the PR 

interval is between the atria and ventricles (AV block). The block can be permanent or 

transient depending on the anatomical or functional impairment. During AV block, the 

block can occur anywhere in the AV (atrioventricular) node, His bundles, or bundle 

branches. 
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Premature Atrial Complexes 

Premature atrial complexes also result in prolonged PR intervals. A premature atrial 

complex early in the diastole may cause this conduction. For instance, the AV junction 

may still be in a refractory period from the preceding beat and prevent propagation of 

the impulse or cause conduction to be slowed, resulting in a prolonged PR intervals. 

Wolff-Parkinson-White Syndrome 

Wolff-Parkinson-White syndrome results in a shortened PR interval (usually less than 

0.120 second).   

Supraventricular Tachycardias (SVT) 

The origin of the electrical signal of supraventricular tachycardias is usually the atria or 

the AV node. Three typical causes are sinus nodal re-entry, sinus tachycardia, and an atrial 

tachycardia arising from the right atrium near the sinus node. This likely results in a long RP 

interval and a short PR interval.  

A.3 QRS complex Associated Heart Disorders 

Typical abnormalities of the QRS complex are: increased or decreased QRS amplitude, 

pathological Q waves, and broadened QRS complex. In general, increased muscle mass 

can cause an increase in the R wave, and decreased in muscle mass can cause a decrease 

in the R wave. However, the latter is not always obvious and extensive experience may 

be required to distinguish a decreased R wave from a normal one [107]. Delayed or 

blocked intraventricular conduction produces a prolonged QRS duration.  

Left ventricular Hypertrophy (LVH) 

In the leads which reflect the left ventricle, an increase in the QRS voltage should be 

noticeable in patients with left ventricular hypertrophy. The increase of the QRS voltage 

is reflected in an increase of the R wave or S wave amplitude (depending on the lead) 

[107].  
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High voltages can be due directly to an increase in mass, caused by an enlargement in 

cell size. An increase in surface area increases the transmembrane current flow. This 

effect is enhanced by the increased activation fronts moving across the thickened 

ventricular wall. These larger wavefronts result in higher body surface voltages [91]. 

Right ventricular Hypertrophy (RVH) 

Right ventricular hypertrophy increases the voltage of the QRS complex in the leads 

looking at the right side of the heart. In substantial RVH, a dominant R wave can be 

manifested in V1 lead [107]. 

Left bundle branch Block (LBBB) 

Left bundle branch block is caused by a conduction delay or block in the interaventricul 

conduction system; hence a prolonged QRS duration (longer than 0.12 sec). Broad or 

notched R waves (‘M’ shaped) can be observed in lead I.   

Right bundle branch Block (RBBB) 

Right bundle branch block results from a conduction delay or block in any portion of the 

right-sided interaventricul conduction system. With RBBB, the early portion of the QRS 

complex looks normal because the left ventricular activation stays normal. However, 

similar to left bundle branch block, the QRS duration exceeds 0.12 second. The right 

precordial leads show prominent and notched R waves, while the left precordial leads 

demonstrate wide S waves which are longer in duration than the preceding R waves.  

A.4 ST segment Associated Heart Disorders 

The common ST segment alternations associated with cardiac disorders are ST segment 

elevation and depression. The ST segment alternations, however, have many causes 

[479-482]. 

Alternation in the ST segment often indicates myocardial ischemia, injury or infarction (MI) 

[107, 483]. These are caused by insufficient blood supply to the myocardium. The 
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pathophysiological mechanism causing changes in ST segment is based on the changes 

in current flow due to the discontinuity in tissues. The epicedium is the outer layer and 

the endocardium is the innermost layer of the heart wall. The direction of depolarisation 

of the ventricle is epicardial-to-endocardial and repolarisation in opposite direction. 

When the epicardium is more severely diseased than endocardium, the epicardium has 

a different concentration in sodium from the endocardium. Therefore, a current still 

continues to flow from endocardium to epicardium even when the heart is fully 

depolarised. Hence, a current flows towards the electrode and resulting in a ST segment 

elevation [107]. On the other hand, the current flows from epicardium to endocardium 

when endocardium is diseased than the epicardium. This causes ST segment depression 

[107]. 

The abnormalities of the ST segment can be subtle and are not always consistent. This 

can make the clinical interpretation difficult [105]. For example, there are many 

myocardial ischemia (MI) that do not cause ST segment elevation [107]. Furthermore, 

even 2 – 3 percent of the normal population have a fixed ST elevation all their life, which 

is no a pathological significance [107]. 

The ST segment is often examined during a stress test. Ischemic ST segment changes 

may be observed only during exercise. Exercise increases the cardiac workload 

increasing the myocardial oxygen demand. However, a heart with coronary artery 

disease (CAD), cannot meet this demand; hence, the myocardial ischemia. Myocardial 

ischemia changes the electrophysiology of the myocytes, causing the ST segment 

changes [107]. The stress test ECG is generally associated with the coronary artery 

diseases (CAD). Possible causes are: new-onset myocardial ischemia (MI) provoked by 

the exercise test, critical stenosis of the supplying artery, pre-existing occlusion of the 

supplying blood vessel, or pre-existing full thickness MI. The last condition (and 

possibly the second last) is not associated with chest pain during the exercise.   

Exercise induced ST segment elevation has also often been discussed with regard to 

trained athletes [112, 199, 357, 484, 485]. ST segment elevation soon after the QRS 
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complex, called ‘early repolarisation’ is considered to be a normal ECG feature in 

athletes [356, 486].   

Typical disorders associated with ST segment changes are listed below. 

Myocardial Ischemia/injury/infarction 

Myocardial ischemia or angina occurs when the heart muscle does not receive enough 

oxygen-rich blood for a short period of time. Depending on the level of severity of 

ischemic process, it is called myocardial ischemia, injury and infarction. This often changes 

current flow, hence ST segment displacement. Depending on the area of injury, the ST 

segment is depressed or elevated.   

Left ventricular Hypertrophy (LVH) 

The disorder associated with the cellular process of hypertrophy may be reflected as 

repolarisation abnormalities in ST-T wave. The patterns of the ST segment and T wave 

vary widely in patients with left ventricular hypertrophy. However, the ST segment 

depression followed by an inverted T wave can be observed in many patients with left 

ventricular hypertrophy [91]. 

Left bundle branch Block (LBBB) 

ST-T wave changes with left bundle branch block are generated by abnormalities in 

conduction. With left bundle branch block, the right ventricle is activated and recovers 

before the left. This can be seen in ECG as positive ST-T waves for the right ventricle 

and negatives ones for the left ventricle [91].  

The transventricular gradients are not significant in normal conduction because the 

simultaneous activation of multiple regions cancels the forces they produce. However, 

with bundle branch block the activation is sequential, so cancellation is reduced [91].  

A.5 QT interval Associated Disorders 

The autonomic nervous system influences the QT interval. The autonomic changes 
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associated with exercise shorten the QT interval, independent of the heart rate. The 

circadian rhythm also affects the QT interval prolonging at night [107].  

Drugs, particularly the antipsychotic drugs and macrolide antibiotics frequency cause 

QT interval prolongation. QT interval prolongation is often caused by a combination of 

cardiac disease and drug adverse reaction [107].  

Heart Failure 

Heart failure is one of the most potent causes of QT interval prolongation. It is 

proportional to the impairment of left ventricular (LV) systolic function [107].  

Myocardial Ischemia/Infarction 

Ischemia in the sub-endocardium prolongs the local recovery time. This causes a 

prolongation of QT interval [487]. The effects of acute myocardial ischemia or infarction 

can be visible in ECG as QT dispersion [91]. The difference between maximum and 

minimum QT intervals reflects the variability in myocardial repolarisation.   

 

A.6 RR interval Associated Disorders 

The RR interval can simply indicate abnormal heart rates, outside the normal range of 

60 – 90 beats per minute [108]. The variability of the heart rate (HRV) can also be an 

indicator of cardiac disorder.  

There are two types of heart rate disorders; bradycardia and tachycardia. Bradycardia 

indicates a low heart rate and tachycardia a high heart rate.  

A low heart rate variability may be caused by a decrease in vagal activity and increase 

in sympathetic activity. This occurs commonly with aging. It can also be caused by 

genetic factors [107].    
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Appendix B. ECG Data Collection Manual 

B.1 Hard Ware  

The BIOPAC system [459] is shown below Figure B.1. 

 

 

 

 

Figure B.1 BIOPAC system 

 

 

 

Component 

� Data acquisition unit: MP150A-CE    x 1 

� Universal interface module: UIM100C    x 1 

� Transformer: AC150A      x 1 

� Ethernet Switch: ETHSW1         x 1 

� Cables: CBLETH1       x 1 

� ECG100C amplifier modules    x 6 

� TSD155C Multi-lead ECG Cables    x 2 

� EL503 electrodes      x 5  per subject 

� AcqKnowledge software: ACK v3.8    x 1 
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Specification 

� Aggregate sample rate: 400kHz, 

� Internal buffer size: 6M bytes, 

� A/D converter signal/noise ratio: 86 dB typical, 

� D/A resolution: 16 bits, 

� D/A output rate: independent of A/D rate, 

� Communication to PC: Ethernet 

 

B.2 Hardware Settings 

1. Connect the UIM100C to MP150. 

2. Connect the six ECG100C modules to the UIM100C, and set each module as 

follows; 

3. Channel: Set the channel switches on top of  ECG100C, starting with the 

amplifier closest to the UIM100C as 1,2,3,4,…. 

4. Set the following buttons on the ECG100C 

� Gain:   5000. 

� MODE:   NORM 

� 150HzLP:   OFF 

� HP:   0.05Hz 

 

5. Plug the TSD155C into the front panels of the 3 ECG100C as follows 

� Lead I:  first module (closest to the UIM100C) 

� Lead II:  second module 

� Chest:  third module 

 

6. Switch on BP1 & BP2 on the power point panel. 

� Turn MP150 on 

� Turn PC on 

� Log in (user name: standalone, pass word: Ntis8922) 

� Connect External HDD 

� Set LPF on the BIOBAC module to OFF (bandwidth 0.05 Hz – 5000 Hz ). 
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B.3 Electrode Connections 

Attach the electrodes as shown in Figure B.2 [113]. Secure the connection with surgical 

tapes on top of the electrodes (Figure B.3). 

Attach the electrode lead set (TSD155C) to the electrodes as follows: 

� Red:  LL left lower torso 

� Black:  LA left clavicle  

� Brown:  C chest 

� White: RA right clavicle  

� Green: RL right lower torso 

 

 

 

 

Figure B.2 Torso Electrodes Placement  
for a Standard 5 Lead ECG with V1  

 

 

Figure B.3 Securing Electrodes  
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B.4 Software Set up 

1. Click on the icon (Ack37) on the desktop. 

2. On the top task bar, click ‘File’, ‘open’. 

3.  

4. Select a file called ‘ECG_template’ in the ‘HeatStress_Lab_2006’ folder on the 

external HDD drive. 

5. Check the set up for acquisition (see 1.3.1 for details). 

6. Check the set up for channels (see 1.3.2 for details). 

 

Acquisition Set up  

7. On the top task bar, click ‘MP100’, ‘Acquisition’. 

8. Choose ‘Record’, ‘Autosave…’ ‘Disk’, set Sampling Rate to ‘2000’, and enter 

the total acquisition length (Figure B.4). 

 

 

 

 

Figure B.4 Acquisition Pop up   
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Channel Set up 

On the top task bar, click ‘MP100’, ‘Setup Channel’ (Figure B.5). 

 

Figure B.5 Channel Pop up   

 

 

To acquire ECG signals, tick ‘Analog’ (Figure B.6). 

 

Figure B.6 Input Channel Pop up (Analog) 
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To calculate the heart rate using the acquired ECG signals, tick ‘Calc’ (Figure B.7).  

 

Figure B.7 Input Channel Pop up (Calc) 

The channel allocation is as follows: 

 

Channel Name  
Channel 1 S1_Lead1 Subject 1 

Channel 2 S1_Lead2  

Channel 3 S1_Chest  

Channel 4 S2_Lead1 Subject 2 

Channel 5 S2_Lead2  

Channel 6 S2_Chest  

 

See Figure B.8 for an example. 

� Heart Rate (calculating data) 

� Noise Reduction 5-20 % (needs to be adjusted) 

� Polarisation: depends on the peak of source signal, negative or positive 

� 40-180 BPM 

� ECG Signals (analogue acquiring data) 

� Sample Rate: 2000 Hz 
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Figure B.8 Input Channel Setup Example 

 

 

 

 
Channel Name Source Channel  

Channel 0 S1_Heat Rate S1_Lead2 Subject 1 

Channel 1 S2_Heat Rate S2_Lead2 Subject 2 
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Appendix C. Session Termination Protocol 
 

For occupational health and safety reason, the following notes were placed both in the 

lab and the climate control chamber.  

Session should be terminated if…. 

The subject’s body core temperature reaches 39.5°C,  

 

The subject’s heart beat exceeds 90% of Maximum Predicted Heart Rate for  

5 min 

�Maximum Predicted Heart Rate: 220 - age 

 

or 210 BPM at any time. 

 

The subject indicates their desire not to continue,  

 

The subject feels nauseous or becomes disoriented,  

 

The subject feels pain in the chest,  

at the discretion of the investigators.  
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What to do with those subjects…. 

 

 

Take the subject out of the chamber to the air-con room 

 

Make him/her sit down (if subject is conscious) 

 

Lay him/her down (if subject is unconscious), and raise feet up a bit 

 

Put wet towel on the face, or spray him/her 

 

Use a fan to cool him/her down. 
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Call the Ambulance if…. 

 

the subject asks for an ambulance 

 

the subject shows signs of a heart attack or other serious problems 

 

the subject loses consciousness 

 

at the discretion of the investigators  

 

 





 
Appendix D. d Point Depression verses the Body Core Temperature and the Heart Rate  

 
 

 
 

ECG and APG Signal Analysis During Exercise in a Hot Environment 

 

247 

Appendix D. d Point Depression verses the Body 

Core Temperature and the Heart Rate 
 

The relationship between the d point depression (distance) and the body core 

temperature (BCT) and heart rate (HR) regarding each subject is illustrated.  
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Figure D.1 d point depression vs. Body Core Temperature (1/5) 
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Figure D.2 d point depression vs. Body Core Temperature (2/5) 
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Figure D.3 d point depression vs. Body Core Temperature (3/5) 
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Figure D.4 d point depression vs. Body Core Temperature (4/5) 
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Figure D.5 d point depression vs. Body Core Temperature (5/5) 
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Figure D.6 d point depression vs. Heart Rate (1/5) 
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Figure D.7 d point depression vs. Heart Rate (2/5) 
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Figure D.8 d point depression vs. Heart Rate (3/5) 
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Figure D.9 d point depression vs. Heart Rate (4/5) 
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Figure D.10 d point depression vs. Heart Rate (5/5) 
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